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ABSTRACT

We estimate a demand system linking 401(k) plans ownership of individual stocks
and funds to their demand for equities, and quantify the effect of 401(k) stock holdings
on investor behavior. We introduce a new variable, stock-level 401(k) ownership, and
find it to be a key determinant of investor demand, with a one standard deviation
increase in 401(k) ownership leading to 11-19% increase in stock demand. We also
estimate the equilibrium price impact of a change in stock-level 401(k) ownership to
be positive and increasing over time, consistent with the shift from active to passive
investing. Lastly, we document that funds managing a larger fraction of 401(k) assets
tilt their portfolios toward winners, high beta and long duration stocks, and they hold

less cash.
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1 Introduction

What drives fluctuations in the valuation of different asset classes? A recent and influ-
ential strand of the literature has tried to answer this question adopting a demand-based
framework, following the seminal work of Koijen and Yogo (2019). Demand-based ex-
planations linked to the role of investors” heterogeneity have been recently proposed to
explain variation in domestic equities (Koijen and Yogo, 2019), corporate bonds (Bretscher
et al., 2021), and exchange rates (Koijen and Yogo, 2020), and to analyze the shift from ac-
tive to passive investing (Haddad et al., 2022), green investments (Koijen et al., 2022),
and the portfolios of high-net worth individuals (Gabaix, Koijen, Mainardi, Oh and Yogo,
2022). A key element of the demand-based asset pricing framework is the role of the latent
demand, defined as the investor-specific demand not explicitly captured by well-known
stock and investor characteristics.

In this paper, we shed light on this important component. More precisely, using a
demand-based framework, we study the impact that 401(k) pension plans have on in-
vestors” demand for stocks, and introduce a novel variable that appears to be a key de-
terminant of investors” allocation decisions: stock-level 401(k) ownership. We then present
two channels through which 401(k) ownership might drive investors” demand for specific
stocks, and test their relevance.

The first channel through which 401(k) plans could affect the demand of individual
stocks is related to the magnitude of stock-level 401(k) ownership. The fraction of an indi-
vidual stock cumulatively owned by 401(k) plans can be seen as an additional stock char-
acteristic, similarly to book-to-market or momentum. Fund managers and other types of
investors might take into account the information conveyed by this additional stock char-
acteristic when evaluating how many shares of a specific stock to purchase. For example,
it might be that active funds prefer to deviate from their respective benchmarks by in-
vesting in stocks with more stable and long-term investors, like pension funds. Thus, we
hypothesize that the quantity of a stock cumulatively owned by 401(k) plans might affect
the demand for that specific stock. We label this the stock level channel.

The second channel through which 401 (k) allocations could impact individual stocks’



demand is by direct flows to mutual funds and ETFs, which, in turn, use that cash to
increase their equity exposure. We hypothesize that funds managing the largest frac-
tion of 401(k) assets might have more stable flows, and hence invest in different types of
stocks compared to funds managing fewer 401(k) assets, and hold less cash. For example,
some funds display a preference for stocks with high market beta (e.g., Christoffersen and
Simutin (2017), Han et al. (2022)). We label this the fund level channel.

We report several interesting findings. First, we test the stock-level channel mecha-
nism, and find that the amount of company shares owned by 401(k) plans is an important
characteristic — in fact, the most important one after size — in explaining the demand of
mutual funds and ETFs for a specific stock. In response to a one standard deviation in-
crease in 401(k) stock ownership, the average active mutual fund demands approximately
18.6% (t-stat: 11.16) more of the stock. The average active ETF also increases exposure to
the stock by 11.5% (t-stat: 10.21) for each standard deviation increase in 401(k) stock own-
ership. Importantly, stock-level 401(k) ownership appears to be distinct from other forms
of institutional ownership, such as total mutual fund (Chen et al., 2000) or largest (top 10)
investors” ownership of a stock (Ben-David et al., 2021). In fact, after controlling for these
alternative types of ownership, the magnitude of the coefficient on our stock-level 401(k)
ownership is barely affected, and so is its statistical significance. These results highlight
the unique information content of stock-level 401(k) ownership for fund managers’ deci-
sion. To the best of our knowledge, this is the first paper to highlight the specific role of
stock-level pension allocations for fund manager decisions.

Motivated by the importance of stock-level 401(k) ownership for funds” investment
decisions, we then explore the equilibrium price impact of a change in stock-level 401(k)
ownership for the cross-section of stocks, over time. We estimate the institutional price
pressure to be positive and increasing over our sample. For the median stock, the price
impact raises from 0.2 in 2007 to 0.6 in 2020. For stocks lying on the 90th percentile of
the price impact distribution, it hovers around 0.8 over our sample. We also compute the
price impact for portfolios of stocks sorted on size, book-to-market, or beta (market risk).
We find that the average price impact as a function of stock-level 401(k) has increased for

large stocks, while it has remained relatively stable for small stocks. However, we do not



observe noticeable differences for stocks sorted on book-to-market or betas, i.e., they are
equally impacted. The positive trend of price impact, which increases almost monotoni-
cally between 2008 and 2020, is consistent with the shift from active to passive investing
over the last decade documented in the literature (Koijen et al., 2022). To further validate
the direct impact 401(k) ownership has on individual stocks, we employ a matching pro-
cedure to pair stocks with similar fundamental characteristics but different levels (e.g.,
high vs. low) of 401(k) ownership. We find that stocks with positive 401(k) ownership
tend to earn 3%-5% higher annual returns than similar stocks, in terms of characteristics
and investor structure, not owned by 401(k) plans.

We also highlight the importance of stock-level 401(k) ownership by studying the im-
pact that trading by 401(k) plans has on individual stock returns using two additional
tests. Our first methodology exploits large changes in individual stock holdings by aggre-
gate 401(k) plans (Ben-David et al., 2021). We find that large changes in the holdings of an
individual stock substantially affect its contemporaneous return. A large positive position
(trade) taken by 401(k) plans in a stock generates a 12% higher return than that implied
by an average trade, followed by a partial return reversal over the next two years. Our
second test exploits the granular instrumental variable approach introduced by Gabaix
and Koijen (2022). We find that a 10% increase in the (instrumented) stock demand of
401(k) plans generates an average stock price increase of 3.6%, after controlling for stan-
dard firm-specific drivers of stock returns.

Second, we analyze the fund-level channel of 401(k) ownership, and document that
funds managing a larger fraction of 401(k) assets display greater demand for stocks. More
in detail, 401(k) fund ownership is the most important variable, after firm size, in explain-
ing how much of a stock funds demand. For one standard deviation increase in 401(k)
fund ownership, the average active mutual fund demands approximately 33.3% (t-stat:
2.91) more of the average stock, while the demand from ETFs is almost unchanged. This
test of the fund channel mechanism suggests that mutual fund managers take into ac-
count the amount of 401(k) assets they manage when deciding their portfolio allocation,
and have more discretion than ETFs managers.

To gain further insight on the relation between 401 (k) assets and fund managers’ port-



folio allocations, we then study how the investment strategies and performance of active
mutual funds are affected by the amount of 401(k) assets they manage. First, we analyze
the 401(k) asset-induced fund demand for specific stock characteristics. We find that fund
demand for stocks is heterogeneous, as a function of 401(k) fund-level ownership. Funds
managing a larger fraction of 401(k) assets tilt their portfolios toward winners, high beta
and long duration stocks, and away from large stocks. This fund behavior could, for ex-
ample, reinforce the well known betting-against-beta (Frazzini and Pedersen, 2014) and
duration anomalies. Second, we study the relative and risk-adjusted performance of a
fund as a function of 401(k) fund-level ownership. We find that a large fraction of pen-
sion assets managed by funds improves their performance in terms of relative returns,
but leaves the alpha (statistically) unaffected. This result is important: if pension plans
choose relative returns as the main criterion for investment (rather than alpha), the better
relative performance of funds with high 401(k) ownership can induce positive pension
flows, triggering a spiral effect. Furthermore, the preference of fund managers for high
beta and long duration stocks (holding alpha constant) provides support for the literature
on benchmarking and manager incentives (Baker et al., 2011; Buffa et al., 2022).

Lastly, we test whether investment funds perceive 401(k) flows to be more stable by
studying the level of their cash holdings. We find this to be indeed the case. Mutual funds
managing a large fraction of 401(k) assets have approximately 32% less cash holdings
compared to other mutual funds.

Our paper is related to the emerging demand-based asset pricing literature. Koijen
and Yogo (2019) develop the demand system approach and document that changes in
latent demand (e.g., characteristics unobserved by the econometrician) are explaining 81
percent of the cross-sectional variance of stock returns. Bretscher et al. (2021) and Gabaix
et al. (2022) estimate a demand system for corporate bonds and for high-net-worth in-
vestors, respectively. Koijen et al. (2022) use the demand-based system to study the im-
pact of market trends, such as the shift from active to passive investing or the increased
demand for green firms, on price informativeness. Haddad et al. (2022) investigate the
effect of the switch to passive investing, and document that this behavior has led to sub-

stantially more inelastic aggregate demand curves for individual stocks. Focusing on



mutual funds, Ben-David et al. (2022b) show that their ratings generate correlated de-
mand that creates systematic price fluctuations. Furthermore, exploiting a reform to the
Morningstar rating system, Ben-David et al. (2022a) also document that demand effects
generated by institutional frictions can influence systematic return predictability patterns
in stocks and mutual funds.

Our contribution to this strand of the literature is to highlight the unique relevance
of stock-level and fund-level 401(k) ownership in driving fund managers’ investment
decisions.

Our paper is also related to the literature on risk preferences and shifting of fund
managers. Christoffersen and Simutin (2017) show that funds controlling large pension
assets tend to increase their exposure to high beta stocks. Differently from this paper, we
estimate the stock demand of funds as a function of 401(k) plan ownership, controlling
for stock characteristics. Han et al. (2022) document that underperforming funds increase
their demand for risky stocks. Our contribution relative to this study is to emphasize
the role of 401(k) defined contribution pension assets in determining fund managers’ risk
profile, e.g., the types of stocks demanded by fund managers. Dou et al. (2022) show that
active funds care about their size, which is affected by fund flows that obey a strong factor
structure with the common component responding to macroeconomic shocks. They find
that high-flow-beta stocks earn significantly higher excess returns and higher capital asset
pricing model (CAPM) alphas in the cross-section. Relative to their work, we document
that a key component of fund size is determined by 401(k) plans allocations, and that
401(k) ownership affects the types of stocks preferred by fund managers.

Lastly, our paper is also related to the literature on pension plans. Sialm and Starks
(2012) study the investment strategies and performance of funds held primarily by re-
tirement accounts versus those held by taxable investors. They do not find performance
differences between funds held by different tax clienteles. In contrast to their paper, we
document that a large fraction of pension assets managed by a fund influences its per-
formance and asset selection. Sialm et al. (2015) study the investment menu of pension
plans, and find that flows into funds from defined contribution (DC) assets are less sticky

and more sensitive to fund performance than non-DC flows, because of adjustments to



the investment options by the plan sponsors. They document that plan participants ex-
hibit inertia and do not react sensitively to prior fund performance. Pool et al. (2016)
study whether mutual fund families acting as service providers in 401(k) plans display fa-
voritism toward their own affiliated funds, and find that fund deletions and additions are
less sensitive to prior performance for affiliated than unaffiliated funds. Differently from
both studies, we do not focus on investment menu offered by plans, but directly estimate
the demand of individual stocks by funds offered in 401(k) menus using a demand-based
framework. Our quantification of the price and return impact of the stock-level channel
of 401(k) ownership constitutes a unique contribution to this literature.

Moreover, whereas Sialm et al. (2015) and Christoffersen and Simutin (2017) rely on
survey data about DC assets from “Pensions & Investments” (P&I) administered to do-
mestic equity funds, we instead observe the actual 401(k) plan holdings using a novel
dataset, Brightscope. Using the same data, Egan et al. (2021) address a different re-
search question, and document heterogeneity in investment behavior of 401(k) partici-
pants, showing that higher income and more educated individuals tend to have higher
equity exposure, whereas retirees and minorities tend to have lower equity exposure.

The remainder of the paper proceeds as follows. Section 2 describes the institutional
framework and the data used in the paper, while Section 3 introduces our demand-based
framework and our testable hypotheses. Section 4 and Section 5 present the stock and

fund level results, respectively. Section 6 concludes.

2 Data

2.1 Data Sources

Our 401(k) plan holdings data comes from BrightScope Beacon. BrightScope Beacon pro-
vides comprehensive plan-level holdings data gathered from audited Form 5500 filings
of private-sector defined contribution (DC) plans from 2007 to 2020. We focus exclusively

on 401(k) defined contribution plans in this paper.! BrightScope reports annual data on

!BrightScope Beacon also provides holdings for 403(b) plans, although their total market value is small
relative to that of 401(k) plans.



the investment options (e.g., mutual funds) available to plan participants together with
the total dollar amount invested in each option. In other words, for each 401(k) plan,
we observe its asset allocation on equity mutual funds (including ETFs), allocation funds
(including TDFs), bond mutual funds and other types of assets (e.g., trusts and common
stocks), over time. The dataset covers 708,929 different 401(k) plans over the period 2007-
2020, resulting in more than 8 million fund-by-plan-by-year observations. In addition,
data on fund names, fees, and tickers is also available.

Mutual fund holdings and characteristics, such as their expense ratio, category, fund
domicile, investment type (e.g., ETF flag), AUM, and tickers, are obtained from Morn-
ingstar Direct.” We match mutual funds in 401(k) plans with Morningstar by fund tickers
and names.’

Given our interest in the impact of 401(k) plans on US stocks, we focus on domestic
equity mutual funds. Specifically, we keep mutual funds with equity ratios greater than
0.75 and remove non-US equity funds based on the Morningstar fund domicile variable.*
We also require funds to have at least 3 years of holdings data. We include only equity
mutual funds and ETFs directly owned by 401(k) plans.> Our final dataset comprises a
total of 2,156 funds, split between 1,763 mutual funds and 393 ETFs.

Lastly, we supplement the Morningstar holdings data with stock data from CRSP and
Compustat. In our empirical analysis, we use the same stock characteristic as in Koijen
and Yogo (2019), namely, log book equity, profitability, investment, dividends-to-book
equity and market beta, in addition to the instrumented log market-to-book ratio, as in

Koijen et al. (2022). Profitability is defined as operating profits scaled by book value of

Morningstar provides exhaustive mutual fund holdings compared to other mutual fund holding
databases, such as CRSP. Schwarz and Potter (2016) find that CRSP misses many SEC mandated portfo-
lios available in SEC filings.

3More precisely, we map mutual fund tickers in BrightScope Beacon to Morningstar mutual fund ID
(variable: fundid) when tickers are available in both datasets. When fund tickers are missing in either
dataset, we match mutual funds by their names. We match 98.2% of mutual fund allocation in retirement
plans, or a total of 3,182 mutual funds and ETFs.

* Additionally, we remove mutual funds whose portfolio weights reported by Morningstar are different
from the correct portfolio weights calculated using holdings values and total net assets, as in Péstor et al.
(2015).

STarget-date funds also invest in mutual funds and ETFs, but their rebalancing between equity and
bonds is mechanical as a function of fund age. Hence, we only focus on funds directly selected by 401(k)
pension plans.



equity, investment as the annual growth rate of total assets, and dividends-to-book equity
as the ratio of annual dividends to book equity. Stock market beta is estimated using a
60-month rolling window regression of monthly stock excess returns, over the 1-month
Treasury-bill rate, on market excess returns, with at least 20 months of non-missing ob-
servations. Fund TNAs are winsorized at the 99th percentile at the end of every year to
limit the impact of outliers. Internet Appendix C describes the data cleaning procedures

in detail.

2.2 Descriptive Statistics

Figure 1 displays the allocation of 401 (k) plans to the various investment categories. These
include direct ownership of individual stocks, separate accounts, guaranteed investment
contracts (GIC),°® mutual funds (including ETFs) and collective investment trusts (CIT).

Collective investment trusts (CIT), the second largest component, averaging 24% of
401(k) assets under management over our sample period, are pooled investment vehicles
established by banks or trust companies, that are only available to defined-contribution
(DC) plan participants when the CITs are included as options in the DC plan menu.” The
Goldman Sachs Core Plus Fixed Income (bonds) and T. Rowe Price Blue Chip Growth
Trust (equity) are two examples of CIT options offered by large financial companies to
DC plan sponsors.

The mutual fund category, which also includes ETFs, is the largest component com-
prising, on average, 43% of the total 401(k) assets. Figure 2 decomposes this category
into five groups: US equity ETFs, US equity mutual funds, US index funds, allocation
funds, and others. Allocation funds include target-date funds and balanced funds invest-
ing in a mix of equity and fixed income assets, while international mutual funds, bond

mutual funds, money market mutual funds, and alternative investment funds are pooled

®GICs are agreements between an investor and an insurance company, typically available in retirement
plans, whereby the insurance company guarantees the investor a certain rate of return in exchange for
holding the deposit for a fixed period of time.

"Differently from mutual funds, CITs are not required to publicly disclose holdings. Moreover, while
mutual funds can be bought by most investors through, for example, a brokerage firm, 100% of CIT assets
linked to a DC plan can only be owned by DC participants. Therefore, even if the holdings were available,
we would not be able to estimate the marginal impact of 401(k) ownership on CITs demand for stocks since
there is no cross-sectional variation in 401(k) ownership across CITs.

8



together in the “Others” category. US index funds include mutual funds and ETFs that
are index-tracking.®

Our focus is on the two remaining groups, active mutual funds and ETFs investing
in US equities. We observe a substantial increase in mutual funds (orange bar) and ETFs
(green bar) assets over time, with the former (latter) totaling around $0.63tn ($32bn) in
401(k) as of 2020. Active ETFs assets inside 401(k) plans are still somehow limited, but
they are growing at the fastest rate over the last 5 years. In fact, the annual growth of ETF
investments by 401(k) plans amounts to 16% over the last five years, and 25% over the
period 2007-2020.

Table 1 reports the cross-sectional distribution, across years, of some 401(k) plan char-

01k indicates the fraction of assets of an individual fund

acteristics. The first variable, I
owned collectively by 401(k) plans. We observe that around 8% of fund assets are owned,
on average, by 401(k) plans, making 401(k) plans among the largest fund investors. The
second row shows that 401(k) plans represent large investors also when we focus onto
the universe of active mutual funds. Most importantly, the dollar amount invested by a
given 401(k) plan in a specific fund, as a fraction of the total plan assets, is quite persis-
tent. When looking at the top 25% of the plan-fund distribution, we observe an annual
autoregressive coefficient of 0.82. The fifth row displays the size distribution across 401(k)
plans. We find that the average 401(k) plan size is around $92mn, while the median is only
$11mn, suggesting that the cross-sectional distribution is extremely right skewed, consis-
tent with Egan et al. (2021). The last three rows report 401(k) plans” dollar allocation to
index funds, active US equity mutual funds, and ETFs, respectively, and show that 401(k)
plans invest substantially more in mutual funds than ETFs over our sample period, while
allocating a relevant fraction of their assets to equity index funds.

Figure 3 shows the cross-sectional distribution of fund-level 401(k) ownership, I O;‘/?lk,
over time. We notice that the variable is stationary, even at the 75th percentile of the

distribution, where it fluctuates between 6% and 12%.

8Specifically, we define index-tracking ETFs as large cap ETFs that track the S&P500 index (based on
Lipper code: “SP”, S&P 500 Index Objective Funds). We define index mutual funds according to the Morn-
ingstar classification (e.g., index funds and enhanced index categories).
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Figure 1: 401(k) plan assets. This figure shows the distribution of 401(k) plan assets into the various investment
options, over time. Annual data, from 2007 to 2020.
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Figure 2: Distribution of assets within the mutual fund category. This figure plots the value of 401(k) mutual
fund investments split into various subgroups. Allocation funds are balanced funds investing in a mix of fixed
income assets and equities depending on their objective, e.g., target-date funds. US equity mutual funds and
ETFs include all active domestic equity funds. US equity index funds include both mutual funds and ETFs that
are index-tracking. The category “Others” includes bond mutual funds, international equity mutual funds,
money market funds and alternative investment funds.
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Figure 3: Fund-level 401(k) ownership over time. This figure shows the cross-sectional distribution of fund-
level 401(k) ownership over time. Annual data, from 2007 to 2020.

3 Estimating the Impact of 401(k) Plans on Stock Demand

As discussed in Section 2, 401(k) plans invest a substantial amount of assets in equity
mutual funds and ETFs. In this section, we outline how we adapt the asset demand
framework of Koijen and Yogo (2019) for our purpose, and highlight the two main chan-
nels through which retirement plan allocations can impact the demand of mutual funds

and ETFs for individual stocks.

3.1 Model

We extend Koijen and Yogo (2019), and define the demand curve of investor i for stock n

as:

Ziiigi = exp {bo,i,t + Bo,imbi(n) + B1 ;X¢(n) + ,leilOfft)lk(n)} € 1(n) (1)

where mb;(n) is the log market-to-book equity of asset n at time t, X;(n) is a vector of
k observed characteristics of asset n at date f, and w;;(0) is the portfolio weight on the
outside asset. As in Koijen and Yogo (2019), we include log book equity, profitability, in-

vestment, dividend-to-book equity, and market beta as characteristics. In addition to the
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aforementioned stock characteristics, we augment the original model in Koijen and Yogo
(2019) with one additional variable, potentially capturing variation in investor demand:
401(k) ownership of either the individual stock n (denoted I0#°%(n)), or the investor i
(denoted I O?/?lk).

Following Koijen and Yogo (2019), we assume throughout that stock characteristics

are exogenous to latent demand,
E, [ei,t(n) | X¢(n), IO%(n), Io;{fglk] ~1. )

By explicitly controlling for variables such as book-to-market and profitability in the re-
gressions, and instrumenting market equity as in Koijen and Yogo (2019) (see next para-
graph), we limit potential endogeneity concerns for the fund-level 401(k) ownership. In
other words, stock-specific characteristics that affect the behavior of fund managers, other
than those explicitly used as regressors in the model, are unlikely to affect the allocation
of 401(k) plans to funds, and their choice of individual stocks. However, 401(k) plans may
select funds based on fund-specific characteristics, such as the fund style (e.g., “growth”),
its manager, and the size of the fund. Section A.2 provides robustness tests for the exo-
geneity of the fund-level 401(k) ownership along these additional dimensions.

Nevertheless, latent investor demand is likely correlated with a stock’s market capi-
talization, i.e., E; [e;;(n) | me;(n)] # 0, because some investors are large and their indi-
vidual latent demand affects stock prices.” Hence, the model in (1) delivers biased and
inconsistent estimates.

We therefore construct an instrument z; ; (1) for the endogenous market capitalization.
Specifically, we follow Koijen et al. (2022) and use exogenous variation in investors’ in-
vestment mandates to generate exogenous variation in demand. Let §;; denote the set of
stocks held in period t and assume that any stock that investor i holds during the current
year, or any of the previous 11 quarters, is part of her choice set, Nj; = U?_,S;;_x where

k is expressed in years.!”

9Market equity is the numerator of log market-to-book equity.
0For each fund i, the outside asset includes the complement set of stocks, those not in the investment
universe.
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Note that if n ¢ N, it means that stock n is part of the outside asset for investor
i at time . When w;;(n) = 0, stock n belongs to the investment universe of investor
i, but she does not hold the stock at time ¢, hence the characteristics-based demand in
(1) is able to account for zero holdings of a stock. In order to construct an instrument
that relies only on the fund investment universe, but not on the exact investor i holdings
within the investment universe, we compute counterfactual market equity z;;(n) (ie.,
the instrument) as if investors held an equal-weighted portfolio of all the stocks in their

investment universe, and excluding the investordAZs own holdings:!!

11’16N‘f
zi+(n) =log (Z Aj,t—]'
1+ N

where 1,,¢c 7, is an indicator function equal to one if the stock n belongs to investor j’s
choice set j\f]-,t, A; denotes the dollar assets owned by investor i at time ¢, and \/\/}t|

denotes number of stocks in an investoraAZs choice set.'2

3.2 Economic Channels

The first channel through which 401(k) plans affect the demand of individual stocks is
by ownership of the stock itself.!> We can think of the fraction of a stock held by 401(k)
plans as a stock characteristic, similarly to book-to-market or momentum. Fund managers
might take into account the information embedded into this additional stock character-
istic when evaluating how many shares of a specific company to purchase.'* In other
words, the total percentage ownership of a stock by 401(k) plans might affect fund de-
mand for that specific stock. We study this channel, labeled the stock level channel, in
Section 4.

The second channel through which 401(k) allocations affect individual stock demand

Since we focus on US equity mutual funds and ETFs, we use their investment universe. Specifically,
the summation in z; ;(n) spans all the mutual funds and ETFs that are held by retirement plans.

12 Although there are |NVj ] 4 1 assets including the outside asset, there are only |V ;| degrees of freedom
implied by the budget constraint, since asset weights must sum to unity.

13We only focus on indirect ownership, e.g., through funds, since direct stock ownership by 401(k) plans
of individual stocks is usually negligible.

4nstitutional ownership of a stock is a characteristic known amongst investors; in particular, 401(k)
plans ownership can be retrieved by public filings or third party data providers.
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is by direct flows to mutual funds and ETFs, which, in turn, use that additional liquidity
to increment their equity exposure. Since 401(k) plans tend to be low turnover investors,
especially relative to other types of institutional investors such as hedge funds, mutual
funds and ETFs managing a larger fraction of 401(k) assets might have a more stable in-
vestor base.!”> As a consequence, they might invest in different types of stocks compared
to funds managing with fewer 401(k) assets, all else being equal. In other words, the “in-
vestor base” of mutual funds and ETFs might affect funds” asset allocation decisions, e.g.,
funds may increase exposures to specific stock characteristic (Christoffersen and Simutin,
2017), opting perhaps for riskier bets. We study this channel, labeled the fund level chan-
nel, in Section 5.

Koijen and Yogo (2019) highlight the importance of latent asset demand, defined as the
component of the demand function unexplained by the model covariates. We conjecture
that an important component of the variation in this latent asset demand is attributable
to the two economic channels described above, e.g., the fraction of stock n owned in
aggregate by 401(k) plans, and the fraction of fund i’s assets under management owned

by all 401(k) plans at time ¢. Next, we estimate the magnitude of these demand effects.

4 Stock Level Channel

We start our analysis by studying the relevance of 401(k) ownership at the individual
stock level. This firm-specific characteristic, similarly to, for example, book-to-market or
beta, might help explain how much of a stock is demanded by funds. In other words, fund
managers may be more or less inclined to accumulate a position in a stock if they know it
is largely owned by 401(k) plans. For example, if fund managers believe 401(k) allocations
to funds to be stable,'® and individual fund allocations do not drastically change over

time,!” then a larger stock ownership by 401(k) plans could signal potential stability in the

15Recall from Section 2 that the top quartile of 401(k) plans have allocations to funds that are persistent
in percentage terms, with an annual autoregressive coefficient greater than 0.8.

16401(k) plans have persistent fund allocation in terms of proportions of assets under management, see
Section 2.

7This is consistent with the presence of investment mandates. For example, Table 1 in Koijen and Yogo
(2019) reports that, across institutions, more than 82 percent of stocks currently held by an institution were
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stock investors’ base as well. To this end, we calculate the fraction of stock n cumulatively

owned by 401(k) plans:

Y [O3 ¥ wwj s (n) x AUM;,

401k _
Iot (I’l) MEt(n) (3)

where [ O;L,(t)lk is the fraction of fund j owned by all 401(k) at the end of year ¢, w;;(n)
denotes the portfolio weight of equity fund j on stock 7 at the end of year t, AUM,;,
denotes the assets under management (size) of fund j, and ME;(n) is the market value of
stock n. In other words, this variable represents the total ownership of stock n by 401(k)
plans through both mutual funds and ETFs.

We then estimate the following panel regression:

log (thEgD = bo + Boimbi(n) + B1Xe(n) + 2O (n) + iy + i (n) @)
it

where the dependent variable represents the demand of stock n by fund i at time t with
respect to the outside asset, mb;(n) is the log market-to-book equity of firm n at time
t, X¢(n) is a vector of controls that includes the firm-specific characteristics specified in
Koijen and Yogo (2019), and I O"ioi}f(n) is the fraction of stock n cumulatively owned by
401(k) plans through funds, excluding that owned by fund i. Note that by excluding
investor i from the 1079 (1) regressor in (3), we are studying how the portfolio choice of
fund i is influenced by the stock-level 401(k) ownership through all other investors, thus
reducing possible endogeneity concerns.'® In addition to the variables used in Koijen and
Yogo (2019), we also report results controlling for two additional stock characteristics that
potentially impact fund demand for individual stocks: the fraction of a stock owned by
the top ten investors (Ben-David et al., 2021), and a stock’s total mutual fund ownership.

Table 2 shows the results from the panel regression (4) for the entire universe of funds
(columns (1)-(3)), mutual funds (columns (4)-(6)), and ETFs (columns (7)-(9)). We re-

port two-way (funds and time) clustered standard errors. Fund-stock observations are

also held in the previous quarter.
8Excluding investor i from the summation also addresses the concern that a stock owned only by one
fund (a quite unlikely case) drives the results.
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Figure 4: Coefficients on 401(k) ownership. This figure shows the annual coefficient in equations (4) (stock
level, left) and (10) (fund level, right) and on 401(k) ownership, separately for mutual funds and ETFs, estimated
by pooled OLS using assets under management as weights. The regression is estimated annually, and it includes
fund-level fixed effect in the left panel. Variables are standardized (within each year) to make coefficients
comparable. We multiply the coefficients on 401(k) ownership by 100, so that they can be interpreted as the
percentage change in demand per one standard deviation change in the characteristic. The sample period is
from 2007 through 2020.

AUM-weighted. Furthermore, to properly compare regression coefficients, we standard-
ize all variables. Across specifications, the coefficient on stock-level 401(k) ownership,
I Ofmk (n),is positive, it ranks second in terms of magnitude after size (among the charac-
teristics included in X¢(n)), and it is statistically significant even after controlling for well
known drivers of expected returns such as market beta, book-to-market, and profitability.
This result highlights the relevance of stock-level 401(k) ownership as an important char-
acteristic for fund allocation decisions. The coefficient for the universe of funds (0.149,
t-stat=18.95, column (1)) is mostly determined by mutual funds. Indeed, mutual funds
display a loading on stock-level 401(k) ownership of 0.186, which is sixty percent greater
than that of ETFs, equal to 0.115.1 Controlling for stock ownership by the top ten in-
vestors, or total mutual fund ownership of a stock, does not affect our results, highlight-
ing the uniqueness and relevance of 401(k) stock-ownership with respect to other types
of institutional ownership.?’

The left panel in Figure 4 shows the evolution of the coefficient on stock-level 401(k)

YTable A.1 reports the same results without weighting the observations by the fund AUM. The coeffi-
cients for mutual funds and ETFs are 0.122 (¢-stat=11.07) and 0.082 (t-stat=7.80), respectively, thus confirm-
ing a stronger effect for the former.

20In Internet Appendix B.1 we verify that our stock-level 401(k) results are robust to using s34 data instead
of Morningstar.
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ownership, I O‘foi}tk(n), over time.?! The coefficient is always larger and more volatile for
mutual funds than for ETFs; in general, the magnitude of the coefficients are in line with
the values reported in Table 2. Panel A of Table 3 reports estimates from the GMM estima-
tion of the non-linear version of equation (4). The result shows a positive on stock-level
401(k) ownership of 0.25 — the second largest within the set of characteristics X¢(n) — sta-
tistically significant at the 1% level (t-stat: 25.49).

Next, we study the equilibrium price impact of stock-level 401(k) ownership.

4.1 Equilibrium Price Impact of 401(k) Plans

In this section we quantify the equilibrium price impact of a change in 401 (k) stock-level

ownership for firm n, accounting for the trading of all investors. Specifically, we estimate

dpt(n)
10 7)

)
where p is the log price of stock n. Following Koijen and Yogo (2019) and Noh and Oh
(2020), this derivative can be computed analytically, at any time ¢, as the diagonal ele-

ments of the matrix M:%2

1
M= (I - Z,BO,iAiH_lci> (Z,Bz,iAiH_lci> , (6)

where we recall that Bg; is the loading of investor i on market-to-book, and f,; is the
coefficient on 401(k) ownership (see equation (1)). The matrices H = Zle A;diag (w;)
and G; = diag (w;) — w;w/ instead do not depend on estimated parameters, but only on
investors” weights w. Finally, A; denotes the assets under management of investor i.

The n-th diagonal entry of M, M, ,, captures two effects. First, the matrix inside the
inverse in equation (6) is the aggregate demand elasticity (Koijen and Yogo, 2019), and its

diagonal elements are strictly positive when B ; < 1 for all investors. If a firm is held by

2lFigure A.1 shows the coefficients on the other covariates.

22To compute this expression one has to exploit the identity p = log (¥; A;w;) — s (where s denotes the
vector of shares outstanding) which holds by market clearing. See Appendix A in Noh and Oh (2020) for
additional details.
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less price elastic investors, then the firm price will react more due to institutional demand

for the 10?9 (1) characteristic. Second, the n-th diagonal entry of the matrix outside the

Li PoiAiwi(n) (1—w;i(n))
Xi Aw;(n)

of the coefficients on the 401(k) stock-level ownerhship (multiplied by 1 — w;(n)). This

inverse can be written as

, and represents an AUM weighted average

implies that the price pressure is larger if a firm faces owners that are large and exhibit
a high coefficient on the I0#"'¥(n). In other words, the institutional price pressure that
a given firm n receives due to a change in the level of 401(k) ownerhship is a weighted
average of 10#°%(n) coefficients of its institutional owners, adjusted for their demand
elasticities.

To compute the price impact M,, , we need to consider the entire investor universe, i.e.,
not only mutual funds and ETFs. To this end, we use data on institutional common stock
holdings from the Thomson Reuters Institutional Holdings Database (s34 file). We follow
the Koijen and Yogo (2019) classification of institutions into six types (ie., i = 1,...,6):
banks, insurance companies, investment advisors, mutual funds, pension funds, and
other 13F institutions. We recall that the s34 file provides a different level of granular-
ity relative to our analysis in Section 4, since it reports aggregate holdings at the investor
level (e.g., for all funds managed by Fidelity).?>

Figure 5 displays the two key ingredients required to compute the price impact: the
coefficient on book-to-market driving demand elasticities (Panel A) and the coefficient
on 401(k) stock-level ownership (Panel B) for each of the six groups of investors. These
coefficients are estimated year-by-year by GMM, accounting for zero holdings, under mo-
ment condition (2).2* We confirm the results in Koijen and Yogo (2019) that mutual funds
have less elastic demand than investment advisors for most of our sample period, and
that insurance companies and pension funds have become less elastic over time. The co-

efficient in Panel B captures institutional demand for 401(k) stock-level ownership. When

Z’Mindful of potential gaps in coverage of institutional holdings in the s34 files, we validate our price
impact results by replacing s34 data with data on 13F filings from Backus et al. (2021) in Internet Appendix
B.2.

24To obtain the price impact, we estimate the coefficients as in Koijen and Yogo (2019). For institutions
with more than 1,000 stocks in their holdings, we estimate coefficients by institution. For the remaining
institutions, we group them by type (e.g., mutual funds) such that on average each group holds 2,000
stocks at any point in time. Variables are standardized within each institution (or group) and for each year.
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positive, it implies that investor i allocates at time + more weight to stocks with higher
401(k) ownership, controlling for other stock characteristics. We see that mutual funds,
banks and insurance companies tilt their portfolio toward stocks with high-level of 401(k)
ownership more than other types of institutions. In contrast, investment advisors do not
manifest such a tilt. Interestingly, the tilt of pension funds toward stocks with high level
of IO (1) increases over our sample period suggesting an intricate relation between the
sample of funds offered by 401(k) plans, their holdings, 401(k) plan investor preferences,
and the type of individual stocks preferred by pension plans (e.g., green stocks). Finally,
the evidence in Panel B for investors other than mutual funds emphasizes the relevance
of stock-level 401(k) ownership as an important characteristic while further alleviating
endogeneity concerns: we use stock holdings of banks, insurance, etc. as left hand side
variables, while we employ only mutual funds and ETFs holdings in the construction of
our stock-level 401k ownership (right hand side variable).

Given estimates of By;; and B, ;; for each investor, we can calculate, each time pe-
riod ¢, the firm-level institutional pressure with respect to 401(k) ownership. The top left
panel in Figure 6 shows the cross-sectional distribution of price impact across all stocks.
The aggregate price impact for the median stock (solid black line) has generally increased
over time, and the cross-sectional spread has also significantly expanded over our sam-
ple period. The stronger effect over time can be related to the shift from active to passive
investing of the last decade, since equation (6) highlights that the presence of more inelas-
tic investors results in larger price pressure. A one standard deviation increase in 401(k)
ownership, around 1% in 2007 and 2% in 2020, leads to a price impact (for the median
stock) slightly less than 20 percent in 2007 and of about 60 percent in 2020. The remaining
panels display the aggregate price impact for extreme quintile portfolios of stocks sorted
on book-to-market (top right panel), market beta and size (bottom left and right panels,
respectively). We observe that the average price impact has increased for large stocks
with a sharp jump in 2015, while it has remained relatively stable for small stocks. This
resonates well with Haddad et al. (2022) who find that investor elasticities are lower for

larger stocks (i.e., investors are more reluctant to change their positions for large stocks
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Figure 5: Price impact: relevant coefficients. This figure shows the annual coefficient on log market-to-book
(top panel) and stock-level 401(k) ownership (bottom panel) for financial institutions in Thomson Reuters hold-
ing (s34) estimated annually by GMM with zero weights. Variables are standardized (within each year) to
make coefficients comparable. We report the cross-sectional mean of the estimated coefficients by institution
type, weighted by assets under management. The coefficient on 401(k) ownership is multiplied by 100. The
sample period is from 2007 through 2020.

than for small stocks), given tracking error concerns.?’

2In the U.S. stock market, large corporations like Apple make up a substantial fraction of total market
capitalization and, as a consequence, a large change in those portfolio weights would cause a substantial
impact on an institution’s total portfolio return.

20



Institutional price impact

Institutional price impact

0.8

0.6

0.4

0.2

0.0

0.7

0.6

0.5

0.4

0.3

0.2

All stocks in the universe High BM stocks vs. Low BM stocks

= = 10th percentile .- = = High BM
= Median .
==+ 90th percentile /

N
o o o
o ~ (o]

Institutional price impact
o
(6]

0.4
0.3
R ——————
”’— ~~~___~—_’¢" SO 0.2
-
2008 2010 2012 2014 2016 2018 2020 2008 2010 2012 2014 2016
Year Year
High Beta stocks vs. Low Beta stocks Large stocks vs. Small stocks
= = High Beta I —— Large stocks
= |Low Beta = Small stocks
0.8
k]
@
Q
£
8
206
o
©
c
k)
s
= 04
1]
£
0.2
2008 2010 2012 2014 2016 2018 2020 2008 2010 2012 2014 2016
Year Year

Figure 6: Institutional price impact. This figure shows the price impact of a change in the stock-level 401(k)
ownership estimated through the diagonal elements of the matrix M defined in (6). The top left panel shows
the 10th percentile, median and 90th percentile of price impact across all stocks. The remaining panels plot the
average price impact across the stocks in the top quintile and bottom quintile of portfolios sorted on (top right),
beta (bottom left), and size (bottom right), using NYSE break points as cutoffs.
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We do not observe noticeable differences for stocks sorted on book-to-market or be-
tas, which suggests that our 401(k) ownership variable provides additional information
that is not subsumed by well-known stock characteristics. For book-to-market and betas-
sorted portfolios, we again observe a positive low-frequency trend of price impact from
2008 to 2020. However, we also observe an interesting cyclical pattern around this trend,

particularly for value and high-beta stocks.

4.2 Matched Sample of Low and High Stock-level 401(k) Ownership

In Section 4, we estimated the impact of 401(k) plans for individual stock demand using
the framework of Koijen and Yogo (2019). In this section, instead, we quantify the direct
impact 401(k) ownership has on individual stock returns by employing a matching anal-
ysis: we compare otherwise identical stocks that only differ by 401(k) ownership, and
analyze their return dynamics. In other words, we match pairs of similar stocks together,
one displaying positive 401(k) ownership (the treated stock), while the other not owned
by 401(k) plans (the control stock). This matching exercise allow us to evaluate whether
stocks belonging to the treatment and control groups, which are otherwise identical, per-
form differently.

We start our analysis identifying, every year, the largest institutional investor for each
stock (e.g., Blackrock, Fidelity, etc.).?® For each stock, we end up with a time series of its
largest institutional investor. We then count the number of times each investor is ranked
as the top one across all stocks and years, and extract the top ten investors’ names. This
list includes Blackrock, Vanguard, Fidelity, Dimensional Fund Advisors, among others.

Next, for each of these ten investors, we select the subset of stocks for which this in-
vestor (e.g., Vanguard) is the largest. Within this subset of stocks, we match stocks with
positive 401(k) ownership (treated stock) with a comparable group made of stocks with-
out 401(k) ownership (control stock). Comparable stocks share the same largest investor
(e.g., Vanguard), and have similar (i) portfolio weights in the largest investor’s portfolio;

(ii) size; (iii) book-to-market. More precisely, we sort the candidate “matching” stocks

26Since 13F holdings are quarterly, we select the investor ranked at the top most of the quarters within a
year. If there is a draw, we select the largest investor in terms of AUM.
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on the difference between their market capitalization and the treated stockdAZs market
capitalization. This generates a “market cap rank,” where the candidate stock with rank
=1 has a market cap closest to the one of the treated stock. We repeat the same ranking
methodology with respect to the book-to-market. We then select the stock with the small-
est sum of market cap and book-to-market ranks for each treated stock, every year, and
include the “matched” stock in our control group.

We repeat the above matching procedure for each stock owned by all of the ten largest
investors. Lastly, we estimate a panel regression of annual returns of the matched pair
of stocks on a treated dummy variable and various stock-level controls. Controls include
lagged size, book-to-market, beta, and momentum. Standard errors are double clustered
by stock and time.

Panel A of Table 4 report the average characteristics of matched sample, while Panel
B the regression results. The coefficient on the “treated dummy” is slightly above 5%
in a specification without controls, and around 3.2% after controlling for main drivers
of cross-sectional return variation, such as beta, book-to-market, log market equity and
momentum. In other words, stocks with positive 401(k) ownership tend to earn 3%-5%
more than similar stocks — in terms of characteristics and investor structure — not owned

by 401(k) plans.

4.3 Price Impact of Trades by 401(k) Plans

Next, we study the impact of trading by 401(k) plans on individual stock returns. Sim-
ilarly to Ben-David et al. (2021), for each stock-year pair, we calculate the percentage
change in shares held by 401(k) plans. Then, we construct a large (small) trade dummy for
401(k) plans if the stock is in the top (bottom) quintile of the cross-sectional distribution
of 401(k) trades for the year. We repeat the same exercise for the cumulative ownership of
the top ten investors in every stock. By focusing on large changes in holdings of a stock
by 401(k) plans, we identify positions that are actively traded, where the price impact of
pension plans might be more relevant.

We then run a regression of individual annual stock returns on actively and non-

actively traded 401(k) and top10 investors dummies, controlling for log size and time
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Figure 7: 401(k) Plans: Trades in Individual Stocks. This figure plots the cross-sectional distribution of 401 (k)
plan trading in individual stocks, defined as the percentage changes of shares in holdings by all 401(k) plans.
Annual data, 2008-2020.

tixed effects.

Table 5 reports the estimates of the regression using contemporaneous returns (columns
1-3), 1-year ahead returns (columns 4-6), and cumulative 3-year ahead returns (columns
7-9). The results show that large holdings changes by 401(k) plans have a contempora-
neous positive effect on individual stock returns. Quantitatively, a large position taken
by 401(k) plans into a stock generates a contemporaneous annual return 12% higher than
that obtained following a “normal” size trade by 401(k) plans. This evidence suggest that
trading by 401(k) plans has a positive price impact on individual stocks. We also notice a
return reversal of around 2% in the next year following large trading in individual stocks
by 401(k) plans. This return reversal continues over the subsequent two years, but it is
limited in magnitude, resulting in a permanent price impact caused by 401(k) large trades
of more than 2% (e.g., 11.3%-9.5%).

Figure 7 shows the distribution of 401(k) large holdings changes across stocks, ev-
ery year. Except during the Global Financial Crisis, where most 401(k) plans under-
weighted equities, 401(k) plans have not increased their exposure to the average stock
over time. However, they do (indirectly) trade, as evidenced by the top and bottom quar-

tile of change in holdings.
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4.4 Price Impact of 401(k) Plans Demand: A Granular Instrumental
Variable Approach

The previous section has documented a relation between the trading activity originated
by 401(k) plans and stock returns. However, 401(k) demand for stocks is endogenous, as
it is potentially related to other stock-characteristics impacting individual stock prices. To
address this concern, we use the granular instrumental variable (GIV) approach of Gabaix
and Koijen (2022).

Specifically, similar to Fan et al. (2022), we define the value-weighted 401(k)’s demand

for individual stocks as

Demand VW () — I\jtz(’;) w;y_1(n) X Sharesi,é ;r;)re—Si’S:l?(rreji,H(n) 7)
where N;(n) is the total number of 401(k) plans that own stock 7 at time t, and the weight
w;t—1(n) is the fraction of stock n owned by 401(k) plan i at the end of the previous year
t —1, e.g., the ratio of the shares of stock n held by 401(k) plan i divided by the sum of all
shares of stock n cumulatively held by 401(k) plans:

Shares; (1)
y N Shares; (n)
j=1 It

wi(n) =

We also compute the corresponding equally-weighted demand as:
Ntz("j) Shares; ;(n) — Shares; ;_1(n)
Shares; ;1 (1)

(8)

1
Dema11d401(k)’EW n) =
t ( ) Nt(ﬂ)

i=1

To estimate the relationship between (value-weighted) demand originated by 401(k)

plans, Demand;wl(k)’vW (n), and individual stock returns, we run the following stock-level

panel regression:

L —

ri(n) = Bo + P1(n) x (Demandfm(k)’vw(n)> +&4(n)

by instrumenting Demandfm(k)’vw(n) with the demand “shock” (Demand;ml(k)’vw(n)
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Demandfo1 (k).EW (n))

27

,1.e., the difference between the value-weighted and equally-weighted
flows.

Table 6 reports the estimation results, controlling for size, beta, and book-to-market,
stock- and time (year) fixed effects. We observe that, in the most stringent specification,
the coefficient on the instrumented demand is about 0.37, suggesting that for a ten percent

increase in 401(k) demand, stock prices increase by 3.7%.

5 Fund Level Channel

We define the fraction of fund i’s assets under management owned by aggregate 401(k)

plans at time t as

224:1 AUM,,;;
AUM;,

401k _
107" =

©)

where M denotes the total number of 401(k) retirement plans investing in fund 7 at time ¢,
and AUM,, ;; denotes the dollar amount invested by 401(k) plan p in fund i at the end of
year t. | O?’(tnk is hence a fund-specific, time-varying characteristic. Our first specification
focuses on the demand function for the average stock n. Specifically, we estimate the

AUM-weighted panel regression:

log (%) = by + Bo,imbe(n) + BiXe(n) + B2IOFM™ + ay + 114 (n) (10)
it

where each fund-stock holding observation in the panel is weighted by assets under man-
agement of fund i. The dependent variable represents the demand of stock n by fund i at
time t with respect to the outside asset; mb;(n) is the log market-to-book equity of firm n
at time f, x;(n) is the same vector of firm-specific characteristics specified in Koijen and

Yogo (2019), IOk represents the fraction of fund i’s assets under management owned by

i
401k

401(k) plans at time ¢, and a; are time (year) fixed effects. Note that JO;;™* does not vary

across stocks, but only across funds and over time. Similarly to Koijen and Yogo (2019),

27 As in standard TV setups, we first regress the endogeneous Demandfm(k)’vw(n) on the difference be-

tween the value- and equally-weighted demand (first stage), and use the (exogeneous) fitted value as re-
gressor in the second IV stage.
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in this specification we pool all fund-stock holdings observations together, since very few
funds in our sample holds more than 1,000 stocks at any given time.?® Our coefficient of
interest is By, representing the effect of 401(k) assets on fund i demand for the average
stock n.

Table 7 shows the results from the panel regression for the entire universe of funds
(Panel A), mutual funds only (Panel B) and ETFs only (Panel C). Throughout, we use
two-way (funds and time) clustered standard errors. Furthermore, in order to gauge the
relative importance of the variables in the demand system, we standardize all variables
to have unit standard deviation. Across specifications, the coefficient on fund-level 401(k)
ownership, I Of’?lk, is positive and statistically significant for mutual funds (0.333, t-stat=
2.91) but small and insignificant for ETFs (0.011, t-stat= 0.11).? In terms of magnitude,
the coefficient of mutual funds on I O?’?lk ranks second in the set of characteristics after
book equity.

The evidence that mutual funds strongly respond to fund-level 401(k) ownership while
ETFs do not is interesting. It suggests that mutual funds exert more discretion in selecting
their holdings based on fund-level ownership, relative to ETFs. This holds true despite
the fact that mutual funds and ETFs display similar demand elasticity (approximately
captured by the coefficient (1 — ;) on log market-to-book in column (4) and (7) of Ta-
ble 7). However, a word of caution is needed. An alternative interpretation could be
inferred by Figure 2: the fraction of aggregate ETF assets cumulatively owned by 401(k)
is currently small, hovering around $20-30bn, and, perhaps, not large enough to trigger
a discernible demand shift. The last two rows of Table 1 confirm this, with the average
dollar amount across 401(k) plan assets invested in US equity mutual funds being around
$15mn, about four times the amount invested in ETFs. However, given the fast pace at

which the investment of 401(k) plan in ETFs has been growing, results may differ in the

future.

28We only have 268 fund-year observations, out of a total of 17,436, where the number of stocks is greater
than 1,000.

2Table A.2 reports the same results for AUM unweighted regressions. The coefficients for mutual funds
and ETFs are, respectively, 0.240 (t-stat= 4.29) and —0.060 (t-stat= —1.10), thus confirming our results.

30Recall that we consider only mutual funds and ETFs that are active by removing index mutual funds
and ETFs.
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It is also interesting to compare the fund-level results for ETFs in Table 7 to the stock-
level results in Table 2. Whereas a larger fund-level 401(k) ownership does not affect the
ETFs’ demand for stocks — consistent with the idea that, for example, a growth ETF cannot
take riskier bets and become a value ETFs — the stock-level 401(k)-ownership does, e.g., a
growth ETF may pick stock A over stock B, despite having similar growth prospects and
risk, simply because the fraction of stock A owned by 401(k) plans is larger. There are
several reasons why ETFs could prefer stocks with large 401(k) ownership. On the one
hand, it could be that the stock-level 401(k) ownership characteristic is correlated with the
probability of the stock being included in the benchmarks tracked by ETFs (e.g., a growth
index), since stocks with large institutional 401(k) ownership have already been screened
and vetted by investors that bought them, and hence are included in benchmarks. On
the other hand, it might be that some ETFs are not perfectly tracking their respective
benchmarks, and hence have some leeway in choosing their stock holdings. Indeed, we
tind this to be the case. The top 30% of the ETFs in our sample display a large tracking
error of more than 2.18% per year with respect to their benchmarks, suggesting that many
“active” ETF managers have flexibility in selecting their stock holdings.

The results presented in Table 7 mask some economically interesting trends. To this
end, the right panel in Figure 4 shows the evolution over time of the coefficient on fund-
level 401(k) ownership for both mutual funds and ETFs.>! The figure shows that the
loading of mutual funds on fund-level 401(k) ownership is positive throughout the sam-
ple, and strongly increasing over time (with an average value of about 0.29, similar to
that reported in columns (4)-(6) of Table 7). In line with our previous discussion of a
rapid growth of 401(k) allocation to ETFs, the effect of 401(k) ownership for ETF holdings
becomes stronger over time, and marginally positive in the second part of our sample.

Finally, Panel B of Table 3 reports GMM estimates of the non-linear version of equation
(10). This allows us to take into account holdings of stocks that are in the fund investment

universe, but not currently owned by the fund. To ease exposition, we display the results

31Figure A.2 shows the coefficients on the other covariates. We find that the coefficients of ETFs and
mutual funds on profitability, investment, and beta are similar. This is important since it highlights the eco-
nomic significance of the observed difference in fund-level 401(k) ownership coefficients between mutual
funds and ETFs.
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only for mutual funds. The coefficient on fund-level 401(k) ownership is positive and

statistically significant at the 10% level, even accounting for zero holdings.

5.1 Heterogeneous Demand for Stocks

The analysis so far shows that the amount of 401(k) assets managed by funds influence
their average demand for stocks. In particular, the larger the 401(k) fund-level owner-
ship, the stronger the demand for stocks, controlling for other prominent characteristics.
However, the amount of 401(k) assets managed might not lift demand uniformly across
stocks; rather, it may push fund managers toward certain types of stocks (e.g., winners)
more than others (e.g., losers). In this section, we try to shed some light on the 401(k)
asset-induced demand for specific stock characteristics.

We conjecture that the investment decisions of fund managers is related to the fraction
of 401(k) assets they manage. Our first hypothesis is that funds controlling a larger frac-
tion of 401(k) assets have preference for riskier assets, such as high-beta and momentum

stocks.

Hypothesis 1. (Relationship between 401(k) asset base and fund investments.) Funds
managing more (sticky) 401(k) assets tend to invest in riskier assets (e.g., high-beta, momentum,

and smaller stocks) given the risk of outflows from 401(k) plans is limited:>>

Hi : Be > 0, ifq = mom,high-beta,small

Our second hypothesis is that the stability of the investor base allows funds to invest in
stocks with embedded real options and long term growth prospects. Formally, we test for
this hypothesis by studying the preference of fund mangers for assets with long-duration

of cashflows, which the literature has found to be less risky than short duration stocks.

32401(k)plan participants make periodic retirement account contributions and withdrawals, which are
persistent over time. In addition, they may evaluate their present and prospective fund holdings differ-
ently due to longer investment horizons. These factors may explain the documented inertia by DC plan
participants in the previous literature (see Benartzi and Thaler (2001), Madrian and Shea (2001), Choi et al.
(2002), Agnew et al. (2003), Duflo and Saez (2003), Huberman and Jiang (2006), Carroll et al. (2009)) whereby
retirement savers have a tendency to rebalance and trade infrequently and to follow default options.
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Hypothesis 2. (Funds with more 401(k) assets prefer longer-duration assets.) Funds man-

aging more (sticky) 401(k) assets tend to invest in assets with longer-duration cashflows:

H; : B¢ > 0, ifq = long-duration

To test our hypotheses, we first define the universe of stocks as the union of the invest-
ment universes of all equity funds in our sample.*®> Next, we unconditionally sort these
stocks into five portfolios based on a given stock characteristic X; (e.g., momentum). We
then compute how much each fund i invest at time t, as a percentage of its assets, into the
stocks within each quintile. This ensures that the fraction invested in all quintiles sums
up to unity. As an example, a fund following a momentum strategy might invest 60% of
its assets in stocks belonging to the top momentum quintile (“winners”) and 10% in each
of the other four quintiles.

Furthermore, for each quintile sorted on a given characteristic, we also calculate the
value of other lagged characteristics X, X3, X4, ..., for that quintile. As an example, say
that stocks A and B are the only two stocks in the winner portfolio (top quintile) at time
t. We then calculate the book-to-market of the winner portfolio at time ¢t — 1 by value-
weighting the book-to-market characteristic of stocks A and B. We focus on the character-
istics implied by the Fama and French (2015) five factor model, to which we add momen-
tum. Hence, in our momentum example, X, is size, X3 book-to-market, X, profitability,
X5 investment, and Xg is the CAPM-beta.

We then estimate, using the “winner” portfolio as our running example, the following

panel regression:

YoShare; ;11 = B1 X 5;:,pr + B2 X BMgt + B3 X Profg; + Ba X Invg s + Bs X Sizeg s+
+ Be X IOfft”k + controls +u;; (11)

where %Share; ;41 is the fraction invested by fund i in the quintile g at time t + 1, and

the time ¢ predictors are the characteristics from the FF5 model (BM, Prof, and Inv,;

33We do not consider the universe of stocks from, for example, the CRSP dataset, since most funds will
have zero holdings for many stocks within that set.
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are the book-to-market value, profitability, and investment rate of the winner quintile,
and Size,; is the market capitalization of the stocks included in the winner quintile), and
IO?,?”‘ is our variable of interest representing the fraction of mutual fund i owned by
401(k) pension plans. We also control for fund characteristics, namely fund size and the
lagged fraction invested by fund i in the top quintile, and for fund family fixed effects.

We estimate the predictive regression (11) for portfolios sorted on (i) market-beta, one
of the main characteristics the literature found to be important in fund managers’ choices
(Christoffersen and Simutin (2017) and Han et al. (2022)), (ii) momentum, (iii) size, and
(iv) duration (computed as in Gormsen and Lazarus (2022)). In each instance, we exclude
the left hand-side characteristic from the right-hand side predictors, e.g., if the dependent
top quintile is “low-beta stocks”, we do not include the lagged beta of the portfolio as
a predictor. Importantly, this regression specification has on the left hand side the frac-
tion invested in the quintile (defined by a specific characteristic) and, thus, it allows to
determine the portfolio demand rather than the average individual stock demand, as in a
standard demand-based regression framework.

Table 8 reports the results for the top quintile portfolio (Column 1), bottom quintile
portfolio (Column 2), and their difference (Column 3). The first row reports our coefficient
of interest, | O?,(tnk, while the second row shows the coefficient on the lagged value of the
portfolio share (i.e., the autoregressive coefficient of the dependent variable). Standard
errors are reported below the coefficient estimates.

If a characteristic predicts returns with a negative sign (like size), then the bottom
quintile contains large value for the characteristic (large stocks); in this way;, a tilt toward
the top portfolio and away from bottom one always captures an expected positive alpha.

First, we confirm the results by Christoffersen and Simutin (2017) that fund managers
with large 401(k) ownership tend to increase their exposure to high-beta stocks (Panel
A). Interestingly, we also observe a large decrease in their exposure to low-beta stocks.>
Panel B in Table 8 documents a tilt away from short-duration stocks and, to a lesser ex-

tent, toward long-duration stocks, while Panel C and D show that managers take more

34This is not mechanical. The increase in portfolio weights for the bottom portfolio could have come from
a reduction in the middle quintiles.
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risk (alpha) by tilting toward winners and away from large stocks, respectively. The tilts
toward the smallest stocks or away from losers are insignificant, however.

These facts are interesting for several reasons. First, the tilt of fund managers” toward
high-beta and long-duration stocks, and away from low-beta and short-duration stocks,
could sustain the well known betting-against-beta (Frazzini and Pedersen, 2014) and du-
ration anomalies (Weber, 2018). Similarly, the behavior of funds managing a large fraction
of 401(k) assets tilting away from large stocks is consistent with the observed diminishing
size premium. Second, the evidence for size and momentum suggest that fund managers
try to improve not only relative returns (by investing in stocks with higher market beta),
but they also care about absolute returns and alphas by attempting to reap the uncondi-
tional premium associated with size and momentum.

A natural question is whether the portfolio tilt implemented by mutual funds with
large 401(k) ownership results in performances that beat the benchmarks. To this end,
we estimate the fund relative returns and CAPM alphas as a function of lagged 401(k)
ownership and other lagged fund characteristics, and report the results in Table 9. Col-
umn (2) shows that higher 401(k) ownership forecasts better performance relative to a
style benchmark: a one-standard-deviation increase in 401(k) ownership increases rela-
tive performance by 194bps per year. In contrast, column (4) shows that higher 401(k)
ownership is not associated with larger future alphas. This can be due to two effects. On
the one hand, it is possible that the tilt toward winners and away from large stocks (e.g.,
positive alphas) is countervailed by the tilt toward high-beta and long-duration (e.g., neg-
ative alphas). Alternatively, it is plausible that the size of the tilts is not large enough to
generate significant changes in alpha. Overall, a higher 401(k) ownership forecasts im-
proved relative returns without a significant change in alpha, a result that is new to the
literature. Interestingly, if pension plans care about relative returns more than absolute
ones, then the relative outperformance documented in column (2) of Table 9 should have a
positive effect on pension flows, triggering a potential feedback reaction, whereby 401(k)
plans continue to invest more in those funds that beat their benchmarks (i.e., with better

relative returns), which in turn happen to be those managing larger pension assets.®

$SChristoffersen and Simutin (2017) provide anecdotal evidence (from investment policy statements of
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5.2 Cash Holdings of Mutual Funds and 401(k) Assets

Do active funds managing more 401(k) assets perceive their investor base to be more
stable? If this were the case, one would expect funds managing a larger fraction of 401(k)
assets to keep lower cash levels. In this section, we test this hypothesis by estimating the

following panel regression
Cash;; = a + ,BlHighIOfftnk + controls;; + €;; (12)

where Cash;; is the amount of cash as a percentage of assets of mutual fund i at time
t (Chernenko and Sunderam, 2020)%, High I Of‘,?lk is a dummy equal to one if the fund
level I O?’?lk is larger than the median of | O?’?lk in the sample, and zero otherwise. We also
include standard fund controls such as lagged log fund size, expense ratio, and turnover.
We focus on mutual funds, since equity ETFs might have little discretion in choosing their
cash holdings.

Table 10 reports the estimation results. Columns (1)-(2) report the results using a
dummy variable for 401(k) ownership, while column (3) using the continuous fund-level
401(k) ownership variable I O?{?lk .

The coefficient on the dummy is around -0.32, suggesting that mutual funds managing
substantial 401(k) assets have 32% less cash holdings compared to other mutual funds.
Similarly, a one percent increase in 401(k) ownership at the fund level is associated with
1.24% less mutual fund cash holdings, controlling for standard fund-level characteristics
such as fund size, expense ratio, and turnover.

Overall, these results confirm our hypothesis on the stability of 401(k) flows channel,
highlighting the importance of 401(k) assets in shaping investment funds’ allocation de-

cisions.

DC plans) that a large majority of DC plans list relative returns as the main criterion for investment.

36Cash holding of a fund is the sum of portfolio weights (as a percentage) on cash and cash equivalents
in Morningstar mutual fund holdings, where cash and cash equivalents are defined by Morningstar with
detail type id as 'B’,/’BC’,’BD’,’BQ’,’BT’,/C’,’CA’,/CD’,/CH’,/CL’,/CQ’,/CR’,/CU’,/FEM’, "O0’,/0S’,'P’,/’PC’, and
Q.
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6 Conclusion

In this paper, we study the impact of 401(k) ownership on investors” demand for individ-
ual stocks. More precisely, we estimate a demand system linking 401(k) plans” ownership
of both stocks and funds to the quantity and type of stocks demanded by funds. To this
purpose, we introduce a new variable, stock-level 401(k) ownership, and find it to be a
key determinant of investors” demand for equities.

We hypothesize that 401(k) allocations can affect stock demand in two ways. The first
channel through which 401(k) plans can affect the demand of individual stocks is related
to the size of stock-level 401(k) ownership. The fraction of an individual stock owned by
401(k) plans can be seen as an additional stock characteristic, similarly to book-to-market
or momentum. We label this the stock level channel.

The second channel through which 401(k) allocations influence stock demand is by
direct flows to mutual funds and ETFs which, in turn, use that additional liquidity to
increment their equity exposure. We label this the fund level channel.

Focusing on the stock-level channel, we find that the amount of company shares
owned by 401(k) plans is an important characteristic — in fact, the most important one
after size — in explaining the demand of mutual funds and ETFs for a specific stock. For
a one standard deviation increase in 401(k) stock ownership, the average active mutual
fund demands approximately 18.6% more of the stock. The average active ETF also in-
creases exposure to the stock by 11.5% for each standard deviation increase in 401(k)
stock ownership. Most importantly, stock-level 401(k) ownership appears to be distinct
from other forms of institutional investors, such as total mutual fund or largest (top 10)
investors” ownership of a stock. After controlling for these alternative types of ownership,
the magnitude of the coefficient on 401(k) ownership is barely affected, and so is its sta-
tistical significance. These results highlight the unique information content of stock-level
401(k) ownership for fund managers” decision.

We then explore the equilibrium price impact of a change in stock-level 401(k) owner-
ship for the cross-section of stocks, over time. We estimate the institutional price pressure

to be positive and increasing over our sample. We also compute the price impact for
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portfolios of stocks sorted on size, book-to-market, or beta (market risk), and find that
the average price impact as a function of stock-level 401(k) has increased for large stocks,
while it has remained relatively stable for small stocks. The positive trend of price impact,
which increases almost monotonically between 2008 and 2020 is consistent with the shift
from active to passive investing of the last decade documented in the literature (Koijen
etal., 2022). To further validate the direct impact of 401(k) ownership on individual stock,
we employ a matching procedure based on high and low 401(k) ownership stocks with
similar characteristics, and find that stocks with positive 401(k) ownership tend to earn
3%-5% higher annual returns than similar stocks, in terms of characteristics and investor
structure, not owned by 401(k) plans.

We also study the impact 401(k) plans’ trading has on individual stock returns using
two different tests. Our first methodology exploits large changes in individual stocks
holdings by aggregate 401(k) plans, and find that large changes in the holdings of an
individual stock substantially affect its contemporaneous return. A large positive position
taken by 401(k) plans in a stock generates a 12% higher return than that implied by an
average 401(k) plan trade, followed by a partial return reversal over the next two years.
Our second test relies on the granular instrumental variable of Gabaix and Koijen (2022),
and finds that a 10% increase in the (instrumented) demand of 401(k) plans generates an
average stock price increase of 3.6%, after controlling for standard firm-specific drivers of
stock returns.

As far as the fund-level channel is concerned, we document that funds managing a
larger fraction of 401(k) assets display greater demand for stocks. For a standard devi-
ation increase in 401(k) fund ownership, the average active mutual fund demands ap-
proximately 33.3% more of the average stock, while the demand from ETFs is almost
unchanged. To gain further insight on the relation between 401(k) assets and fund man-
agers’ portfolio allocations, we study how the investment strategies and performance of
mutual funds are affected by the amount of 401(k) assets they manage. First, we analyze
the 401(k) asset-induced fund demand for specific stock characteristics. We find that fund
demand for stocks is heterogeneous, as a function of 401(k) fund-level ownership. Funds

managing a larger fraction of 401(k) assets tilt their portfolios toward winners, high beta
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and long duration stocks, and away from large stocks. This fund behavior can reinforce
the well known betting-against-beta (Frazzini and Pedersen, 2014) and duration anoma-
lies. Second, we study the relative and risk-adjusted performance of a fund as a function
of 401(k) fund-level ownership. We find that a large fraction of pension assets managed
by funds improves their performance in terms of relative returns, but leaves (statistically)
unaffected the alpha. Related to this point, we also find that mutual funds managing a
large fraction of 401(k) assets have approximately 32% smaller cash holdings than other
funds.

Overall, our results suggest that pension assets are a key determinant of asset alloca-
tion decisions and stock demand of investors. The key novel contribution of this paper is

to quantify such effects.
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25th Median Mean  75th
10%1% (all funds) 031% 2.72% 8.05% 10.46%
100k (MFs only) 0.86% 3.87% 9.25% 12.59%
10%01k (ETFs only) 0.02% 0.05% 0.89% 0.21%
[0*01F (Passive Funds only) 0.85% 3.99%  9.34% 14.53%
I0*0' (Active Funds only) 028% 2.60% 7.91% 10.04%
Persistence on fund allocation 0.27 0.59 0.54 0.82
Total assets of 401(k) plans (in $ millions) 4.34 10.73 9157 30.13
Allocation in US equity index funds (in $ millions) 0.36 1.28 9.76 4.39
Allocation in US equity mutual funds (in $ millions)  0.83 2.78 1498  8.44
Allocation in US ETFs (in $ millions) 0.11 0.45 3.84 1.64

Table 1: Summary statistics. This table reports summary statistics of the cross-sectional distribution of 401(k)
plans characteristics. IO*'¥ indicates the fraction of a fund assets collectively owned by 401(k) plans. The first
row (“all funds”) considers the universe of all US equity (active and index) funds. Index funds comprise mutual
funds classified according to the Morningstar variables as “index funds” and “enhanced index”, and ETFs with
the S&P500 index as benchmark. The second and third rows, instead, only consider US equity active mutual
funds and ETFs, respectively. Persistence on fund allocation is the AR(1) coefficient on the fraction of 401 (k)
plan assets invested in a specific fund. Total assets are the total net assets of 401(k) plans. Annual data from
2007 to 2020.



Panel A: Mutual funds owned by pension plans

All Funds Mutual Funds ETFs
1) @ 3 4) ®) (6) ) ®) )
I O“j.} f‘ (n) 0.149***  0.123***  0.110*** 0.186*** 0.155*** 0.124** 0.115** 0.093** 0.088***
(18.950) (17.100)  (13.430) (11.160) (9.780) (7.780) (10.210) (8.790)  (7.790)
Log market-to-book 0.812***  0.809***  0.814*** (0.422*** (0.412*** 0.423*** 0.964™* 0.955** (.957***
(13.770) (13.900)  (14.060) (5.000) (4.750) (4.860) (22.090) (22.210) (22.440)
Log book equity T.41T* 1.423%*  1.427*  0.991** 0.996*** 1.005*** 1.515%** 1.523*** 1.523***

(26.140) (25510) (25.610) (11.670) (11.230) (11.260) (59.930) (63.000) (62.410)
Operating profitability ~ 0.030** 0.0312%* 0.032%* 0.072** 0.073** 0.076** 0.017* 0.019** 0.020*
(3380) (3.69)  (3.740) (4200) (4370) (4520) (2500) (3.360)  (3.350)

Beta -0.004  -0.007 -0.005  -0.020** -0.024** -0.021** 0.004 0.000 0.000
(-0.930) (-1.270)  (-1.070) (-2.670) (-2.730) (-2.400) (0.700)  (0.050)  (0.140)

Investment 0.011**  0.007 0.007 0.009 0.005 0.004 0.013**  0.008 0.008
(2.170)  (1.340) (1.280) (0.760)  (0.410) (0.350)  (2.200) (1.520)  (1.480)

Dividend-to-book 0.000 0.003 0.002 -0.014  -0.009 -0.011  0.003 0.006 0.006
(0.070)  (0.660) (0.470)  (-1.390) (-0.980) (-1.190) (0.390) (0.680)  (0.650)

Top10 ownership 0.055***  0.057*** 0.056*** 0.058*** 0.050%**  0.051***

(5.960) (5.500) (4.000)  (3.660) (5.090)  (4.740)

Mutual fund ownership 0.028** 0.070*** 0.012
(2.700) (4.310) (1.590)

Panel B: Mutual funds not owned by pension plans

All Funds Mutual Funds ETFs
@ 2 3) 4) ®) (6) @) ®) )
I O‘fﬂilrtk (n) 0.106%**  0.085***  0.080**  0.099*** 0.079* 0.063*  0.097** 0.074** 0.081***
(4.75) (3.53) (3.11) (3.65) (2.53) (1.78) (4.82) (4.23) (4.69)
Log market-to-book 0.761***  0.765***  0.765*** 0.719*** 0.719*** 0.718** 0.808** 0.811** 0.810***
(18.7) (18.33) (18.31) (14.47) (13.91) (14.23) (10.64) (10.12) (10.13)
Log book equity 1.340%+*  1.354*+*  1.354* 1.262%* 1.264*** 1.263*** 1.443%* 1462 1.462%*

(21.70)  (20.65)  (20.60) (17.64) (17.10) (17.43) (17.85) (17.21) (17.22)
Operating profitability ~ 0.007  0.006 0006 0001  -0.001 -0.001 0023* 0026 0026
0.58)  (0.43) (045  (011) (-0.14) (-0.07) (1.81)  (L61)  (1.59)

Beta -0.010  -0.011 -0.011  -0.022  -0.027*  -0.026*  0.009 0.012*  0.012
(-1.17)  (-1.18) (-1.15)  (-166) (-1.83) (-1.78)  (1.35) (1.78) (1.68)
Investment 0.018** 0.017**  0.017** 0.016*  0.016 0.016 0.017*** 0.017***  0.017***
(3.10) (2.89) (2.86) (1.84) (1.74)  (1.70) (3.77) (3.15) (3.19)
Dividend-to-book -0.868  -0.743 -0.727  -2.162*  -2.032*  -1.971* 0.996*  1.020*  1.003
(-117)  (-1.01)  (-098) (-210) (2.02) (-1.91) (1.95)  (1.80)  (1.77)
Top10 ownership 0.036***  0.036*** 0.027¢  0.026* 0.045%**  0.044***
(3.26) (3.24) (1.87)  (1.82) (3.57) (3.47)
Mutual fund ownership 0.011 0.037* -0.015*
(1.17) (2.21) (-1.92)

Table 2: Demand system estimation - Stock level [0 (1). This table reports estimates of the panel regression

log <Zt%§ ) — by + Bombi (1) + BiXi (n) + B2 IO (1) 4wy + i (n)
it

where mby(n) is the instrumented market-to-book equity, and X;(n) includes the same variables as in Koijen
and Yogo (2019), i.e., log book equity, operating profitability, stock market beta, investment, and dividend-to-
book ratio. I O‘iolltk(n) is the 401K plans ownership of stock 7 (excluding the effect through investor i), and «;
are fund-by-time fixed effects. The funds in the regressions are AUM-weighted. Columns (1)-(3) report results
using all funds (including index mutual funds and ETFs), columns (4)-(6) using only active mutual funds, and
columns (7)-(9) using only active ETFs. Variables are standardized to have unit-standard deviation. Standard
errors are double clustered by fund and time. The sample period is from 2007 to 2020. *p<0.1; **p<0.05;
#4p<0.01.
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Panel A: Stock-level 401(k) ownership (mutual funds)

Coefficient  s.e. t-stat
10%0% (n) 0.250** 0.010  25.490
Log market-to-book 0.132%** 0.034 3.890
Log book equity 0.590*** 0.025  23.750
Operating profitability  0.067*** 0.007 9.280
Beta -0.124*** 0.008  -14.720
Investment -0.097*%* 0.007  -13.800
Dividend-to-book 0.014* 0.008 1.800

Panel B: Fund-level 401(k) ownership (mutual funds)

Coefficient  s.e. t-stat
I0}9% 0.048* 0.027 1770
Log market-to-book 0.199** 0.036 5.570
Log book equity 0.530%** 0.027  19.780
Operating profitability ~ 0.051*** 0.007 6.980
Beta -0.131** 0.009  -15.020
Investment -0.094*** 0.007  -13.340
Dividend-to-book -0.037*** 0.008  -4.730

Table 3: Demand system estimation - GMM with stock- and fund-level 401(k) ownership. This table reports
GMM estimates of the regression

Wi ¢ (n)
Wi (0)

= exp {bo + Boimby (1) + BiX¢ (n) + P2 IO + fxt} i (1)

where mb;(n) is the instrumented log market equity-to-book equity, and X;(n) includes the same variables
as in Koijen and Yogo (2019), i.e., log book equity, operating profitability, stock market beta, investment, and
dividend-to-book ratio. I O;‘Olk indicates either the 401(k) plans ownership of the individual stock n excluding
the effect through fund i (Panel A), or the 401(k) plans ownership of fund i (Panel B). We report results using
only active mutual funds. The estimation includes observations of mutual funds with zero stock-holdings but
still in the investment universe, and observations are AUM-weighted. Variables are standardized. Standard
errors are double clustered by fund and time. The sample period is from 2007 to 2020. *p<0.1; **p<0.05;
**p<0.01.
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Panel A: Characteristics of the Matched Sample

Treated Group Control Group

Number of Stocks 8963 8963
Market Capitalization 11.0B 12.2B
Book-to-market Ratio 0.51 0.56
Beta 1.15 1.01

Panel B: Panel Regressions

(1) 2) 3)
Treated dummyy 0.050*** 0.042%** 0.032***
(3.352) (3.200) (3.248)
Size; 4 -0.027*** -0.027***
(-2.866) (-3.343)
Book-to-market; 4 -0.056
(-1.629)
Beta; 4 0.024
(0.627)
Momentum;_q 0.018
(0.447)
Year FEs Yes Yes Yes
No. Observations 17,398 17,398 17,398

Table 4: Matching Stocks: Impact of 401(k) Ownership. Panel A reports the average stock characteristics
of the stocks in the treatment and control groups. Panel B reports results from of regression on the matched
sample. After matching stocks as described in Section 4.2, we estimate a panel regression of annual returns
of the matched pair of stocks on a treated dummy variable and various stock-level controls. Controls include
lagged size, book-to-market, beta, and momentum. Standard errors are double clustered by stock and time.
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rety retpyq retpi1:i43
()) @ ©) 4 ®) 6) @) ®) )
401(k) dummy - Large A holdings 0.119***  0.113** 0.116™* -0.041*** -0.029*** -0.019*** -0.119*** -0.095*** -0.066***
(4.015) (3.849) (4.563) (-2.682) (-2.650) (-2.884) (-4.074) (-8.293) (-4.270)
401(k) dummy - Small A holdings -0.024  -0.033 0.049 0.039 0.098 0.092
(-0.641) (-0.886) (1.124) (0.964) (1.128) (1.124)
Top 10 investors dummy - Large A holdings 0.002 -0.018 -0.095%**
(0.100) (-1.027) (-2.655)
Top 10 investors dummy - Small A holdings 0.054*** 0.068** 0.061
(3.011) (2.531) (1.552)
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes

Table 5: Stock-level 401(k) Trading and Returns. This table reports estimates of regressions of stock returns
on changes in 401(k) plans and top 10 institutions’ holdings. The dependent variables are contemporaneous
returns (columns (1)-(3)), next year (t+1) returns (column (4)-(6)), and cumulative {+1:t+3 returns (column (7)-
(9)). Controls include log market equity and time fixed effects. Standard errors are double clustered by stock

and time.
1) 2) 3) (4)
Demand; " VW () 0.481%%  0.401%* 0472%%%  0.374%
(7.070)  (10.070) (8.510) (9.330)
Size;_1 -0.026***  -0.291***
(-4.390)  (-4.920)
Beta; 4 -0.003 0.011
(-0.110)  (0.570)
Book-to-market;_; -0.056 0.035
(-1.320)  (0.730)
Momentum;_q -0.027 -0.070*
(-0.650)  (-1.950)
Stock FEs No Yes No Yes
Year FEs Yes Yes Yes Yes

Table 6: Granular Instrumental Variable Regression. This table reports estimates of the GIV stock-level panel

regression

ri(n) = Bo + B1(n) x <Demandf0]<k)/VW

(1)) +extn)

The dependent variable is annual stock returns in year t. The variable of interested is 401(k) plans” demand,

—

instrumented by GIV Demand

401(k),VW

(n). Standard errors are double clustered by stock and time.
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All Funds Mutual Funds ETFs
1) @ ®) 4) ©) (6) @) ®) ©)
IO?/?”‘ 0.169**  0.160** 0.157** 0.333**  0.328*  0.319**  0.011 0.008 0.008
(2.390)  (2.260) (2.240) (2.910)  (2.890)  (2.830)  (0.110)  (0.080)  (0.090)
Log market-to-book 0.766™*  0.750*** 0.758*** 0.637***  0.608*** 0.610***  0.560***  0.540***  0.552***
(7.340)  (7.250) (7.390) (9.510)  (9.130)  (9.120)  (4.540)  (4.430)  (4.590)
Log book equity 1.289%**  1.331*** 1.348%* 1.032*** 1.088*** 1.112** 1.105"* 1.117*** 1.132***
(14.170) (14.170) (14.540) (11.050) (11.350) (11.740) (9.930)  (9.790)  (10.000)
Operating profitability ~ 0.036**  0.043** 0.048 0.031* 0.043*  0.054** 0.042**  0.049**  0.052**
(2.800)  (3.270) (3.630) (1.810)  (2.510)  (3.250)  (2.660)  (2.890)  (2.910)
Beta -0.033**  -0.043** -0.035** -0.042** -0.050*** -0.041** -0.064*** -0.079*** -0.073***
(-2.660)  (-3.050) (-2.580) (-2.910) (-3.340) (-2.870) (3.520)  (4.360)  (-4.060)
Investment -0.013 -0.021  -0.022  -0.021 -0.029 -0.030*  -0.031*  -0.038**  -0.039**
(-0.940)  (-1.390) (-1.510) (-1.280) (-1.720) (-1.830) (2.030)  (2.530)  (-2.570)
Dividend-to-book -0.047*** -0.030** -0.023*  -0.090*** -0.065** -0.054*** 0.035 0.040* 0.045*
(-3.600) (2.510) (-1.870) (-5.970) (-4.770) (-4.000) (1.530)  (1.900)  (2.160)
Top10 ownership 0.136***  0.121*** 0.162***  0.137*** 0.081**  0.071**
(7.060)  (6.280) (7.680)  (6.370) (3.160)  (2.810)
Mutual Fund ownership 0.142%** 0.183*** 0.115***
(7.420) (7.870) (4.850)

Table 7: Demand system estimation - Fund level I O;‘?]k . This table reports estimates of the panel regression

log (Z’Egi ) = bo + Bombi(n) + BiXe(n) + P2ION™ + 4 14 (n)
it

where mb;(n) is the instrumented log market equity-to-book equity, and X; (1) includes the same variables
as in Koijen and Yogo (2019), i.e., log book equity, operating profitability, stock market beta, investment, and
dividend-to-book ratio. IO;‘?lk is the 401K plans ownership of fund i, and a; are time fixed effects. The funds
in the regressions are AUM-weighted. Columns (1)-(3) report results using all funds (including index mutual
funds and ETFs), columns (4)-(6) using only active mutual funds, and columns (7)-(9) using only active ETFs.
Variables are standardized to have unit-standard deviation. Standard errors are double clustered by fund and
time. The sample period is from 2007 to 2020. *p<0.1; **p<0.05; ***p<0.01.



Panel A: Beta

High (Low Beta) Low (High Beta) High-Low
(1) (2) 3)
1079 -0.027*** 0.015*** -0.031***
(0.006) (0.004) (0.009)
weight; 0.883*** 0.872%** 0.897***
(0.020) (0.016) (0.015)
Panel B: Duration
High (Short Duration) Low (Long Duration) High-Low
(1 () 3)
I0}9% -0.028*** 0.008** -0.023***
(0.007) (0.003) (0.006)
weight; 0.890*** 0.863*** 0.900***
(0.009) (0.011) (0.009)
Panel C: Momentum
High (Winner) Low (Losers) High-Low
(1) 2) 3)
I Oﬁ?lk 0.021** -0.006 0.028**
(0.010) (0.006) (0.014)
weight; 0.869*** 0.808*** 0.859***
(0.039) (0.019) (0.034)
Panel D: Size
High (Small) Low (Large) High-Low
1) 2) 3)
IO0}9™ 0.002 -0.015** 0.014
(0.005) (0.007) (0.008)
weight; 0.930*** 0.996*** 1.000%**
(0.023) (0.003) (0.005)

Table 8: Effect of 401(k) ownership on the types of stocks preferred by funds. This table reports results
from regressions of the fraction of assets invested by mutual funds in a given portfolio in year t + 1, w}f t41 for
P = High, Low, High — Low, on the 401(k) plans ownership of fund i, I Oﬁ?lk, controlling for lagged portfolio
weights, wf 1 as well as for the value-weighted characteristics of the portfolio, fund size at the end of year ¢,
and fund family fixed effects. The portfolio characteristics are log market equity, log market-to-book, operating
profitability, stock market beta, asset growth, and past 12-month returns, where we exclude the variable from
the regressors when it is used as dependent variable. From left to right, the columns report the top and the
bottom quintiles, and their differences. Standard errors are reported in brackets below the coefficients. Annual
data from 2007 through 2020. *p<0.1; **p<0.05; ***p<0.01.
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Relative return; ¢ Market a1
1) 2) 3) 4)

Fund B 1.918**  1.851** -0.458*** -0.465***

(2.755) (2.497) (-6.472) (-5.976)
Log fund size; 0.065 0.040  0.029***  0.030***

(0.995) (0.617)  (4.089) (3.623)
Expenses; 0.742**  0.798**  0.072** 0.074*

(2.196) (2.350) (2.171) (1.681)
Relative return; -0.014 -0.015 0.000 0.000

(-0.621) (-0.657)  (0.263) (0.238)
Turnover; -0.223 -0.223 0.003 0.003

(-1.595) (-1.594) (0.110)  (0.109)
Amihud illiquidity;,  0.052  0.057  0.001 0.001
(1.156)  (1.218)  (0.231)  (0.283)

IO} 1.938*** 0.095
(3.000) (0.984)

Table 9: Fund performance and fund-level 401(k) ownership. This table reports estimates of yearly panel
regressions of measures of mutual fund performance on various lagged fund characteristics. Columns (1)-(2)
report results using the fund relative return (e.g., the difference between the annual fund return and Morn-
ingstar category benchmark) as dependent variable, while columns (3)-(4) use the fund CAPM-alpha. Fund
B is estimated from a monthly CAPM regression each year. Log fund size is the logarithm of the fund AUM.
Expenses is net expense ratio, which is the total net expenses divided by the fund’s average net assets. Turnover
is a measure of the fund’s trading activity, which is computed by taking the lesser of purchases or sales (exclud-
ing all securities with maturities of less than one year) and dividing by average monthly net assets. Amihud
illiquidity is the value-weighted average of individual stock illiquidity based on the market value of stocks in
the fund. Individual stock illiquidity is defined as the past 12-month average of its daily absolute return scaled
by dollar volume. IO;‘/?”‘ is the fraction of fund assets owned by 401(k) plans. Regressions include year and
fund family fixed effect. t-statistics (standard errors clustered by fund) are presented in parentheses.
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(1) (2) (3)

High IO} (dummy) -0.322** -0.322**
(-2.048) (-2.495)

IO{9M -1.240%*
(-2.117)
Log fund size; -0.001  -0.012  -0.020
(-0.039) (-0.461) (-0.450)
Expense; 2.270*** 2303 -0.263
(7.252)  (5.143)  (-0.268)
Turnover; -0.367*  -0.376* 0.024
(-1.804) (-1.838) (0.492)
Fund FEs No No Yes
Year FEs No Yes Yes

Table 10: Mutual Funds Cash Holdings.This table reports the estimates of the following fund-year panel re-
gression:
Cashiy = a + /SleghIO401k + controls;; + g

The dependent variable is mutual fund cash holdings at the end of year ¢, which is the sum of portfolio weights
(as a percentage) on cash and cash equivalents in Morningstar mutual fund holdings. High I O401k is a dummy
equal to one if the fund level IO is larger than the median of I O401k in the sample, and zero ‘otherwise. Log
fund size is the logarithm of the fund AUM. Expenses is net expense ratio (as a percentage), which is the total
net expenses divided by the fund’s average net assets. Turnover is a measure of the fund’s trading activity,
which is computed by taking the lesser of purchases or sales (excluding all securities with maturities of less
than one year) and dividing by average monthly net assets. Column (3) reports the result using the stock-level
401(k) ownership variable I O;{?lk. Standard errors are double clustered by fund and year.
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Internet Appendix A

A.1 Coefficients on Other Characteristics

Figure A.2 shows annual estimates of the coefficients on market-to-book and characteris-
tics for mutual funds (blue dotted line) and ETFs (red solid line) for the demand system
that includes fund-level 401(k) ownership (see equation (10)). The coefficient on fund-
level 401(k) ownership is displayed in the left panel of Figure 4.

To validate our estimation, we also report the coefficient estimates for index (mutual
and ETF) funds (c.f., Section 2). If the estimation of our characteristics-based demand
system is valid, one should recover a unit coefficient on log market equity, and zero on
the other characteristics for an hypothetical index fund. Albeit the coefficient on market
equity (which can be obtained from the coefficient on log market-to-book equity and log
book equity) is not exactly one, we still notice that index funds are inelastic, and substan-
tially more so than active mutual funds and ETFs. Furthermore, the coefficient of index
funds on other characteristics is close to zero, the sole exception being the dividend-to-
book equity. Thus we confirm the validity of our characteristics-based demand estimation
and of our criteria to categorize index funds.

We also observe that, with the sole exception of dividend-to-book, ETFs and mutual
funds display very similar coefficients on other prominent characteristics like betas, prof-
itability and investment. This makes even more striking the large difference on 401(k)
ownership loadings between mutual funds and ETFs documented in Figure 4.

Figure A.1 shows annual estimates of the coefficients on market-to-book and the other
characteristics for the demand system that includes stock-level 401(k) ownership (see
equation (4)). Comparing Figure A.2 to Figure A.1, we see that the coefficients are al-
most identical across the two specifications. In particular, demand elasticity is almost
unaffected in terms of magnitude and time variation by the inclusion of stock-level and
exclusion of fund-level ownership in the demand system. This is comforting because
it suggests that the different behavior of ETFs toward fund- and stock-level ownership
cannot be attributed to changes originating from different demand system specifications

(namely equations (10) and (4)).
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Figure A.1: Coefficients on the other characteristics - Stock level. This figure shows the annual coefficients in
(4), separately for mutual funds, ETFs, and index funds, estimated by pooled OLS using assets under manage-
ment as weights. The regression is estimated year by year. Except for log market-to-book equity, we standardize
characteristics (within each year) and multiply the coefficients by 100, so that they can be interpreted as the per-
centage change in demand per one standard deviation change in the characteristic. The sample period is from
2007 through 2020.
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Figure A.2: Coefficients on the other characteristics - Fund level. This figure shows the annual coefficients in
(10), separately for mutual funds, ETFs, and index funds, estimated by pooled OLS using assets under manage-
ment as weights. The regression is estimated year by year. Except for log market-to-book equity, we standardize
characteristics (within each year) and multiply the coefficients by 100, so that they can be interpreted as the per-
centage change in demand per one standard deviation change in the characteristic. The sample period is from
2007 through 2020.
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A.2 Exogeneity of fund-level IO}

In this section, we conduct robustness tests to diffuse endogeneity concerns related to the
fund-level 401(k) ownership variable I Offt)lk .

Equation (1) is estimated at the stock level, i.e., the individual stock demand by funds
as a function of stock characteristics. Hence, perhaps, our I Of’?lk variable could be en-
dogeneous if other stock-specific characteristics affecting the behavior of mutual fund man-
agers, other than those explicitly used as regressors in our model, are correlated with our
variable. We believe that the fraction of a fund owned by 401(k) plans (e.g., our fund-level
I Oﬁ?lk variable) is likely orthogonal to any other stock-specific characteristic not explicitly
controlled for in the model (e.g., the regressors used in the Koijen and Yogo (2019) frame-
work). As an example, the number of employees of Exxon Mobil is arguably orthogonal
to the amount of money CalPers decides to invest in any BlackRock mutual fund.

However, there could be fund-specific characteristics correlated with the 401(k) owner-
ship of a fund. For example, 401(k) plans might prefer to invest in larger mutual funds or
ETFs. Among many potential fund-specific characteristics, 401(k) pension plans are likely
selecting funds based on the following fund characteristics (Christoffersen and Simutin
(2017): the fund strategy or style (e.g., “growth”), the investment manager (e.g., Black-
rock), and the size of the fund. Table A.3 presents our main results of Table 7, controlling
for these additional fund-specific variables: fund size, fund style, and fund family fixed
effects.>’” We confirm that the 401(k) fund ownership remains economically relevant, with
the coefficient hovering above 0.2, and statistically significant in any of the specifications,
suggesting that our I O;L’?lk variable is likely exogeneous. Our results are also robust to
adding lagged portfolio weights to the regressions, although such specification it is not
justified by the demand system framework.

Lastly, we run an additional econometric test aimed at diffusing any remaining con-
cerns. First, we estimate our original model (1) without our 401(k) fund-level variable.
This is the same exact original specification in Koijen and Yogo (2019). We save the resid-
401k

uals € ; from this estimation. Next, we regress our fund-level 401(k) variable IO;

i on

3"The fund style and fund family variables are from Morningstar.
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€; 1, and save the new residuals 7; ; from this second regressions.

By construction, 7; ; is the component of fund-level 401(k) ownership I O?,(tnk that is or-
thogonal to €; 4, e.g., the residual from the original model. In other words, it is exogeneous
by construction. Lastly, we re-estimate (1) using 7; ; (instead of I Oﬁ?lk) as regressor. The
coefficient on 77; ; is 0.232 (t-stat: 2.03), which is very similar to the one on I Off?lk (0.169,
t-stat: 2.39), highlighting that our fund-level 401(k) ownership variable I Of’?lk is likely

exogeneous.
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Panel A: Mutual funds owned by pension plans

All Funds Mutual Funds ETFs
) @ ®) 4) ©) (6) @) ®) ©)
Io‘ﬂ}tk(n) 0.116** 0.106™* 0.099*** 0.122***  0.117** 0.106*** 0.082*** 0.068*** 0.066***
(17.06) (16.47) (1459) (11.07) (10.96) (9.64) (7.80) (7.56) (6.82)
Log market-to-book 0.580%** 0.574*** 0.576™** 0.264*** 0.254*** (0.258*** 0.784*** (.785"** 0.786***
(12.25)  (11.68) (11.73) (458)  (427) (431)  (1339) (13.37) (13.44)
Log book equity L1174 1.119%%  1.121%%*  0.751***  (0.745%% 0.748** 1.326*** 1.340*** 1.341%*
(27.14)  (25.65) (25.71) (14.52)  (13.85) (13.89) (28.76) (28.38) (28.41)
Operating profitability ~ 0.046*** 0.048** 0.049** 0.066***  0.068*** 0.069*** 0.034*** 0.036*** 0.036***
(8.03) (7.87) (7.91) (8.6) (7.9) (7.97) (3.73) (3.85) (3.85)
Beta -0.014** -0.018** -0.017** -0.031** 0.036** -0.035** 0.006 0.002 0.002
(-2.8) (272)  (2.64) (-3.56) (-3.2) (-3.13)  (1.41) (0.51) (0.58)
Investment 0.001 -0.002  -0.002  -0.006 0.010*  -0.010* 0.015** 0.012*  0.012*
(0.33) (-048)  (-0.52)  (-1.07) (-1.85)  (-1.9) (2.54) (1.87) (1.86)
Dividend-to-book 0.008 0.007 0.007 0.004 0.003 0.003 0.013 0.015 0.014
(1.64) (1.7) (1.61) 0.72) (0.64) (0.52) (1.33) (1.52) (1.51)
Top10 ownership 0.023***  0.024*** 0.003 0.004 0.037***  0.037+**
(3.85) (3.79) (0.52) (0.53) (4.17) (4.14)
Mutual Fund ownership 0.016** 0.026*** 0.006
(2.8) (3.66) (1.01)
Panel B: Mutual funds not owned by pension plans
All Funds Mutual Funds ETFs
) @ ®) 4) ) (6) @) ®) ©)
IO‘*_[]i}t"(n) 0.106*** 0.085** 0.080**  0.099*** 0.079* 0.063*  0.097** 0.074*** 0.081***
(4.75) (3.53) (3.11) (3.65) (2.53) (1.78) (4.82) (4.23) (4.69)
Log market-to-book 0.761*** 0.765"** 0.765"** 0.719***  0.719*** (0.718** 0.808*** 0.811*** 0.810***
(18.7) (18.33)  (18.31) (14.47)  (1391) (14.23) (10.64) (10.12) (10.13)
Log book equity 1.340%**  1.354%**  1.354* 1.262%%*  1.264** 1.263*** 1443 1462 1.462***
(21.70)  (20.65)  (20.60) (17.64)  (17.10) (17.43) (17.85) (17.21) (17.22)
Operating profitability ~ 0.007 0.006 0.006 0.001 -0.001  -0.001  0.023*  0.026 0.026
(0.58) (0.43) (0.45) (0.11) (-0.14)  (-0.07)  (1.81) (1.61) (1.59)
Beta -0.010  -0.011  -0.011  -0.022 -0.027*  -0.026*  0.009 0.012*  0.012
(-117)  (-118)  (-1.15)  (-1.66) (-1.83) (-1.78)  (1.35) (1.78) (1.68)
Investment 0.018** 0.017**  0.017**  0.016* 0.016 0.016 0.017*** 0.017*** 0.017***
(3.10) (289) (2.86) (1.84) (174 (170) (377) (315  (3.19)
Dividend-to-book -0.868  -0.743  -0.727  -2.162*  -2.032* -1971* 0.996*  1.020*  1.003
(-117)  (1.01) (-098) (210) (2.02) (-1.91) (1.95) (1.80)  (L.77)
Top10 ownership 0.036***  0.036*** 0.027*  0.026* 0.045%**  0.044***
(3.26) (3.24) (1.87) (1.82) (3.57) (3.47)
Mutual fund ownership 0.011 0.037* -0.015*
(1.17) (2.21) (-1.92)

Table A.1: Demand system estimation - Stock level I0"'¥(1), observations not AUM-weighted. This table
reports estimates of the panel regression

g <ZZZEZ; ) = by + Bo,mby(n) + BiXe(n) + B0 (n) + i + 1134 ()

where r?z\bt(n) is the instrumented market-to-book equity, and X;(n) includes the same variables as in Koijen
and Yogo (2019), i.e., log book equity, operating profitability, stock market beta, investment, and dividend-to-
book ratio. I Of[)lgtk (n) is the 401K plans ownership of stock 1 (excluding the effect through investor i), and «; ; are
fund-by-time fixed effects. The funds in the regressions are not AUM-weighted. Columns (1)-(3) report results
using all funds (including index mutual funds and ETFs), columns (4)-(6) using only active mutual funds, and
columns (7)-(9) using only active ETFs. Variables are standardized to have unit-standard deviation. Standard
errors are double clustered by fund and time. The sample period is from 2007 to 2020. *p<0.1; **p<0.05;
***p<0.01.
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All Funds Mutual Funds ETFs
@) @) 3) ) ©) (6) @) (®) ©)
I Oﬁ?lk 0.168***  0.167***  0.165***  0.240***  0.232***  0.228**  -0.060 -0.054 -0.053
(3.38) (3.31) (3.28) (4.29) (4.1) (4.06) (-1.1) (-1.01) (-1.02)
Log market-to-book 0.457**  0.444**  0.452**  0.513**  0.490** 0.492** 0.416™* 0.422**  0.431**
(7.83) (7.66) (7.84) (9.08) (8.9) (8.98) (4.36) (4.53) (4.67)
Log book equity 0.949**  0.974***  0.995"* 0.810"** 0.834** 0.851*** 0.961*** 0.985***  0.999***
(19.56)  (18.86)  (19.27)  (1327)  (12.81)  (1293) (12.01) (11.98) (122)
Operating profitability ~ 0.074***  0.083***  0.089***  0.033***  0.042***  0.049™** 0.067***  0.069***  0.072***
(887)  (921)  (9.73)  (3.6) (441)  (532)  (413)  (400)  (415)
Beta -0.064***  -0.075*** -0.067*** -0.053** -0.061*** -0.054*** -0.070*** -0.079*** -0.074***
(-5.69)  (-5.4) (-488)  (-419)  (-405)  (3.73)  (-3.84) (414) (-3.87)
Investment -0.067*** -0.076** -0.077*** -0.061*** -0.070** -0.070** -0.038** -0.044*** -0.044***
(-6.6) (-8.15) (-8.34) (-6.38) (-8.6) (-8.78) (-3.02) (-3.41) (-3.48)
Dividend-to-book -0.059***  -0.052** -0.046*** -0.090*** -0.081*** -0.075** 0.007 0.011 0.013
(-5.3) (-4.94) (-4.46) (-8.56) (-8.49) (-7.87) (0.34) (0.53) (0.64)
Top10 ownership 0.073***  0.056*** 0.078***  0.059*** 0.051**  0.043**
(5.26) (3.71) (6.05) (4.08) (2.81) (2.38)
Mutual Fund ownership 0.141%** 0.124*** 0.082***
(11.68) (10.54) (5.71)

Table A.2: Demand system estimation - Fund level IO??“‘, observations not AUM-weighted. This table

reports estimates of the panel regression

w; (1)
log (w,-,t(O)

) = bo + Bombi (n) + B{Xs(n) + B2IOM™ + oy + 113 (n)

where mb;(n) is the instrumented log market equity-to-book equity, and X;(n) includes the same variables
as in Koijen and Yogo (2019), i.e., log book equity, operating profitability, stock market beta, investment, and
dividend-to-book ratio. I O;‘/?”‘ is the 401K plans ownership of fund i, and a; are time fixed effects. The funds in
the regressions are not AUM-weighted. Columns (1)-(3) report results using all funds (including index mutual
funds and ETFs), columns (4)-(6) using only active mutual funds, and columns (7)-(9) using only active ETFs.
Variables are standardized to have unit-standard deviation. Standard errors are double clustered by fund and
time. The sample period is from 2007 to 2020. *p<0.1; **p<0.05; ***p<0.01.
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IO}9% 0.23**  0.26™*  0.18*
(3.42) (3.29) (2.33)
Log market-to-book 0.75%*  0.70%*  0.64***
(7.89)  (6.87)  (6.25)
Log book equity 12700 1219 1.18***

(1529) (13.32) (13.59)
Operating Profitability ~ 0.03**  0.04**  0.05**
(2.66) (2.84)  (4.09)

Beta -0.03**  -0.03**  -0.03**
(-2.87)  (-2.60) (-2.83)
Investment -0.01 -0.01 -0.01
(-1.07)  (-1.20) (-0.74)
Dividend-to-book -0.04**  -0.04**  -0.02
(-296) (-3.01) (-1.59)
Fund size -0.40***  -0.30*** -0.22***
(-5.87) (-424) (-3.72)
Time fixed effect Yes Yes Yes
Fund family fixed effect ~ No Yes Yes
Fund style effect No No Yes

Table A.3: Robustness for fund level I Oﬁ?lk. This table reports estimates of the panel regression

log (Zi't ((g))> = by + Bo,mbi(n) + BiXe(n) + B2IOM™ + Fundsize; s + ay + 114 (n)
it

where mb;(n) is the instrumented log market equity-to-book equity, and X;(n) includes the same variables
as in Koijen and Yogo (2019), i.e., log book equity, operating profitability, stock market beta, investment, and
dividend-to-book ratio. I O:%?lk is the 401K plans ownership of fund 7, and &; are time (year) fixed effects. We
include additional fund-level controls to rule out potential endogeneity concerns. Fundsize;, is the log value of
a fund’s assets under management. Column (1) reports results with time fixed effects, while column (2) reports
results with time fixed effects and fund family fixed effects. Column (3) also includes fund style fixed effects.
The funds in the regressions are AUM-weighted. The sample period is from 2007 to 2020. *p<0.1; **p<0.05;
#*p<0.01.



Internet Appendix B Holdings Data: Additional Analysis

and Robustness

B.1 Thomson Reuters s34 Holdings

The analysis in Section 4 relies on data from Morningstar, which provides detailed hold-
ings of individual mutual funds and ETFs. Instead, the analysis in Section 4.1 relies on
the Thomson Reuters’ s34 file, which provides aggregated holdings of all funds under the
manageraAZs control (Koijen and Yogo (2019), Koijen et al. (2022)).

Table B.1 repeats the same analysis presented in Table 2 but at the fund family level,
i.e., using the s34 data. Importantly, the coefficient on stock-level ownership remains large
and significant. In particular, we find that the coefficient of .218 is close in magnitude to
the one reported in column (4) of Table 2, despite the fact that s34 fund-family holdings
blend together ETFs and mutual funds.

Thomson Reuters (s34) holdings

Coefficient  s.e. t-stat
10401 (1) 0.218** 0.037  5.830
Log market-to-book 1.514%** 0.162  9.350
Log book equity 1.893*** 0.067  28.300
Operating profitability ~ 0.006 0.007  0.830
Beta 0.056% 0.030 1.840
Investment 0.036* 0.020  1.810
Dividend-to-book -0.135%** 0.031 -4.300

Table B.1: Demand system estimation - Stock level I0/%' (1) with s34 holdings. This table reports estimates
of the panel regression

o (2408 ) — o+ oy ) + B () + BaIOF (n) + i + 13,00
it

where n/ﬁa[(n) is the instrumented market-to-book equity, and X;(n) includes the same variables as in Koijen
and Yogo (2019), e.g., , log book equity, operating profitability, stock market beta, investment, and dividend-to-
book ratio. 079 (n) is the 401K plans ownership of stock 1, and a;; are manager-by-year fixed effects. The
mutual fund institutions in the regressions are AUM-weighted. Variables are standardized. Standard errors
are double clustered by fund institution and time. The sample period is from 2007 to 2020. *p<0.1; **p<0.05;
*#**p<0.01.
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The coefficients on the other characteristics, e.g., beta, investment, and dividend-to-
book are small in both datasets. Overall, it appears that the empirical results using the s34
dataset are in line with those reported in Section 4 and, thus, the analysis in Section 4.1 is

informative of the equilibrium price impact of a change in 401(k) stock-level ownerhship.

B.2 Holdings scraped directly from 13F filings

In this section, we repeat our computation of the equilibrium price impact presented in
Section 4.1 using the 13F filings data provided by Backus et al. (2021). These authors
collected 13F filings from the SEC’s EDGAR database since electronic filing was made
mandatory in 1999, and addressed gaps in coverage and errors that appear in commer-
cial datasets of institutional holdings (e.g., Thomson Reuters). The disadvantage of such
dataset is that we cannot anymore exploit the Koijen and Yogo (2019) classification of in-
stitutions into six types. Thus, in the estimation, we abstract from investor types and (1)
keep institutions with more than 1,000 strictly positive holdings separate; (2) group insti-
tutions with fewer than 1,000 holdings based on TNA, so that each group has on average
2,000 holdings.

Figure B.1 is the counterpart of Figure 5. Importantly, both the coefficient governing
the elasticity of demand, and the coefficient on 401(k) stock-level ownership display a
similar range in terms of magnitude across the two datasets. It is therefore not surprising
that the cross-sectional distribution of aggregate price impact across stocks reported in
the top left panel of Figure B.2 remains economically sizable: a one standard deviation in-
crease in 401(k) ownership, around 1.3% in 2007 and 1.6% in 2016, leads to a price impact
(for the median stock) slightly less than 40 percent in 2007 and about 90 percent in 2016.
Similarly to the s34 dataset, we observe a stronger price impact for large stocks (bottom
right panel), with a sharp increase in 2015, and little difference for stocks sorted on mar-
ket betas (bottom left panel). The main difference across the two datasets is observed for
stocks sorted on book-to-market. In particular, the scraped data of Backus et al. (2021)

suggest a larger impact for growth stocks.
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Figure B.1: Price impact: relevant coefficients. This figure shows the annual coefficient on log market-to-book
(top panel) and stock-level 401(k) ownership (bottom panel) for financial institutions in Backus, Conlon and
Sinkinson (2021), estimated annually, by GMM with zero weights. Variables are standardized (within each
year) to make coefficients comparable. We report the cross-sectional mean of the estimated coefficients by
institutions, weighted by assets under management. The coefficient on 401(k) ownership is multiplied by 100.

Panel A: Log Market-to-Book
log MB

N/

e AUM-weighted average
= == 20th percentile
== 80th percentile

/\ /,
-
i \ /'
o \ PR
PR \ T T —— LZ
7 N . =
- \’
2008 2010 2012 2014 2016
Year
Panel B: Stock-level 401(k) Ownership
Stock401k
———
/‘/ ~.
/ﬂ‘, \n_"\. o
c ~

=  AUM-weighted average
= == 20th percentile
=1 80th percentile

——— PR
”¢ = \\\ m———
~\~,z \\\
2008 2010 2012 2014 2016
Year

The sample period is from 2007 through 2016.
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Figure B.2: Institutional price impact. This figure shows the price impact of a change in the stock-level 401(k)
ownership estimated through the diagonal elements of the matrix M defined in (6) using holdings data from
Backus, Conlon and Sinkinson (2021). The top left panel shows the 10th percentile, median and 90th percentile
of price impact across all stocks. The remaining panels plot the average price impact across the stocks in the
top quintile and bottom quintile of portfolios sorted on (top right), beta (bottom left), and size (bottom right),
using NYSE break points as cutoffs.



Internet Appendix C Data Cleaning Procedure

C.1

1.

10.

BrightScope and Morningstar (MS)

We match funds held in 401(k) plans with Morningstar holdings.

. We remove mutual funds whose portfolio weights as reported by Morningstar are

different from the correct portfolio weights calculated using holdings values and

total net assets, as in Péstor et al. (2015).

. We merge fund characteristics (e.g., fund TNA) from Morningstar with the dollar

allocation of 401(k) plans to funds from BrightScope. We then calculate our I
variable, a fund’s 401(k) ownership. We drop funds where I O?,?lk <Oorl O?/?lk > 1.

401k
Oi,t

Our analysis focuses on equities, hence we only keep equity mutual funds having

an equity ratio > 0.75.

. We merge fund holdings with firm data from CRSP and COMPUSTAT, replacing

missing dividends as zero.
We drop fund-stock observations with missing characteristics.

We define the investment universe for each fund as described in the paper. We only
keep funds with clearly defined investment universes (e.g., the number of stocks in

the investment universe is greater than zero)

. We drop funds holding fewer stocks than the fifth percentile in the cross-section of

funds, every year (approx. 15 stocks).

. As in Koijen and Yogo (2019), each year, we winsorize profitability, investment, and

market beta at the 2.5th and 97.5th percentiles to reduce the impact of outliers. Since
dividends are positive, we winsorize dividends to book equity at the 97.5th per-

centile. We also winsorize log(book equity) at the 2.5th and 97.5th percentiles.

We winsorize funds’ total net assets (TNA) at the 97.5th percentile, every year, to

deal with outliers.
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11.

In the GMM estimation, we keep zero-weight holdings, e.g., stocks in a fund’s in-
vestment universe, but currently not being held by the fund. Zero-weight holdings

must have non-missing characteristics.

Estimation

e In the pooled regressions, we implement 2SLS with instrumented log market-to-

C.2

C3

book, and use fund TNA as weights.
For GMM, we include zero holdings of a stock, and use fund TNA as weights.

As in Koijen et al. (2022), we impose the economic constraint log(MB) < 1 in all the

estimations.

The price impact analysis is based on yearly GMM estimations.

Thomson Reuters s34 Holdings

. We use the same institutional types as in Koijen and Yogo (2019).

We merge the s34 holdings data with CRSP and COMPUSTAT.
We define the investment universe for each institution.

In the GMM estimation of price impact, we pool institutions into groups by type and
TNA as in Koijen and Yogo (2019), include holdings with zero weights (e.g., belong-
ing to the investor’s investment universe, but not currently owned), and calculate

the instrument based on these pooled groups.

Scraped Holdings from 13F Filings

We follow Backus et al. (2021), and use their 13F scraped holdings between 2007 and
2016.

We merge these holdings with CRSP and COMPUSTAT, and define the investment

universe for each institution.
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3. We drop institutions holdings less than 100 stocks at any given time, and pool in-
stitutions into groups by TNA as in Haddad et al. (2022). We then calculate the

instrument based on these pooled groups.

4. We estimate the price impact via GMM, including holdings with zero weights (e.g.,

belonging to the investor’s investment universe, but not currently owned).
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All Funds Mutual Funds ETFs
@ 2 (©) 4 ©®) (6) @) ®) 9
IOfOi}tk(n) 0.133*** 0.107*** 0.096** 0.179*** 0.140*** 0.107** 0.116*** 0.093*** (.088***
(19.89) (25.71) (16.79) (10.00) (7.62) (5.24) (9.63) (8.32) (7.36)
Log market-to-book 0.939*** (0.934*** 0.939%* 0.441*** (0.429*** 0.440™* 0.961*** (0.953*** (.955***
(18.47) (18.40) (18.62) (5.16) (4.78) (4.90) (20.88)  (21.28)  (21.49)
Log book equity 1.572***  1.580*** 1.583*** (.983*** (.994*** 1.002*** 1.518%** 1.524*** 1.525***
(25.06) (25.08) (25.12) (11.86) (11.32) (11.40) (63.65) (66.93) (66.38)
Operating profitability ~ 0.017**  0.018**  0.019**  0.065*** 0.065*** 0.068*** 0.019**  0.022*** (.023***
(2.92) (2.90) (2.97) (4.01) (4.29) (4.46) (2.73) (3.57) (3.55)
Beta -0.003  -0.006 -0.004  -0.022** -0.026** -0.023* 0.002 -0.002  -0.001
(-091) (-1.52) (-1.25) (-2.41) (-2.53) (-2.23)  (0.30) (-0.25)  (-0.15)
Investment 0.010**  0.009*  0.008*  0.000 -0.005  -0.005  0.010 0.006 0.006
(2.95) (1.86) (1.81) (-0.01) (-0.33) (-0.37)  (1.63) (1.02) (0.98)
Dividend-to-book 0.003 0.005 0.004 -0.024  -0.018 -0.019  0.006 0.007 0.007
(0.60) (1.20) (0.99) (-1.7) (-1.27)  (-1.36)  (0.69) (0.79) (0.76)
Top10 ownership 0.054***  0.056*** 0.075***  0.077*** 0.049***  0.050***
(6.54) (5.93) (3.68) (3.46) (5.21) (4.79)
Mutual fund ownership 0.023** 0.074*** 0.013
(2.63) (3.73) (1.55)

Table C.1: Demand system estimation - Stock level IO°'¥ () TN A unwinsorized. This table reports estimates

of the panel regression

Wi ¢ (n
log <Wi,t(0)

)

) =bo + ﬁo/i@t(”) + 81X (n) + ,521060,'1,{{(") a4 1 (1)

where 77z\bt(n) is the instrumented market-to-book equity, and X;(n) includes the same variables as in Koijen
and Yogo (2019), i.e., log book equity, operating profitability, stock market beta, investment, and dividend-to-
book ratio. I Ofogtk(n) is the 401K plans ownership of stock n (excluding the effect through investor i), and «; ;
are fund-by-time fixed effects. The funds in the regressions are AUM-weighted. Columns (1)-(3) report results
using all funds (including index mutual funds and ETFs), columns (4)-(6) using only active mutual funds, and
columns (7)-(9) using only active ETFs. Variables are standardized to have unit-standard deviation. Standard
errors are double clustered by fund and time. The sample period is from 2007 to 2020. *p<0.1; **p<0.05;
***p<0.01.
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