University of

Massachusetts
Ambherst

Essays on the Asset Pricing Anomalies

Item Type Dissertation (Open Access)

Authors Koh, Kyungyeon (Rachel)

DOl 10.7275/11830758.0

Download date 2026-07-11 02:57:59

Link to Item https://hdl.handle.net/20.500.14394/17517



http://dx.doi.org/10.7275/11830758.0
https://hdl.handle.net/20.500.14394/17517

ESSAYS ON THE ASSET PRICING ANOMALIES

A Dissertation Presented

by
Kyungyeon (Rachel) Koh

Submitted to the Graduate School of the
University of Massachusetts Amherst in partial fulfillment
of the requirements for the degree of

Doctor of Philosophy

May 2018

Management



© Copyright by Kyungyeon Koh 2018
All Rights Reserved



ESSAYS ON THE ASSET PRICING ANOMALIES

A Dissertation Defense Presented

By
KYUNGYEON (RACHEL) KOH

Approved as to form and content by:

Sanjay Nawalkha, Co-Chair

Mila Getmansky Sherman, Co-Chair

Ben Branch, Member

Bing Liang, Member

Robert Pollin, Outside Member

George R. Milne, Ph.D. Program Director
Isenberg School of Management



DEDICATION

To my grandparents, mom, dad, sister, and brother



ACKNOWLEDGEMENTS

| would like to express my sincere thanks to my advisors, Sanjay Nawalkha and
Mila Sherman, for being my role model in every aspect. Together they have enlightened
my academic career by believing in my potential and setting high expectations of me. |
would also like to extend my gratitude to the members of my committee, Ben Branch, Bing
Liang, and Robert Pollin for their genuine interests in contributing to all stages of this
dissertation.

| thank all finance faculty members for first admitting me to this program and
giving me the opportunity to learn freely and explore my interests. | am grateful to have
had friendly, intelligent finance PhD colleagues along the way, from whom | always
learned very much. Thank you for all your helpful feedback on my work.

| wish to express my deep appreciation to all those whose friendship has made this
tough path easier to walk. A special thank you to Kawon Kim and Kaeun Kim for the
unforgettable, fun times that made this PhD life quite enjoyable. Huge thanks are due to
Sangyeon Cho who genuinely cared for my success.

Lastly, I thank my dad, Jaehan Koh, for exposing me to the field of finance and for

believing that | am also capable of accomplishing what you did.



ABSTRACT
ESSAYS ON THE ASSET PRICING ANOMALIES
MAY 2018
KYUNGYEON KOH, B.A. CORNELL UNIVERSITY
Ph.D., UNIVERSITY OF MASSACHUSETTS AMHERST

Directed by: Professor Sanjay Nawalkha, Professor Mila Getmansky Sherman

This dissertation aims to shed light on the source of the asset pricing anomalies by
investigating behavioral and rational explanations. The first essay, “Asset Efficiency and
the Asset Growth Anomaly,” examines the source of the asset growth anomaly. I present
findings that the anomaly is driven by inefficient firms, which support the behavioral
hypothesis that investors on average underreact to some firms’ overexpansion. Firms with
past records of high asset efficiency relative to their industry peers do not suffer lower
stock performance following high growth. The overarching impact of asset efficiency
shows that firm skill is highly relevant, for effective corporate strategy should balance
growth with capability to maintain and profit from that growth.

The next chapter, “Do Financing Costs Matter for the Investment Anomalies?”
shows supporting evidence for a shared role of behavioral and rational elements in
explaining the anomalies. It comprehensively evaluates whether firms’ financing
constraints explain the investment anomalies, including the asset growth anomaly,
incorporating advanced proxies for financing constraints. The main contribution is to
demonstrate that both mispricing and investment-friction channels reinforce each other in
explaining the negative investment-return relation.

The third chapter, “Style Investing: New Evidence from Mutual Fund Flows,”

empirically validates the style-investing behavior of mutual fund investors and explores

Vi



the pricing implication for stocks by utilizing mutual fund flows. Barberis and Shleifer
(2003) initially explore the idea of style investing with an assumption that investors choose
styles based on the recent past style performance. I find evidence that mutual fund investors
allocate to winner styles and withdraw from loser styles based on the recent past style
performance, consistently with Barbaris and Shleifer’s assumption. Next, | examine the
pricing implications of the mutual fund flows by style. The evidence shows the Granger-
causality of the style flows and the underlying stock returns in both directions.

Neither the rationalists nor the behavioralists have been able to comprehensively
explain all of financial market dynamics. This thesis urges the current asset pricing research
to stay open-minded to consider various possibilities and viewpoints and be prepared to

come up with narratives not confined to a single set of theory.
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CHAPTER |

ASSET EFFICIENCY AND THE ASSET GROWTH ANOMALY

A. Introduction

The asset growth anomaly, the negative relation between the growth rates in total assets
and future average returns, is a persistent phenomenon in the U.S. and international stock markets.
Cooper, Gulen, and Schill (2008) show that the growth of total assets on balance sheets predict the
cross-section of stock returns. During the period from Jan 1966 to Dec 2015, the highest asset-
growth decile of stocks underperformed the lowest decile by 7.3% per year in the U.S.
Subsequently, Gray and Johnson (2011), Watanabe, Xu, Yao, and Yu (2013), and Titman, Wei,
and Xie (2013) find the asset-growth effects in other countries. While the asset pricing literature
acknowledges asset growth as one of the most robust return predictors, the cause of the effect is
unclear. Some studies attribute the effect to behavioral biases of investors and corporate managers
and others to market imperfections in the realm of rationality.

This research contributes positively to the behavioral mispricing view that the anomaly is
driven by investors’ underreaction to overinvestments. The key contribution is that large asset
growth only leads to stock underperformance among firms that are least efficient in deploying
assets. On the other hand, firms with a history of above-average asset-efficiency do not
underperform following large growth. Less adept firms with large growth most likely invested
beyond the optimal point, subsequently failing to meet performance expectations. The asset
efficiency is quantified using the industry-adjusted asset turnover (ATO*), sales divided by net
operating assets. Industry-adjusting extracts firm-specific skills, which is critical because asset

turnover is largely a function of industry membership (Soliman, 2004). The asset growth leading



to underperformance of firms on average strongly depends on whether the firm is efficient and
capable. The evidence also weakly suggest that investors may be underreacting to large growth in
general, including good investments by efficient firms.

| present evidence distinguished from prior behavioral-based studies. For instance, Chan,
Karceski, and Sougiannis (2008) find that the asset growth anomaly disappears for the most
profitable firms and is concentrated among the least profitable. They explain that least profitable
firms most likely face high agency costs, which leads to overexpansion. However, | find that even
among the least profitable firms, the ones with high asset efficiency do not experience the asset
growth effect. In fact, I even find a slight outperformance for asset-efficient firms that increased
assets the most. This is surprising, as the literature’s common finding has been that the anomaly is
due to the negative abnormal performance of the high asset-growth firms. At the least, the analysis
suggests that profitability alone is not a good proxy for agency costs.

Mispricing and market imperfection elements, such as limits to arbitrage, investment
frictions, and uncertainty, strengthen the asset growth anomaly. However, a more surprising result
is that even among firms that face the least of these concerns, the asset growth effect is strong if
they lack asset efficiency. For instance, firms with lowest idiosyncratic volatility (a proxy for
arbitrage costs) experience a strong asset growth effect only among the low asset-efficient firms.
This is a distinguished finding as most prior studies find that the asset growth anomaly is weak or
non-existent among firms with low arbitrage costs (Li and Zhang, 2010; Lam and Wei, 2011). The
anomaly also exists for firms with lowest investment frictions if the firms also have low asset-
efficiency. The results uncover the overarching effect of the firm’s efficiency in the asset growth

anomaly.



The remainder of this paper is organized as follows. In Section 2, I explain the motivation
for this research through a literature review and develop the main hypothesis. In Section 3, |
explain the data and the variables used for analysis and provide descriptive statistics. In Section 4,
| present the main results using portfolio and regression analysis. The last sections consist of a
series of robustness tests, confirming the persistent role of asset efficiency in various subsamples

motivated by prior studies.

B. Motivation and Hypothesis Development

The behavioral hypotheses assume that investors and managers can be irrational and/or
cognitively-biased decision makers. Two behavioral concepts relevant to the asset growth anomaly
are extrapolation and underreaction. Extrapolation refers to forming expectations based on the past
and has been widely applied to explain various financial phenomena such as bubbles and
momentum (Barberis, Greenwood, Jin, and Shleifer, 2015). In the context of the asset growth
anomaly, this idea relates the return predictability to investors placing too much weight on the past
asset growth (Lakonishok, Shleifer, and Vishny, 1994; Cooper et al). Chan et al. argue that
extrapolation is an unlikely explanation by finding that past performance measures do not detract
from the asset growth effect.

The underreaction hypothesis holds both investors and corporate managers accountable for
the asset growth effect: overconfident or self-serving managers (empire-builders) over-invest, and
investors do not fully bet against them. This resonates with the agency cost theory of Jensen (1986).
Malmendier and Tate (2005) argue that overconfident managers can also exhibit suboptimal
investment behavior. Titman, Wei, and Xie (2004) find that increases in capital investments lead

to lower stock returns, supporting investor underreaction of managerial empire building. Chan et



al. show that the return predictability is stronger for firms that are likely to face high agency costs
(when the past profitability is low and corporate governance is weak).

| incorporate the notion of asset efficiency to distinguish legitimate investments from
overinvestments. To quantify asset efficiency, | use asset turnover, computed as sales (SALE) to
net operating assets (NOA). Deflating SALE by NOA instead of total assets (AT) help us focus on
the operating activities that mainly drive firm value, instead of the financing activities (Nissim and
Penman 2001, Esplin, Hewitt, Plumlee, and Yohn 2014)%. The main hypothesis is motivated by
the intuition that skilled firms need not experience lower average stock performance because there
is less concern of suboptimal corporate decisions.

H1: Large asset growth negatively predicts stock returns only for asset-inefficient firms.

Next, | investigate the relation between the asset growth anomaly and firm’s investment
opportunities. Reasonable proxies for investment opportunities, although imperfect, are Tobin’s Q
and recent industry revenue growth. Tobin (1969) defines this ratio as the market value of assets
divided by its replacement cost. He proposes that it be used to measure the firm’s incentive to
invest in capital. Q remains a controversial proxy due to its measurement issue, but is still a widely-
used metric to quantify a firm’s investment opportunities (Erickson and Whited, 2002). Assuming
an efficient market and constant investment opportunities, firms with Q greater than unity have
stronger incentives to purchase new assets, as goods and services from capital are valued more
highly than their cost. As they face diminishing returns on investment, the Q will revert back to
the equilibrium value of unity?. If investors do not fully account for this diminishing returns on

investments, then stock performance may subsequently fall. This predicts that the asset growth

11 also compute SALE to total assets (AT), repeat the procedures, and find that the results are mostly robust, but
weaker in some robustness analyses in Section 4.

2 Hayashi (1982) provides that average Q and marginal Q are essentially equivalent for perfectly competitive, price-
taking firms, whereas average Q is higher than marginal Q for price-setters by the degree of monopoly rents.
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effect will be stronger among the high-Q firms. Asset efficiency will add greater heterogeneity in
the degree of diminishing returns; that is, inefficient firms will face higher diminishing returns on
investment than efficient firms. Low-Q firms will have less incentives for large investments unless
growth is critical for operations. This analysis suggests that they may be less impacted by
diminishing returns.

Although the Q-theory builds on market efficiency, prices frequently deviate from rational
expectations (Shiller 1980). For instance, Dot-com companies in the late 1990s were valued on
bloated expected profits with limited or no track record of sales or earnings. The market can
overreact by writing up the value of assets, which leads to high value of Q. If firms decide to grow
their capital based on the irrationally-formed high Q, they are exposed to the danger of
overexpansion (a subtle difference from the managerial overconfidence hypothesis, as
overconfidence is more of a personality.) and subsequently lower stock performance if investors
initially underreact. In short, overvalued firms have a higher tendency to over-expand. This
scenario leads to the same prediction that among the high-Q firms, the asset growth effect will be
stronger. If managers mistake the high-Q as a signal for growth, then the degree of overexpansion
and investor underreaction will be more severe for firms lacking the skills for growth. In the asset
pricing literature, book-to-market-equity (BEME) ratio is used as a proxy for market valuation of
equity, and BEME and Q are highly correlated. This, too, motivates the issue of a higher tendency
of overvalued firms to over-expand.

Industry sales growth is defined as the percent change in the sum of revenues of all firms
belonging to the same industry, using Fama-French 49 industry classification. Firms in the industry
that has recently been booming have greater incentives to invest more. Whether or not the industry

boom is a correct signal for corporate investments, history (such as the internet or biotech boom)



shows that firms frequently follow the industry trends. If firms without skills merely follow trends
and engage in expansion, they are at risk of overinvestment and disappointing future performance.
Firms with skills will be the ones that lead the trends to persist and stabilize the industry growth.

H2. The asset growth effect is stronger for firms with high Tobin’s O and high industry

revenue growth.

H2a. For firms with high Q and high industry growth, asset growth effect is stronger for

asset-inefficient firms than efficient firms.

H2b. For asset inefficient firms, the asset growth effect is stronger for those with high Q

and high industry growth.

Shleifer and Vishny (1997) argue that some anomalies can persist in the long run, like size
and value/growth anomalies, if arbitrageurs are discouraged and/or constrained from acting on the
mispricing. They argue that betting against small stocks and value stocks relative to their
counterparts is risky, and arbitrageurs in the real world may not be able to afford to bear that risk.
A conventional way to test for mispricing in an anomaly is by using the proxies for arbitrage costs.
High idiosyncratic volatility (IVOL) and lower dollar trading volume (dVOL) represent
characteristics of firms with high arbitrage costs from the arbitrageurs’ perspective. Cooper et al.
find that smaller stocks experience a stronger asset growth effect. Li and Zhang (2010) and Lam
and Wei (2011) proxy for arbitrage costs using IVOL, trading volume, and transaction costs. Both
studies find that the asset growth anomaly is stronger among firms with higher arbitrage costs,
supporting the mispricing view. However, disentangling which specific behavioral/ nonbehavioral
aspect is responsible for the mispricing in the first place is still difficult.

H3: The asset growth effect is stronger for firms with high limits to arbitrage.



H3a: At all levels of arbitrage costs, the asset growth effect is greater for asset-inefficient

firms than efficient firms.

H3b: For asset-inefficient firms, the asset growth effect is greater for firms with high

arbitrage costs.

Hypothesis 3 (H3) is to confirm the prior studies’ findings. H3a tests whether asset-efficient firms
consistently outperform asset-inefficient firms following large growth, for legitimate growth is of
less concern for underreaction. H3b tests whether the concentration of the persistent anomaly
among inefficient firms is indeed driven by mispricing not acted upon by arbitrageurs. Finding
that the negative return relation is stronger among high arbitrage-cost firms will gain support for
the mispricing driven by underreaction.

A suggested channel through which rational market participants can generate the asset
growth effect is through firms’ financing constraints. In an imperfect market with informational
asymmetry, agency costs, and transaction costs, internal and external financing are not perfect
substitutes, and smoothing investments becomes more challenging for firms (Fazzari, Hubbard,
Petersen, Blinder, and Poterba, 1988, Kaplan and Zingales, 1997). This leads us to the Q-theory
of investment with investment frictions developed by Li and Zhang (2010), where the anomaly is
likely the byproduct of a firm’s investment optimization process: firms increasing investments
must have low discount rates, especially so if they face high investment frictions. This theoretical
notion is testable by using proxies for financing constraints and testing whether the asset growth
effect is stronger among more constrained firms. Using the asset size, dividend payout, and credit
rating as proxies for investment frictions, Li and Zhang (2010) do not find strong evidence for the
role of investment frictions in strengthening the anomaly, while Lam and Wei (2011) do. More

recent studies support the rational hypothesis as well. Watanabe et al. (2013) and Titman et al.



(2013) cast doubt on the mispricing argument by utilizing the international evidence that the asset
growth effect is stronger in developed countries where the mispricing is less likely. As the literature
has not reached a consensus about the investment frictions and asset growth effect, testing the next
hypothesis will contribute to the debate.

H4: The asset growth effect is stronger for firms with high investment frictions.

H4a: At all levels of investment frictions, asset growth effect is stronger for asset-

inefficient firms than efficient firms.

H4b: For asset inefficient firms, the asset growth effect is stronger for those with high

investment frictions.
H4a and H4b address how firm skills would affect the discount-rate channel motivated by the Q-
theory with investment frictions. H4a tests whether less adept firms consistently require lower
discount rate for financing, in which case the asset growth effect will be stronger for low ATO™
firms. H4b tests whether the rational process is at work to generate a stronger asset growth effect

among the inefficient firms. If so, the anomaly will be stronger for high investment friction firms.

C. Data and Descriptive Statistics

Stock market data are from the Center for Research in Security Prices (CRSP), and the
accounting data from Compustat annual industrial file. The sample includes firms listed on the
NYSE, AMEX, and NASDAQ stock exchanges from Jan 1966 through Dec 2015 and only the
common shares (with share code of 10 or 11). To identify a firm’s industry, I use the 49 industry
classification provided by Fama and French (1997). Each month, the four-digit SIC code
determines its assignment in one of the 49 industries. Because | leave out utility and financial firms

(SIC Code from 4900-4999, 6000-6999), the sample firms are classified into 43 industries. Firms



with missing observations for any variable used to construct the summary statistics in Table 1,
except for buy-and-hold returns for the next 2-3 years (BH2YR, BH3YR), are omitted from the
sample. To mitigate survivorship bias, all firms need to have existed in Compustat for at least two
years. Accounting data are assumed to be published four months after the end of the fiscal year.
The majority of firms in the sample ends their fiscal year in December, so their financial statements
would be observable by the end of the next April. Hence, the annual rebalancing month is set to
April®. The latest fiscal data are utilized for firms whose fiscal year ends in a month other than
December.

Table 1 and Table 2 presents descriptive statistics for the full sample and for subsamples,
respectively, and Table 3 is the correlation matrix for the main variables. The full sample has
86,562 firm-year observations, 7,152 unique firms with 1,803 firms a year on average. To quantify
the degree of asset efficiency, the asset turnover (ATO), measured as SALE divided by NOA, is
adjusted for industry following 49 Fama-French classification and subtracting the industry median
from each firm observation. In order to suppress the outliers, all variables are winsorized at 1%
and 99%, except for the return variables. The statistics are time-series averages of annual value-
weighted cross-sectional averages.

To construct Table 2, stocks are independently sorted 3-by-3 on asset growth and ATO™
at the end of April in year t. The asset growth (dAA), the percent change in total assets (AT) from
year t-2 to t-1, is negative for the lowest dAA group, suggesting disinvestment by some firms in
the sample. Tobin’s Q and industry sale growth (IndSG) is increasing with asset growth in each
ATO™ subset, suggesting that firms facing higher investment opportunities have higher growth

rates on average. Q is calculated as book value of total assets + market value of equity (ME) —

3 Assuming 6-month lag until the financial statements are made public and setting the rebalancing month to June
does not affect the result.



book value of equity (BE), divided by book value of total assets. Market equity (ME) is fiscal-year
closing price times common shares outstanding. BE is the book value of equity, calculated as the
stockholders equity (SEQ), plus balance sheet deferred taxes and investment tax credit (TXDITC),
minus book value of preferred stock in the following order: PSTKRV or PSTKL or PSTK (Fama
and French 1997).

As Tobin’s Q and BEME are correlated, BEME is decreasing with dAA. High ATO™
stocks are more profitable by the return on NOA (RNOA, operating income before depreciation
divided by NOA) and larger on average by the market capitalization (Size $b) and by the book
value of total assets (AT $b). Firms with lower payout ratios have higher asset growth, suggesting
that retained earnings are used for investments. The variable Distressed, a dummy for negative
sales growth in the past two years, shows that downsizing firms tend to be more distressed in terms
of sales growth. The components of assets, which are the net stock issuance (NSI), capital
expenditure (Chg_CAPX), and net property, plant, and equipment (Chg_PPENT) seem to be
contributing to the total asset growth, as they increase with dAA. The positive association with
NSI suggests that firms use external financing for investments. For the highest dAA firms, the
buy-and-hold returns over the 1-year, 2-year, and 3-year (BH1YR, BH2YR, BH3YR) are all
negative.

Table 3 shows the pairwise cross-sectional spearman correlations for each year and report
time-series averaged correlations. The significance of the correlation is determined by the standard
errors for the time-series mean. The correlations confirm some observations seen in Table 2: asset
growth is correlated with Tobin’s Q, accruals (ACC), and the payout ratio; the correlation with
next buy-and-hold 1-year return is significantly negative. Importantly, dAA is not correlated with

asset efficiency, although investors would hope that asset-efficient firms are more likely to invest
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more and grow assets. This observation is an important precursor to the overinvestment as the

source of the asset growth anomaly.

D. Main Results

First, | examine the asset growth effect in the full sample. At the end of every April, stocks
are assigned to an asset growth (dAA) deciles and the top and bottom extreme deciles are held for
one year. The excess monthly portfolio return (%) is computed as the time-series average of value-
weighted stock returns over the risk-free rate. The risk-adjusted portfolio return (4-factor alpha) is
the estimated intercept from the following regression:

Re. = ap +0, JMKTRF, +Db,,SMB, +b;, ,HML, +b, JUMD, + &, (0.1)
where R_ is the return on portfolio p over the risk-free rate; MKTRF, SMB, and HML are returns

on the market, size, and book-to-market factors, respectively, in Fama and French (1993); UMD
is the return on the momentum factor in Carhart (1997). The panel A of Table 4 presents the
portfolio analysis for the full sample, showing the raw and risk-adjusted returns on the extreme
dAA deciles and the spread between the two extreme quintiles; the Figure 1 is the histogram
showing the risk-adjusted returns on all quintiles. In my sample from 1965 through 2015, the
monthly (annualized) value-weighted risk-adjusted return earned by long-short portfolio on dAA
is 0.36% (4.4%) on average.

Next, | split the full sample by the average of the past two years’ industry-adjusted ATO
(hereafter, | simply denote the averaged ATO™ as ATO*.) and form the dAA quintiles in each

subsample. Figure 1 and Table 4 show that the asset growth effect is specific to the inefficient
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sample of firms, while the effect completely disappears in the efficient sample®. In Figure 2, the
mean excess returns on low and high dAA are plotted around the formation month ‘0’ for each
subsample of ATO* . The drop in returns over the next 1-2 years after the formation is much more
severe for low asset-efficient firms. The pattern supports the hypothesis of investor underreaction,
rather than extrapolation of past asset growth. For high ATO* firms, the gap in returns between
the low and high dAA is virtually non-existent.

To address the issue that asset efficiency and profitability (RNOA) are highly correlated,
the panel C in Figure 1 and the panel B in Table 4 present the analysis after separating firms into
the most (above 70" pctl) and least (below 30" pctl) profitable group. Before incorporating asset
efficiency, the dAA effect is specific to the lowest profitability subsample, which is consistent
with Chan et al.’s finding. Then, | independently sort the firms 3x3 on RNOA and ATO* and
analyze the extreme intersection groups for the dAA effect. The minimum number of unique firms
in each of 9 intersecting subsamples in a given year is maintained at 60. In terms of risk-adjusted
returns, the effect disappears in the lowest RNOA subsample when firms are asset-efficient. In
fact, a positive abnormal return is found for efficient firms with largest growth in both most
(0.384**) and least profitable (0.412*) subsamples. Also, the dAA effect does plague the
inefficient firms even in the high-RNOA group (0.34*). Above all, the dAA effect appears
strongest in the least profitable and least inefficient firms, implying that the two features seem to
aggravate the effect together. Chan et al. explains that profitability proxies for agency costs, and
firms with higher agency costs are more likely to overinvest. In light of my analysis, profitability

appears to be an imperfect proxy for agency costs. The panel C in Figure 1 visualizes the finding

4 Asset turnover is a Dupont component of profitability, another component being the profit margin (gross profit to
sale). Profit margin reflects a firm’s pricing power and does not provide much intuition for the asset growth
anomaly.
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that the highest dAA quintiles in the efficient subsample do not underperform. In fact, the efficient
firms with highest growth outperform the efficient firms with lowest growth, which is the reverse
of the dAA effect.

In addition to the portfolio return analysis, | estimate the following Fama and MacBeth
cross-sectional regressions of monthly excess returns (%) on asset growth (dAA) and control
variables measured in the fiscal year ending in calendar year t-1 in the full sample and

subsamples split by RNOA and ATO*:

XRet,,, =a,+hdAA +¢/,,, | -

XRet,,, = a,+b,dAA +c,Size; +d,BEME, +&,MOM, +¢,,, _ _ _ 0.2)
XRet,,, = a,+b,dAA +c,Size, +d,BEME; +e,MOM; + f,Accrual; + g,OR' + h,NSI +¢;

Excess returns (XRet) are the difference between stock returns and one-month Treasury bill rate
(from Kenneth French’s website). In the first (second and third) column(s), the entire sample (low
and high groups from RNOA) are split into low and high asset turnover (ATO*¥) firms based on
the average of the past two-year ATO. The annual accounting variables are lagged at least 4
months to ensure that stock market participants have access to the data available at the time of
portfolio formation. The monthly variables are lagged one month. The t-values are

corrected for heteroskedasticity and serial correlation, using the Newey-West (1987) estimator
with up to 12 lags. | exclude all microcap stocks in the regression analysis to prevent a very large
number of tiny stocks that together make up less than 20% of the entire sample from driving the
result (See Section 5.4). MOM is the past 12-month cumulative return skipping a month before
the formation date. Following Sloan (1996), accrual (ACC) is measured as ACurrent Assets(ACT)-
ACash and short-term investments(CHE)-(ACurrent Liabilities(LCT)-ADebt in Current

Liabilities(DCL)-ATaxes Payable(TXP))-Depreciation and Amortization Expense(DP) divided by

AT. OP is the operating profitability calculated as SALE - cost of goods sold (COGS) - Selling,
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General and Administrative Expense (XSGA) + Research and Development Expense (XRD)
scaled by lagged BE.

The regression analysis in Table 6 supports my hypothesis that the asset-growth effect
exists only in low profitability for the full sample and only in low asset-efficiency groups for the
subsamples, controlling for other factors. For profitable stocks, dAA even carries positive
coefficients although insignificant. The third regression specification with the most number of
controls including NSI really places dAA in a strict test, because NSI is also a similarly related
investment anomaly (Lyandre, Sun, and Zhang, 2007). Table 4 and 6 will be revisited throughout

the rest of the paper.

E. The Robustness of the Asset-Efficiency Effect

1. Acquisitions and the Asset Growth Anomaly

The increase in assets may be due to acquisitions of other companies and their assets.
Studies show that acquiring firms in takeovers often experience lower stock returns (Loughran and
Vijh 1997, Moeller, Schlingemann, and Stulz 2005.) Business takeovers and mergers are important
sources of the increases in firm assets. | use the variable Acquisitions (AQC) from Compustat to
distinguish firms that have used substantial amount of funds for acquiring other firms. This item
represents cash outflow of funds used for and/or the costs relating to acquisition of a company in
the current year or effects of an acquisition in a prior year carried over to the current year. In my
sample, the AQC variable has 7,256 missing observations (8.38% of the sample), the mean of
$55.13m, and standard deviation of $473.22m. Of the non-missing, positive AQC observations
(26,982 observations out of 79306), the mean of AQC is 166.42, the median is 14.64, 75% quantile

is 73.63, and 95% quantile is 611.45. | take the missing observations as experiencing no cash
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outflows related to acquisitions. The data verify that firms highly ranked by asset growth are
relatively more likely to have larger positive cash outflows. The firms in the highest quintile of
dAA has the mean AQC value of 123.81 (SD=759.2) and those in the lowest quintile of dAA has
the mean of 13.2 (SD=199.46), with the monotonically increasing difference in between quintiles.

To exclude firms whose substantial growth in assets coincide with large positive values of
AQC, of the firms in the first and second highest dAA quintiles, | filter out firms whose AQC
exceeds the 75% percentile in each quintile, and | repeat the main sorting and regression analyses.
The sorting results in Table 5 and the regression results in Table 7 show that the conclusion remains

unchanged after excluding firms with high asset growth and high acquisition cash outflows.

2. Investment Opportunities and the Asset Growth Anomaly

Tobin’s Q and recent industry sales growth (IndSG) can signal investment opportunities
for a firm. Higher Q and higher IndSG will provide firms greater incentives to invest in capital
(Tobin 1969). Ideally, the incentive to expand should accompany skills to manage the growth. In
this section, | examine the dynamics of investment opportunities, asset efficiency, and asset growth
to shed light on the source of the anomaly. At the end of April of each year t, all firms are sorted
independently 3x3 on Q (or IndSG) and ATO* for the fiscal year ending in calendar year t-1
using the breakpoints for all public firms traded on NYSE, Amex, and Nasdaq. If asset-efficiency
partake in the asset growth effect, we should observe the negative return relation for inefficient
firms regardless of market valuation of assets.

In panel C in Table 4, the results before incorporating on ATO* suggest that both rational-
and irrational price predictions (Hypothesis 3) are rejected as the asset growth effect does not exist
among the high-Q firms. However, joint subsamples with ATO* suggests otherwise. The asset-

growth effect exists only among the low asset-efficiency firms in the high-Q group. The inefficient
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firms in the high-Q group suffer especially low returns after adjusted for risks, whereas the
inefficient firms in the low-Q group do not experience significantly negative returns. This result
offers two possible interpretations. First, if the rational-price hypothesis is adopted, and high Q is
taken as an appropriate trigger for growth, then inefficient firms may suffer higher diminishing
returns on investment than efficient firms, subsequently underperforming. Alternatively, if the
irrational-price hypothesis is adopted, then investors severely underreact to over-investments made
by inefficient firms whose managers mistakenly regarded their high-Q as a signal for growth. Both
managers and investors can be tricked by the “glamour” of the stocks, but the hard truth may be
that the firm lacks skills to manage the growth, which investors fail to see. Interestingly, high-Q
and high- ATO* firms earn positive future alphas upon asset growth, the reverse dAA effect,
perhaps suggesting investor underreaction to good investments. Both H3a and H3b posed in
Section 2 are supported by the data.

Industry revenue growth may be a better proxy for investment opportunities as Tobin’s Q
suffers from measurement issue. Also, whether Q reflects, market valuation driven by investor
sentiments or investment opportunity is not certain. Before introducing ATO* , the firms
belonging to the low IndSG industry are the only ones exhibiting the dAA effect, again rejecting
H3. However, following the bivariate sorting with ATO*, the effect appears strong in the high
IndSG and inefficient firms. This is consistent with the hypothesis that firms that merely follow
the industry trends without skills to accommodate the growth have disappointing performance.
The finding that the effect is nonexistent among the efficient firms supports that investors
underreact to bad investments.

Panel C of Table 6 presents the Fama-Macbeth regression analysis, showing the slopes on

dAA in three different specifications. The results are a little contradictory to the portfolio analysis,
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frequently showing stronger negative coefficients on the high ATO* firms. For instance, in the
low-Q group, the coefficients on dAA are stronger in the efficient group. However, this can be
resolved by comparing the results to the alphas in the panel C in Table 4. The negative coefficients
are probably driven by the outperformance of the lowest dAA quintile, which had an alpha of
0.757***. The intuition for this result may be that when the investment opportunity is low, efficient
firms downsize the scale in a more effective way than inefficient firms, taking advantage of the
decreasing returns to scale. If investors are not taking this into account fully, then their stock
performance will subsequently rise. In the high Q group, the negative coefficients are significant
only among the low ATO® firms, consistently with the rationale provided by H3a. For the low
IndSG group, the regression coefficients show the dAA effect only among the inefficient firms,

consistently with H3a, but the results are not robust for the high IndSG.
3. Limits to Arbitrage and the Asset Growth Anomaly

Prior studies investigate whether the asset growth effect is stronger among firms with
higher costs to arbitrage. Shleifer and Vishny (1997) state that some firms have a high degree of
unpredictability, which makes betting against them risky for undiversified, specialized arbitrageurs.
In this section, | examine subsets of firms split by idiosyncratic volatility (IVOL) and dollar trading
volume (dVOL) to proxy for arbitrage costs. Firms with high IVOL and low dVOL have higher
tendency to be persistently mispriced due to high arbitrage costs. IVOL, a widely-used proxy for
arbitrage risk or noise trader risk, is calculated as the standard deviation of the residuals after
monthly stock returns are regressed on the following time-series Fama-French 3-factor model over

36 months with a minimum of 36 months ending on April 31 of vyear t:
R =& +b;MKTRF, +b,SMB, +b;HML, +¢&, , where R is the monthly return on stock i, and

MKTRF, SMB, and HML are market factor, size factor, and value/growth factor, respectively.

17



Consistently with other studies’ findings (Li and Zhang, 2010; Lam and Wei, 2011) and
Hypothesis 3 (H3), the high IVOL (low dVOL) firms exhibit stronger asset growth effect than low
IVOL (high dVOL) firms, as shown by the panel D in Table 4. However, while they find no asset
growth effect among low IVOL and high dVOL firms, | show that even among the low IVOL
firms and high dVOL firms, inefficient firms exhibit a significant dAA effect. Among the high-
ATOfirms in the low IVOL group and high dVOL group, the 4-factor alpha is significantly
positive for firms with largest asset growth (0.477***, 0.645***). Interestingly, the
outperformance of efficient firms in the lowest dAA quintile is higher in the high IVOL group.
This suggests that investors initially underreact (or negatively react) to legitimate downsizing
events by firms, but this tendency is not corrected by arbitrageurs. Among the inefficient firms,
the effect is stronger among the high arbitrage cost group, which supports the hypothesis 3B that
the dAA effect concentrated among the inefficient firms is likely driven by mispricing.

The regression results in panel D in Table 6 show that in all subsamples, the negative slopes
on dAA are higher in magnitude (when significant) in the inefficient firms than in the efficient
firms. To summarize this section, the portfolio and regression analyses support the mispricing
argument posed by H3a and H3b. Limits to arbitrage effects are strong as the asset growth effect
is greater for stocks with higher arbitrage costs. However, the role of asset efficiency is enduring

in the absence of high arbitrage costs.

4. Investment Frictions and the Asset Growth Anomaly

One possible channel through which rational market participants can generate the asset
growth effect is financing constraints. In the neoclassical Q-theory with investment frictions
developed by Li and Zhang 2010, when investment frictions are low, investment is more flexible

to changes in the discount rate. With frictions, investment entails deadweight costs and becomes
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less adjustable to the discount rates. Assuming rationality, this effect means that for firms facing
higher costs to incur large growth, they must have very low discount rates to justify their
investment. In other words, the asset growth effect must be stronger for firms with higher financing
constraints. Li and Zhang (2010) and Lam and Wei (2011) tested this hypothesis using asset size,
dividend payout, and bond rating as proxies for investment costs but find contradictory results.
Firms with smaller (larger) asset size, lower (higher) payout, and with (without) rating for public
debt are considered to be more (less) financially constrained and expected to exhibit stronger
(weaker) asset growth effects. | reexamine the hypothesis using the same proxies but also bringing
asset efficiency into the analysis for additional insight.

At the end of April of each year t, firms are independently sorted 3x3 on the average of
past two years” ATO*¥and a given investment-friction measure, using the breakpoints for all public
firms traded on NYSE, Amex, and Nasdaqg. The first proxy is the book value of total assets (AT).
The second proxy is the payout ratio, computed as the ratio of total distributions including
dividends for preferred stocks (DVP), dividends for common stocks (DVC), and share repurchases
(PRSTKC) divided by operating income before depreciation (OIBDP). Following Li and Zhang, |
classify firms with the negative earnings in year t-1 to the high payout group if the total distribution
IS positive. In contrast to Li and Zhang, | do not classify non-dividend paying firms into the high
investment-friction group if the firms have two consecutive years of negative sales growth in year
t-2 and t-1. The intention is to differentiate firms that cannot afford to pay out versus those that do
not pay out because they want to retain earnings for less costly future growth. This procedure will
make the payout ratio a less noisier proxy for financing constraints. The third proxy is the
availability of S&P credit rating in the Compustat database. Each stock is assigned to one of two

groups based on the availability of credit rating for a firm (Rating) in the Compustat annual file.
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Rating is a variable that equals 1 if the firm is rated at end of fiscal year t-1 and 0 otherwise. Small-
asset, low payout, and no rating represent high investment frictions.

Panel E in Table 4 presents the portfolio analysis results for the effect of financing
constraints on the dynamics of asset efficiency and asset growth. First, I verify that the asset growth
effect appears to be specific to firms with high investment frictions, supporting the hypothesis 4
(H4) and the Q-theory with investment frictions as the explanation for the anomaly. However,
incorporating ATO™, the asset growth effect reappears for all low investment-friction groups for
the inefficient group. This finding is distinguished as we expect to find no or little asset growth
effect among financially less-constrained firms. In the efficient group, high dAA quintiles in low
investment friction samples earn positive abnormal returns (0.294***, 0.425*** 0.49***) driving
away the anomaly. The observation that the dAA effect is specific to inefficient firms is less robust
in the high investment frictions subsamples.

The Fama-Macbeth regression analysis in panel E of Table 6 is consistent with the portfolio
analysis. In the low investment-friction subsamples, dAA, carries significantly negative
coefficients that are stronger for the inefficient group for each proxy. A possible interpretation in
the rational context is that inefficient firms require lower discount rates than efficient firms to
acquire external financing. However, the portfolio and regression analyses pose ambiguity in
answering the question given by H4b, whether the investment friction is mainly responsible for
the concentration of the effect among the inefficient firms. Although the alphas in the portfolio
analysis were consistent with H4b, the negative coefficients in the regression result are larger in
magnitude for low investment friction subsamples, which contradicts H4b. The combined results
yield more support for the limits-to-arbitrage explanation as H3b was supported by both portfolio

and regression analyses.
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While Li and Zhang show support for the mispricing hypothesis in the limits-to-arbitrage
context, Lam and Wei conclude that both mispricing and investment frictions are, to varying
extents, responsible for the anomaly, which the results here also resonate with. To summarize this
section, | find evidence that firms with greater investment frictions experience a greater asset
growth effect, but the role of asset-efficiency also partakes in the effect among the low investment-

friction firms.
5. The Equal-Weighted Portfolios and Microcaps

For the purpose of this section, at the end of April of each year from 1967 to 2015, | assign
each stock to a size group as follows: firms above the 50th NYSE market capitalization percentile
into large, firms below the 20th N'YSE into microcap, and all others into small®. There are 2488
large unique firms, 3563 small firms, and 4848 microcaps in the full sample. In Section 4 and 5,
the portfolio analyses included all stocks including microcaps, which were value-weighted in the
portfolios, and the Fama-Macbeth regression analyses excluded microcaps. In this section, I show
that the results are unique to non-microcap firms, are weaker upon equal-weighting in the portfolio
analyses, and are not robust upon inclusion of microcaps in Fama-Macbeth regressions. And | offer
an explanation.

First, I show that the asset growth effect is a small-firm phenomenon, consistent with some
prior studies that find a stronger asset growth effect among microcaps (Cooper et al. 2008). Figure
3 shows histograms of 4-factor risk-adjusted returns on the dAA quintiles in each size group, the
spreads between the low and high, and their significance. In the large group, the dAA effect is

virtually non-existent, while it is large and significant in the microcap group. Next, | split firms in

5 The procedure of assigning firms into size groups follows Fama and French (2008). The average market
capitalization of firms in big, small, and microcap groups is $7309m, $485m, and $83m, respectively.
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each size group by asset efficiency and observe the dAA effect by subsamples. The role of asset
efficiency disappears for the microcaps, yielding almost no difference in the dAA-return relation
between the efficient and inefficient group. The microcap panel in Figure 3 illustrates that the asset
growth strongly remains in the asset-efficient firms. Meanwhile, the dAA effect exists only among
the inefficient group in the small and large group. For the large firms, the dAA effect that was non-
existent reappears in the inefficient firms. The hypothesis that firms that have skills and grow
legitimately need not experience lower performance is supported the most in small and large
groups.

Across all size groups, efficient firms in general perform better than the inefficient firms
following large growth. However, in the microcap group, all asset growth quintiles in the efficient
group have higher performance uniformly, whereas in the small and large, the highest dAA
quintiles in the efficient group stand out in performance over their inefficient counterparts. This
seems to be the pervasive observation that can explain why the results are not robust upon equal-
weighting or including microcaps. Given that microcaps outnumber either the small or large firms,
making up over half the number of firms in my sample, equal-weighting them in the portfolio
analyses or including them in the regression will mute the impact of asset efficiency and equally
show the dAA effect in both efficient and inefficient groups.

The uniformly higher returns for all asset growth quintiles among efficient microcap stocks
over the inefficient counterparts keep the asset growth effect intact in both low and high ATO®
subsamples, controlling for profitability. Table 8 shows the equal-weighted raw and risk-adjusted
returns on the dAA low and high quintiles in the full sample and subsamples. The asset growth
effect exists in both low and high ATO* subsamples. The reason is the significant outperformance

of the efficient, lowest quintiles over the inefficient, lowest quintiles. Figure 4 plots the 4-factor
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alphas on the dAA quintiles for the full sample and subsamples. In contrast to the value-weighted
portfolios, the efficient subsample also exhibit an asset growth effect, owing to the influence of
the microcaps. This is also the case when we control for profitability. The value-weighted
portfolios only had the efficient, highest quintiles outperforming, not the efficient, lowest quintiles.
Table 9 presents the Fama-Macbeth regression results including the microcaps. Consistently with
the portfolio analyses, the slopes on dAA are almost equivalent in low and high ATO*¥ subsamples,
as regressions equal-weight the observations. In some subsamples such as low RNOA, low dVOL,
low IVOL, high dVOL, high AT, and high Payout groups, the impact of asset efficiency is still
visible. That the dynamics between asset efficiency and asset growth anomaly is unique to non-
microcap firms is an interesting finding.

Next, | show that the results are robust upon a slight modification to the subsampling
method. Previously, | had pooled all non-microcap firms every year to split them by asset
efficiency or with another measure. Now, | split firms in each size group to form subsamples and
check if the impact of asset efficiency is still visible. Specifically, at the end of April of year t,
each stock is assigned to one of three size portfolios. Stocks in each size portfolio are further split
independently by asset efficiency and another given measure (for profitability, investment
opportunities, investment fricitons, and limits to arbitrage). High (low) ATO* stocks, which
comprise the most (least) efficient stocks in all three size groups, are assigned to asset growth
quintiles, value-weighted, and held for one year. For regression analysis, the sample subsampling
method is used, but microcaps are excluded. This analysis is to check the robustness of the main
results and to confirm that the results are not driven by a sampling method. The portfolio and
regression results in Table 10 and 11 corroborate the robustness in the impact of asset efficiency,

showing the strong dAA effect only in the inefficient group of firms.
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F. Conclusion

In the last 10 years, asset growth has robustly predicted the cross-section of stock returns
both domestically and internationally. While most behavioral studies have investigated
overinvestment by firms, this research probes into legitimate large growth and searches for any
indication of the legitimacy. In conclusion, this study presents evidence that support behaviorally-
triggered mispricing as the source of the anomaly by finding that justified growth, captured by
firm skills in asset efficiency, does not lead to lower average stock performance. The dominant
role of asset-efficiency is striking; inefficient firms persistently exhibit the asset growth anomaly
and efficient firms do not, controlling for profitability, investment frictions, and arbitrage costs.

The evidence presented in this study is largely supportive of the underreaction-to-
overinvestment hypothesis. This study explains what should be on the other side of the same coin.
If firms that over-expand (for various reasons such as overconfidence, asymmetric information,
and agency costs) experience stock underperformance, it should follow that adept firms that
legitimately expand should at least not underperform. One limitation of the current study is that
this paper does not answer the question of whether the systematic investor underreaction to the
firm events is cognitively triggered; that is, the results cannot assure that the underreaction is truly
behavioral, albeit possible. The analysis with investment frictions shows some promising results
in the direction of a shared role between behavioral and rational elements in causing the anomaly.
The two effects do not need to be mutually exclusive. Also, another issue to be resolved is that the
proxies for limits to arbitrage and investment frictions are highly correlated. Further research in
improving the methodology needs to investigate the relative influence of mispricing and frictions

in explaining the anomaly.
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Asset efficiency emerges as the strongest determinant of the existence of the asset growth
anomaly. Firm skill is highly relevant, for a good corporate strategy should balance growth with
capability to maintain that growth. In that sense, lack of asset-efficiency raises a red flag for fast-
growing firms, which is reminiscent of some Dot-com companies back in the late 1990s.

That there is a slight outperformance of the high dAA firms over the low dAA firms among
the efficient firms (without statistically significant difference) suggests that investors do not
underreact to good investments by the skilled firms as much as they do to bad firms’ large
investments. An interesting point is that if investors stay cognizant of the presence and impact of
informational asymmetry and are cautious of overinvestments by firms, they may be biased against
large firm growth altogether and may not fully trade on the event. In fact, the results weakly
suggest that underreaction to all large asset growth, not just an over-growth, is a possibility.

Studies have raised various hypotheses to explain the asset growth anomaly, and they are
not necessarily mutually exclusive. Further research can address the dynamics of the behavioral

and rational elements in explaining the source of the unresolved asset pricing anomalies.
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Figure 1: Risk-adjusted returns on asset growth quintiles in the full sample and subsamples split by asset
efficiency and profitability

In panel A, at the end of April of year t, all stocks in the sample are sorted into quintiles on asset growth (dAA).
Stocks are held for one year. The histogram plots the risk-adjusted portfolio return, the estimated intercept from the

following regression:
Rp,t =+ blMKTRFt —+ bQSMBt —+ bgHMLt —+ bgUMDt + Et

where R, is the return on portfolio p over the risk-free rate; MKTRF, SMB, and HML are returns on the market,
size, book-to-market factors, and momentum factors. Statistical significance for low-minus-high spread at the 10%,
5%, and 1% levels are represented by *, ** and *** respectively. For panel B, each stock in the full sample is
assigned to high (below 30th percentile) or low (above 70th) group based on the average of the past two-year
adjusted asset turnovers (ATO°Y).Within each ATO*¥ portfolio, stocks are sorted into quintiles on dAA. For panel
C, each stock is assigned to high (below 30th percentile) or low (above 70th) group based on return on net operating
assets (RNOA) in year t-1. RNOA is calculated as operating income before depreciation (OIBDP) divided by NOA.
Stocks in each profitability group are assigned to high or low group, based on the average of the past two-year
ATO% . The low (high) ATO®¥ portfolio combines the lowest (highest) stocks from all RNOA groups. Within each
AT O% portfolio, stocks are sorted into dAA quintiles.
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Figure 2: Average monthly returns around the event

At the end of April of year t, each stock is assigned to high (below 30th percentile), middle, or low (above
70th) group based on the past return on net operating assets (RNOA) in yeat t-1. Stocks in each RNOA
group are assigned to high (above 70th pctl) or low group (below 30th pctl), based on the average of the past
two-year adjusted asset turnovers (ATO%¥). The inefficient (efficient) firms combine the lowest (highest)
ATO% groups from all three RNOA groups, essentially controlling for profitability. Within each ATO%%
portfolio, stocks are sorted into quintiles on asset growth (dAA). The plot represents the average excess
returns from t-3 to t+3 around the formation month, April, of the lowest and highest dAA quintiles.
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Figure 3: Risk-adjusted returns on asset growth quintiles in the full sample and subsamples split by asset
efficiency by size group

At the end of April of year t, each stock is assigned to one of three size portfolios: firms above 50th NYSE
market capitalization percentile into large, firms below 20th NYSE market capitalization percentile) into
microcap, and all others into small. Stocks in each size portfolio are further split 2x2 independently by
asset efficiency and profitability (return on net operating assets, RNOA). High (low) ATO%¥ stocks, which
comprise the most (least) efficient stocks in all of two RNOA and three size groups, are assigned to asset
growth quintiles, and held for one year. The histogram plots the risk-adjusted portfolio return (4-factor «),
which is the estimated intercept from the following regression:

Rp,t = Oé+b1MKTRFt+bQSMBt —|—b3HMLt —|—b3UMDt + &¢

, where R, is the return on portfolio p over the risk-free rate; MKTRF, SMB, and HML are returns on the
market, size, and book-to-market factors, respectively, in Fama and French (1993); UMD is the return on
the momentum factor in Carhart (1997). The sample period covers April 1967 through Dec 2015. Statistical
significance for low-minus-high spread at the 10%, 5%, and 1% levels are represented by *, ** and ***
respectively. The 4-factor alphas on the dAA quintiles for all subsamples split by profitability and AT Q%%
are shown on the histogram.
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Figure 4: Risk-adjusted returns on asset growth equal-weighted quintiles in the full sample and
subsamples split by asset efficiency and profitability

In panel A, at the end of April of year t, all stocks in the sample are sorted into quintiles on asset growth (dAA).
Stocks are held for one year. The histogram plots the risk-adjusted portfolio return, the estimated intercept from the

following regression:
Rp,t = o+ blMKTRFt + bQSMBt =+ bSHMLt =+ b3UMDt + Et

where R, is the return on portfolio p over the risk-free rate; MKTRF, SMB, and HML are returns on the market,
size, book-to-market factors, and momentum factors. Statistical significance for low-minus-high spread at the 10%,
5%, and 1% levels are represented by *, ** and *** respectively. For panel B, each stock in the full sample is
assigned to high (below 30th percentile) or low (above 70th) group based on the average of the past two-year
adjusted asset turnovers (AT0%?). Within each ATO*¥ portfolio, stocks are sorted into quintiles on dAA. For panel
C, each stock is assigned to high (below 30th percentile) or low (above 70th) group based on return on net operating
assets (RNOA) in year t-1. RNOA is calculated as operating income before depreciation (OIBDP) divided by NOA.
Stocks in each profitability group are assigned to high or low group, based on the average of the past two-year
ATO%. The low (high) ATO®¥ portfolio combines the lowest (highest) stocks from all RNOA groups. Within each
ATO portfolio, stocks are sorted into dAA quintiles.

29



Table 1: Descriptive statistics

See the appendix for variable descriptions. The sample period covers 1963 through 2016, and the sample
firms must have at least 2 years of Compustat data and have no missing observations for all variables except
for BH2YR and BH3YR. The total number of firm-year observations in the data is 86,562. All variables are
winsorized at 1% and 99%, except for the return variables. The statistics are time-series averages of annual
value-weighted cross-sectional averages.

Mean  StdDev Min Max
ATO 2.47 2.13 0.1 24.5
ATO%% 0.47 1.88 -5.57 19.53
RNOA 0.79 0.79 -2.19 11.08
dAA 0.13 0.29 -0.58 4.77
Size ($b) 2.76 14.83  0.0005 546.06
AT ($b) 2.47 15.19  0.0007 797.77
BEME 0.77 0.65 0.02 13.12
ACC -0.03 0.09 -0.43 0.58
oP 0.41 0.24 -0.35 1.29
IVOL 0.11 0.06 0.03 0.58
dVOL($h) 4.34 25.19 0 253.73
AQC($m) 55.13  473.22  -4,507 43,123
Q 1.66 1.17 0.4 14.66
IndSG 0.1 0.16 -0.6 1.84
Payout 0.21 0.37 0 5.34
Rating 0.66 0.47 0 1
Distressed 0.1 0.3 0 1
Chg_CAPX 0.33 1.07 -0.94 11.98
NSI 0.02 0.09 -0.43 1.01
Chg PPENT 0.13 0.33 -1 2.81
PR1YR 0.119 0.61 -0.949  32.85
BH1YR 0.117 0.61 -0.950 36.13
BH2YR 0.0173  0.196 -0.374  0.548
BH3YR 0.0344  0.219 -0.491  0.557
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Table 2: Descriptive statistics by bivariate subsamples

See the appendix for variable descriptions. At the end of April of year t, stocks are independently sorted
3-by-3 on asset growth and ATO%¥. The sample period covers 1963 through 2016, and the sample firms
must have at least 2 years of Compustat data and have no missing observations for all variables except for
BH2YR and BH3YR. The total number of firm-year observations in the data is 86,562. All variables are
winsorized at 1% and 99%, except for the return variables. The statistics are time-series averages of annual
value-weighted cross-sectional averages.

Asset Growth Low Medium High
ATO Low  Medium  High Low  Medium High Low  Medium  High
#Firms 185 167 162 164 183 167 165 164 185
ATO 1.265 1.617 3.269 | 1.293 1.712 3.383 | 1.260 1.740 3.951
ATO -0.772 0.023 1.614 | -0.860 0.033 1.701 | -0.775 0.037 2.057
RNOA 0.476 0.622 1.017 | 0.524 0.750 1.016 | 0.568 0.811 1.462
dAA -0.028  -0.025  -0.029 | 0.084 0.083 0.085 | 0.342 0.309 0.317

Size ($b) 29.632  24.384  37.443 | 45.603  40.840  47.531 | 42.473  36.693  44.751
AT ($b) 36.665  24.812  27.895 | 56.366  29.434  32.745 | 31.293  18.623  20.429

BEME 0.736 0.675 0.629 | 0.538 0.499 0.507 | 0.432 0.382 0.386
ACC -0.051 -0.059  -0.061 | -0.035  -0.043  -0.043 | -0.015  -0.027  -0.024
OPpP 0.310 0.370 0.402 | 0.342 0.435 0.465 | 0.356 0.457 0.521
IVOL 0.076 0.072 0.071 | 0.065 0.061 0.064 | 0.076 0.074 0.077
dVOL($b) 3.584 2.736 4.019 | 4.049 3.474 3.883 | 7.161 5.406 5.965
Q 1.500 1.695 1.794 | 1.783 2.144 2.131 | 2.561 2.667 3.009
IndSG 0.090 0.083 0.073 | 0.111 0.101 0.104 | 0.119 0.130 0.145
Payout 0.342 0.335 0.389 | 0.260 0.292 0.300 | 0.192 0.209 0.221
Rating 0.744 0.707 0.775 | 0.871 0.817 0.815 | 0.820 0.789 0.807

Distressed 0.137 0.123 0.154 | 0.031 0.030 0.055 | 0.009 0.015 0.010
Chg CAPX 0.007 0.000 0.060 | 0.116 0.101 0.139 | 0.356 0.354 0.376
NSI 0.000 -0.005  -0.007 | 0.003 0.003 -0.004 | 0.031 0.034 0.033
Chg PPENT  -0.003  -0.005 0.015 | 0.089 0.074 0.089 | 0.311 0.260 0.282

PR1YR 0.080 0.087 0.081 | 0.059 0.052 0.088 | 0.074 0.049 0.048
BH1YR 0.066 0.070 0.070 | 0.021 0.036 0.024 | -0.034 -0.005  -0.002
BH2YR 0.102 0.103 0.109 | 0.020 0.052 0.041 | -0.050  -0.015  -0.035
BH3YR 0.161 0.157 0.147 | 0.025 0.068 0.054 | -0.034 -0.014  -0.054
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Table 4: Value-weighted raw and risk-adjusted returns in the full sample and subsamples split by asset
growth and asset efficiency controlling for profitability, investment opportunities, limits to arbitrage, and
investment frictions

At the end of April of year t, stocks in the full sample and in extreme subsamples split by independently sorting on
asset efficiency and another given measure (for profitability, investment opportunities, investment fricitons, and limits
to arbitrage) are assigned to asset growth quintiles and held for one year. The excess monthly portfolio return (%)
is the time-series average of value-weighted stock returns over the risk-free rate. The risk-adjusted portfolio return
(4-factor «) is the estimated intercept from the following regression:

Rpt=a+biMKTRFt+ bsSMBy +bsHML; +bsUMD; + ¢

where R, is the return on portfolio p over the risk-free rate. Statistical significance at the 10%7 5%, and 1% levels
are represented by *, ** and ***, respectively. The low-high spreads for inefficient (low ATO%) and efficient (high
ATO%) firms are in bold.

Raw(%) 4-factor Alpha (%)
dAA All Low ATO%¥Y  High ATO¥ All Low ATOY  High ATOY
A. All Low 0.937***%  0.861*** 0.915%** 0.406***  0.401%** 0.365%**
High 0.348 0.135 0.686** 0.046 -0.156 0.405**
Low-High 0.589***  (0.726*** 0.229 0.360** 0.558%** -0.039
B. Profitability
Low RNOA Low 1.005%**  1.218*** 1.559%** 0.38** 0.647%%* 0.779%**
High 0.541* 0.454 0.616* 0.154 0.122 0.412%*
Low-High  0.464** 0.764*** 0.943*** 0.225 0.526** 0.367
High RNOA Low 0.478** 0.776%** 0.641%%* 0.121 0.337* 0.005
High 0.626** 0.391 0.713** 0.387** -0.01 0.384%*
Low-High -0.147 0.385* -0.072 -0.265 0.34% -0.382
C. Inv Opp
Low Low Q Low 0.939%**  (0.929%** 1.433%** 0.3* 0.246 0.757***
High 0.757***%  0.726%** 0.881*** 0.121 0.151 0.31
Low-High 0.182 0.203 0.552* 0.179 0.095 0.447
Low IndSG Low 0.91*** 1.003%** 1.295%** 0.364%**  0.416** 0.655%**
High 0.491* 0.557* 0.593** -0.02 0.215 0.275
Low-High  0.419** 0.446* 0.701*** 0.384** 0.202 0.38
High High Q Low 0.567***  0.778%** 0.428* 0.273** 0.46%** -0.008
High 0.476 0.251 0.645** 0.295* 0.062 0.387**
Low-High 0.091 0.527** -0.217 -0.022 0.398% -0.395%*
High IndSG Low 0.882***  1.076%** 1.247%%* 0.39*** 0.518%** 0.654%%*
High 0.443 0.124 0.662** 0.248 -0.03 0.45**
Low-High  0.439*%* 0.952%** 0.585%** 0.142 0.548%** 0.204
D.Limits to Arb
High High IVOL Low 1.176%**  1.303*** 1.772%%* 0.529%%*  (.692%** 0.913%**
High 0.087 0.157 0.354 -0.251 -0.126 -0.032
Low-High  1.089***  1.146%*** 1.419%** 0.78*** 0.817*** 0.944***
low dVOL Low 0.989%**  1.426%** 1.505%** 0.269** 0.706*** 0.742%%*
High 0.721%**%  (0.862*** 1.223%** 0.07 0.289* 0.645%**
Low-High 0.268** 0.564** 0.282 0.199 0.417* 0.097
Low Low IVOL Low 0.803***  (0.873*** 0.903*** 0.324%%*  (0.389%** 0.374%%*
High 0.321 0.314 0.706%** 0.064 -0.008 0.477%%*
Low-High  0.482***  0.559*** 0.197 0.26* 0.398** -0.102
High dVOL Low 0.621***  (0.831*** 0.801*** 0.207** 0.379%** 0.269%*
High 0.288 0.386 0.491 0.084 0.142 0.241
Low-High 0.333* 0.445** 0.31 0.123 0.237 0.027
E. Inv Frictions
High Low AT Low 0.882%**  1.2%** 1.299%** 0.343***  0.76%** 0.587#**
High 0.416 0.482 0.648* -0.047 -0.046 0.092
Low-High 0.466** 0.718*** 0.651*** 0.39** 0.806*** 0.495%*
Low Payout! Low 1.092%**  1.365%** 1.647%** 0.547*%*%  0.704%* 0.986%**
High -0.053 0.046 0.324 -0.303 -0.204 -0.044
Low-High  1.145%**  1.318%** 1.323%** 0.849%**  0.908** 1.03%**
No Rating Low 1.26%** 1.347%%* 1.537%** 0.743***  0.875%** 0.8017%**
High 0.42 1.025%* 0.553 0.102 1.208%** 0.008
Low-High 0.839***  0.322 0.863** 0.641** -0.334 0.794%**
Low  High AT Low 0.769%**  0.941%** 0.986*** 0.29%** 0.426%** 0.457+%*
High 0.367 0.322 0.563** 0.145 0.081 0.294**
Low-High 0.401** 0.619%*** 0.423* 0.145 0.345%** 0.163
High Payout Low 0.816***  1.128%** 0.998*** 0.315%**  (0.538%** 0.479%**
High 0.534** 0.337 0.747+%* 0.277*¥%*  0.033 0.425%**
Low-High 0.283** 0.791%** 0.251 0.038 0.505** 0.054
Rating Low 0.779%%*  (0.948%** 0.945%** 0.287*%*  0.377*** 0.483%**
High 0.477* 0.344 0.759%** 0.238%**  0.097 0.49%**
Low-High 0.301* 0.603*** 0.186 0.049 0.28% -0.007
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Table 5: Value-weighted raw and risk-adjusted returns in the full sample and subsamples split by asset
growth and asset efficiency controlling for profitability, investment opportunities, limits to arbitrage, and

investment frictions: Excluding firms whose large asset growth is primarily due to large

acquisitions

At the end of April of year t, stocks in the full sample and in extreme subsamples split by independently sorting on
asset efficiency and another given measure (for profitability, investment opportunities, investment fricitons, and limits
to arbitrage) are assigned to asset growth quintiles and held for one year. The excess monthly portfolio return (%)
is the time-series average of value-weighted stock returns over the risk-free rate. The risk-adjusted portfolio return
(4-factor «) is the estimated intercept from the following regression:

Rpt=a+biMKTRFt+ bsSMBy +bsHML, +bsUMD; + ¢

where R, is the return on portfolio p over the risk-free rate. Statistical significance at the 10%, 5%, and 1% levels
are represented by *, ** and ***, respectively. The low-high spreads for inefficient (low ATO%%) and efficient (high
ATO*%) firms are in bold.

Raw (%) 4-factor Alpha (%)
dAA All Low ATO%%  High ATO% All Low ATO%¥  High ATO%
A. All Low 1.087***  1.008*** 1.259%** 0.448%**  (.398%* 0.735%%*
High 0.522* 0.23 0.829*** 0.228* -0.111 0.494***
Low-High  0.564***  (.779%** 0.43* 0.221 0.509%** 0.241
B. Profitability
Low RNOA Low 1.173%F%  1.247%F** 1.276%** 0.57#%* 0.653%** 0.678%*
High 0.53* 0.485%* 0.681** -0.065 -0.02 0.278
Low-High  0.644%**  (0.762%** 0.596* 0.634** 0.673%** 0.4
High RNOA Low 0.491** 0.9%** 0.481** 0.128 0.446** 0.057
High 0.743** 0.353 0.93*** 0.472***  0.06 0.632***
Low-High -0.252 0.548 -0.449* -0.344 0.386 -0.575%*
C. Inv Opp
Low Low Q Low 0.885***  1.189%** 1.303%** 0.278 0.525%%* 0.67***
High 0.659** 0.721%%* 0.574%* -0.032 0.035 0.116
Low-High 0.226 0.467** 0.728** 0.31 0.49%* 0.554*
Low IndSG Low 0.864%**  (.979%** 1.066*** 0.237 0.36* 0.538%**
High 0.584** 0.66** 0.734%* 0.092 0.305 0.399**
Low-High 0.28 0.319 0.332 0.145 0.055 0.139
High High Q Low 0.703***  (.87*** 0.472* 0.383** 0.326 0.121
High 0.621* 0.355 0.698** 0.405** 0.128 0.442**
Low-High 0.082 0.515 -0.226 -0.022 0.198 -0.321
High IndSG  Low 1.068%**  1.31%%* 1.315%** 0.6%** 0.625%** 0.812%**
High 0.734%** 0.214 0.87*** 0.51%** 0.02 0.565%**
Low-High 0.335 1.095%** 0.445 0.09 0.605** 0.247
D.Limits to Arb
High High IVOL Low 1.459%F*  1.427%** 1.514%%* 0.825%%* Q. 777H4* 0.352%*
High 0.186 0.214 0.422 -0.184 -0.078 0.28%*
Low-High  1.274%%*%  1.213%%* 1.092%** 1.009%**  (.854*** 0.072
low dVOL Low 0.905***  1.3%** 1.241%%* 0.208 0.477** 0.51***
High 0.761%*%*%  (0.762%** 0.843%** 0.16 0.178 0.383%*
Low-High 0.144 0.538** 0.398 0.049 0.298 0.127
Low Low IVOL Low 0.894%**  1.015%** 0.847%%* 0.42%%* 0.375%* 0.766**
High 0.305 0.294 0.534** -0.042 -0.093 0.131
Low-High  0.589%**  (.722%%%* 0.313 0.462%**  (0.469** 0.635*
High dVOL  Low 0.761%%*%  1.12%%* 0.889%** 0.334%**  (.565%** 0.417
High 0.54* 0.124 0.662** 0.328** -0.128 0.319%*
Low-High 0.222 0.996*** 0.227 0.005 0.692%** 0.098
E. Inv Frictions
High Low AT Low 0.799** 0.747** 1.173*** 0.286 0.197 0.597***
High 0.453 0.514 0.658* 0.155 0.109 0.304*
Low-High 0.347 0.234 0.515%* 0.131 0.088 0.293
Low Payout  Low 1.314%**  1.507*** 1.607*** 0.701%**  (.802%** 0.957*%*
High 0.198 -0.017 0.203 -0.136 -0.297 -0.175
Low-High 1.116%**  1.524%%%* 1.405%** 0.837***  1.098%** 1.132%**
No Rating Low 1.339%**  1.376*** 1.537*** 0.798%** (. 798%** 0.899**
High 0.345 0.711* 0.668* -0.13 0.389 0.033
Low-High  0.994%**  (0.74%* 0.925%* 0.928%*%*  (0.409 0.866*
Low High AT Low 0.985***  1.023*** 1.034%** 0.406***  0.403** 0.548%**
High 0.402* 0.341 0.703*** 0.066 -0.016 0.406**
Low-High  0.583***  (.682%** 0.33 0.34* 0.419* 0.142
High Payout Low 0.854***  1.153*** 0.957*%* 0.314%%*%  0.604*** 0.508%**
High 0.525%* 0.356 0.775%** 0.239***  (0.124 0.494***
Low-High  0.329*%* 0.797%** 0.181 0.075 0.48** 0.014
Rating Low 0.806***  (0.953*** 0.836%** 0.291%%*  (.375%** 0.37*%*
High 0.551** 0.38 0.827*** 0.299*%**  0.115 0.591%+*
Low-High 0.255 0.573** 0.009 -0.008 0.26 -0.221
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Table 6: Slopes on asset growth from Fama and MacBeth regressions in the full sample and subsamples
split by asset efficiency, controlling for profitability, investment opportunities, limits to arbitrage, and
investment frictions

For each month from May of year t to April of year t+1, I estimate the following Fama and Mac-
Beth cross-sectional regressions of monthly excess returns on asset growth (dAA) and other control vari-
ables for the fiscal year ending in calendar year t-1 in the full sample and subsamples split by ATO%%
and a given measure for profitability, investment opportunities, limits to arbitrage, or investment frictions:
XRet), =a+bddd; +¢,,

XRet;,, = a, +h,dd4] +c,Sizel +d,BEME; + ¢, MOM + &, .,

XRet! , = a,+b,dAA +c,Size! + d. BEME! +e,MOM] + f, Accrual’ + g,OP + h ,NST +€3f_z+1

XRet are the excess returns over one-month Treasury bill rate. ATO is the asset turnover measured as SALE/NOA.
ATO is the industry-adjusted ATO with the industry median subtracted from ATO, using the Fama-French 49
industries. MOM is the past 12-month cumulative return skipping a month before the formation date. Accrual is
measured following Sloan (1996). Microcap stocks (below the 20th NYSE) are excluded. Statistical significance of the
Newey-West t-statistics with lags of 12, at the 10%, 5%, and 1% levels are represented by *, ** and ***  respectively.

All Low ATO*¥  High ATO*%
A. All b1 -0.729%F*  .(0.98T7*** -0.504**
by -0.561***  (0.794%** -0.356
bs  -0.328** -0.536** -0.031
B. Profitability
Low RNOA b1 -0.887***  _(.825%** -0.867***
by -0.825%**  _(.746%** -0.736**
bs -0.39% -0.54%* -0.115
High RNOA b1 -0.026 -0.851** -0.388
b2 -0.051 -0.651* -0.269
bs  0.259 0.028 0.123
C. Inv Opp
Low Low Q b1 -0.763***  -0.627** -1.075%*
by -0.793**¥*  .0.614** -0.982%
bs -0.416* -0.295 -1.253**
Low IndSG b1 -0.773*¥*F  _Q.775%* -0.47
by -0.646***  -0.692** -0.335
bs  -0.593***  _-0.436 -0.251
High High Q b1 -0.299 -0.515* -0.294
by -0.394%* -0.533** -0.264
bz -0.072 0.008 0.189
High IndSG b1 -0.638***  -0.449* -0.677**
by -0.479** -0.299 -0.391
bz -0.057 0.026 -0.037
D.Limits to Arb
High High IVOL b1 -0.919%**  (.883%** -0.835**
by -0.671***  -0.608%* -0.578*
b -0.448%* -0.568** -0.272
low dVOL b1 -0.425 -0.99*** -0.878%**
b2 -0.3 -0.517** -0.388
bs 0.044 -0.156 -0.287
Low  Low IVOL b1 -0.567***  -0.676%F* -0.331
by -0.355%* -0.359* -0.058
bz -0.049 0.217 0.275
High dVOL by -0.751%**  .0.93*** -0.544**
by -0.689%** (. 785%** -0.42%*
bs -0.388* -0.4* -0.078
E. Inv Frictions
High Low AT b1 -0.797*¥*¥*  _(0.981%** -1.424%%%
by -0.609***  -0.45% -0.727***
bz -0.247 -0.11 -0.444%*
Low Payout by -1.282%%*  _1.102%** -1.377***
by -0.TTI*¥**  0.614%** -0.724%*
bz -0.602 0.516 -0.383
No Rating b1 -0.699** -2.965 -0.111
by -0.47T** -0.703 0.461
bz 0.000 -0.691 0.229
Low  High AT b1 -1.249%**  .(0.908%** -0.684**
by -1.013*¥**  -0.689%** -0.477**
bs  -0.677¥**  -0.417* -0.28
High Payout b1 -0.623***  .0.879*** -0.198
by -0.474%**  _0.801%** -0.032
bz -0.032 -0.281 0.403
Rating b1 -0.752%**  (.893%** -0.574*
by -0.676***  -0.839%** -0.41
bs  -0.366** -0.516** -0.149
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Table 7: Slopes on asset growth from Fama and MacBeth regressions in the full sample and subsamples
split by asset efficiency, controlling for profitability, investment opportunities, limits to arbitrage, and
investment frictions: Excluding firms whose large asset growth is primarily due to large
acquisitions

For each month from May of year t to April of year t+1, I estimate the following Fama and Mac-
Beth cross-sectional regressions of monthly excess returns on asset growth (dAA) and other control vari-
ables for the fiscal year ending in calendar year t-1 in the full sample and subsamples split by ATO%%
and a given measure for profitability, investment opportunities, limits to arbitrage, or investment frictions:
XRet!, =a+hddd +&
XRet!

t+1

XRet!

t+1

#+1

=a,+h, dAA: +¢,Size; +d, BEMTE: + e, MOM | + &gl

2.+1

= a,+b,dd A +c,Size; + d BEME; + e MOM | + f,Accrual; + g,OF' + i,NSI + ¢,

34+1

XRet are the excess returns over one-month Treasury bill rate. ATO is the asset turnover measured as SALE/NOA.
ATO is the industry-adjusted ATO with the industry median subtracted from ATO, using the Fama-French 49
industries. MOM is the past 12-month cumulative return skipping a month before the formation date. Accrual is
measured following Sloan (1996). Microcap stocks (below the 20th NYSE) are excluded. Statistical significance of the
Newey-West t-statistics with lags of 12, at the 10%, 5%, and 1% levels are represented by *, ** and *** respectively.

All Low ATO%¥?  High ATO¥
A. All b1 -0.721%FF*  _1.031%** -0.426
be  -0.606%*F*  -0.825*** -0.289
bs  -0.394** -0.535%* 0.002
B. Profitability
Low RNOA b1 -0.993%FF*  _1.062*** -0.753*
ba  -0.815%**  _(.882%** -0.574
bs  -0.48* -0.587* -0.186
High RNOA b1 0.059 -0.836 -0.114
b2 0.002 -0.947* -0.059
bz  0.336 -0.266 0.33
C. Inv Opp
Low  Low Q b1 -0.807** -0.648** -0.481
b2 -0.693** -0.543%* -0.516
bz -0.306 -0.416 -0.415
Low IndSG b1 -0.745%* -0.731%* -0.306
ba  -0.68%* -0.603* -0.242
by -0.57** -0.369 0.174
High High Q b1 -0.323 -0.45 -0.116
ba  -0.349 -0.538* -0.072
bz  -0.078 -0.075 0.269
High IndSG b1 -0.704** -0.656** -0.649*
be  -0.517** -0.52* -0.357
bz -0.001 -0.057 0.042
D.Limits to Arb
High High IVOL by -0.822%*%*  _(0.801** 0.013
ba  -0.616*%**  _0.546* 0.172
bs  -0.412% -0.183 0.517
low dVOL b1 -0.106 Sl 1R -0.663**
bz 0.072 -0.823*** -0.658**
bz 0.267 -0.463 -0.38
Low  Low IVOL b1 -0.767** -0.999*** -0.833**
ba  -0.603** -0.76%** -0.547*
bs -0.312 -0.625** -0.254
High dVOL b1 -0.776%**  -0.437 -0.33
ba  -0.691%F*  -0.22 -0.064
bs  -0.541%* -0.094 0.205
E. Inv Frictions
High Low AT b1 -0.466* -0.505 -0.563*
be  -0.381% -0.423 -0.267
bs -0.015 -0.075 0.242
Low Payout by -1.355%**  _1.657*** -1.542%**
be  -0.827**F*  _(0.922* -1.023*
bz -0.653 -18.555 -0.871
No Rating b1 -0.794%* -4.106 0.085
b -0.414 0.147 -17.629
bz 0.181 -5.418 -16.231
Low  High AT b1 -1.172%FFF  _1.008*** -0.311
be  -0.677** -0.664** 0.095
bz -0.13 -0.256 0.599
High Payout b1 -0.602** -0.878*** -0.04
ba  -0.439%* -0.787*** 0.134
bz -0.022 -0.181 0.462*
Rating b1 -0.767FFF  _1.013%** -0.475
be  -0.731%*%*  _0.979%** -0.341
by -0.412%* -0.666** -0.012
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Table 8: Equal-weighted raw and risk-adjusted returns in the full sample and subsamples split by asset
growth and asset efficiency, controlling for profitability, investment opportunities, limits to arbitrage, and
investment frictions

At the end of April of year t, stocks in the full sample and in extreme subsamples split by independently sorting on
asset efficiency and another given measure (for profitability, investment opportunities, investment fricitons, and limits
to arbitrage) are assigned to asset growth quintiles and held for one year. The excess monthly portfolio return (%)
is the time-series average of equal-weighted stock returns over the risk-free rate. The risk-adjusted portfolio return
(4-factor «) is the estimated intercept from the following regression:

Rp,t = Oé+b1MKTRFt+ bQSMBt -‘rbgHMLt + bgUMDt +8t

where R, is the return on portfolio p over the risk-free rate. Statistical significance at the 10%, 5%, and 1% levels
are represented by * ** and *** respectively.

Raw (%) 4-factor Alpha (%)
dAA All Low ATO%  High ATO*¥ All Low ATO%  High ATO*¥
A. All Low 1.911%*%%  1.603*** 1.813*** 1.223***  (.935%** 1.115%**
High 0.588** 0.565** 0.88%** 0.111 0.107 0.438%**
Low-High  1.323%**  1.038%** 0.933*** 1.112%%*%  (.828%** 0.677***
B. Profitability
Low RNOA Low 2.221%** 1,893 *** 2.541%** 1.555%**  1.268%** 1.796***
High 0.809***  (0.911*** 1.364*** 0.271%* 0.41%** 0.836***
Low-High  1.412%%*%  (.982%** 1.177*%* 1.283***  (.858*** 0.96***
High RNOA Low 1.087***  (.892%** 0.959%** 0.535%**  (0.381*** 0.405%**
High 0.733** 0.485 0.638** 0.299***  0.041 0.182
Low-High  0.354** 0.407** 0.321** 0.236** 0.339** 0.223*
C. Inv Opp
Low Low Q Low 1.962%** 1 .873%** 2.479*** 1.262%**%  1.131%** 1.741%%*
High 1.108***  1,199%** 1.497*** 0.435%**  (0.484*** 0.88%**
Low-High  0.854***  (0.674%** 0.982%** 0.827***  (.647*** 0.861%**
Low IndSG Low 1.764%%*%  1.644%** 1.89%** 1.029*%**  1.009*** 1.108***
High 0.775***  0.741*** 0.865%** 0.159 0.137 0.357***
Low-High  0.989%**  (0.904*** 1.025%** 0.869***  (.871*** 0.751%**
High High Q Low 1.359%**  1.077*** 1.103*** 0.837***  (.641*** 0.542%**
High 0.528 0.329 0.595%* 0.14 0.032 0.214%*
Low-High  0.831%**  (.748%** 0.508%** 0.697***  0.61*** 0.328**
High IndSG  Low 1.63%** 1.484%** 1.893*** 1.006***  (.862%** 1.207***
High 0.578%* 0.543* 0.763** 0.158 0.188 0.344***
Low-High  1.052%**  (0.941%** 1.131%%* 0.848***  (.67H*** 0.863***
D.Limits to Arb
High High IVOL Low 2.333%** 2 129%** 1.068*** 1.684*** 1 577%** 1.78%**
High 0.555 0.489 0.841%** 0.129 0.014 0.338**
Low-High  1.778%**  1.64*** 0.227** 1.555%**% 1 563%** 1.442%%*
low dVOL Low 2.335%**  2,249%** 0.925%** 1.602%**  1.547%** 1.776***
High 1.206***  1.217%** 0.512 0.61%** 0.639*** 0.897***
Low-High  1.129%%*%  1.032%** 0.413** 0.992*%**  (0.907*** 0.879***
Low Low IVOL Low 1.096***  (0.909*** 2.529%** 0.524***  (0.326*** 0.504***
High 0.773***  0.506** 0.793** 0.251*%**  0.005 0.372%**
Low-High  0.323***  (.403*** 1.736*** 0.273%**  (0.321*** 0.132
High dVOL Low 1.305%*%*  (0.954*** 2.559%** 0.812%**  (.453*** 0.352%**
High 0.362 0.289 1.487*** 0.01 -0.032 0.155
Low-High  0.944***  0.665%** 1.072%%* 0.802%**  (0.484*** 0.197
E. Inv Frictions
High Low AT Low 2.218%** 2 051*** 2.431%** 1.611%**  1.537%** 1.707***
High 0.622%* 0.884*** 0.845%** 0.207** 0.345** 0.324%**
Low-High  1.596***  1.167*** 1.586*** 1.403***  1.192%** 1.383***
Low Payout  Low 2.09%** 1.971%%* 2.087*** 1.465%%*  1,39%** 1.457*%*
High 0.566 0.56 0.587 0.056 0.104 0.09
Low-High  1.524***  1.41*%** 1.5%** 1.409***  1.286%** 1.366***
No Rating Low 2.047F** 2 115%** 2.204%** 1.479%*%*%  1.667*** 1.534*%*
High 0.933%**  1,072%** 0.874%** 0.529%**  1.023*** 0.436**
Low-High  1.114%%*  1.043%** 1.27%** 0.95%** 0.644 1.098***
Low High AT Low 1.621%%*%  1.151%** 1.134%%* 0.835***  (.51*** 0.44%**
High 0.787***  0.407 0.647** 0.247** 0.007 0.282%*
Low-High  0.835%**  (.744%** 0.487*** 0.588***  (.503*** 0.158
High Payout Low 1.364***  1.356%** 1.464*** 0.735%**  0.736*** 0.794***
High 0.806***  (.68%** 0.899%*** 0.338%** (. 2%* 0.434%**
Low-High  0.558%**  (.676%** 0.566%** 0.397***  0.536*** 0.36***
Rating Low 1.EL7T***  1.521%** 1.831%** 0.957***  (.858*** 1.185%***
High 0.733***  (0.593** 0.809*** 0.27*%* 0.142 0.377***
Low-High  0.884***  (.928%** 1.022%** 0.688***  (.715*** 0.808***
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Table 9: Slopes on asset growth from Fama and MacBeth regressions in the full sample and subsamples
split by asset efficiency, controlling for profitability, investment opportunities, limits to arbitrage, and
investment frictions: Including microcap firms

At the end of April of year t, each stock is assigned to one of three size portfolios: firms above 50th NYSE market
capitalization percentile into large, firms below 20th NYSE market capitalization percentile) into microcap, and
all others into small. Stocks in each size portfolio are further split independently by asset efficiency and another
given measure (for profitability, investment opportunities, investment fricitons, and limits to arbitrage). High (low)
ATO% stocks comprise the most (least) efficient stocks in all three size groups and are held for one year. For
each month from May of year t to April of year t+1, I estimate the following Fama and MacBeth cross-sectional
regressions of monthly excess returns on asset growth (dAA) and other control variables for the fiscal year ending in
calendar year t-1 in the subsamples split by ATO¥ and a given measure for profitability, investment opportunities,
limits to arbitrage, or investment frictions:

X:Retjﬂ = al+bld4"4: +€1iz+1

XRet;,, = a, +h,dd4] +c,Sizel +d,BEME; + ¢, MOM + &, .,

XRet! , = a,+b,dAA +c,Size! + d. BEME! +e,MOM] + f, Accrual’ + g,OP + h ,NST +€3f_z+1 where XRet are the excess returns

over one-month Treasury bill rate (from Kenneth French’s website). Statistical significance of the Newey-West
t-statistics with lags of 12, at the 10%, 5%, and 1% levels are represented by *, ** and *** respectively.

Including Microcaps All Low ATO*%  High ATO*%
A. All b1 -0.964%**  .(.985%** -0.928%**
by -0.688***  _(.564%** -0.553***
bs  -0.428%*F*  _0.249 -0.24
B. Profitability
Low RNOA b1 -1.085%**  _1.061%** -1.38%**
by -0.52%* -0.596*** -0.741
bs -0.325 -0.403 -0.46
High RNOA b1 -0.533** -0.563** -0.697***
by -0.427** -0.541%** -0.53**
bz -0.093 0.179 -0.064
C. Inv Opp
Low Low Q b1 -1.12%** -0.79%** -1.378%**
by -0.597** -0.357* -0.927**
bs -0.154 -0.012 -0.915**
Low IndSG b1 -1.15%** -0.88*** -0.989***
by -0.729%**  _.(0.564%** -0.593**
b -0.488** -0.294 -0.307
High High Q b1 -0.689%**  _(.872%** -0.672%**
by -0.601***  -0.688%** -0.559%**
bs  -0.366** -0.261 -0.183
High IndSG b1 -0.939***  .0.868*** -1.223%**
by -0.472%**  _(.515%K* -0.644***
bz -0.068 -0.123 -0.312
D.Limits to Arb
High High IVOL b1 -1.2%x* -1.036*** -1.334%**
by -0.701***  -0.594%** -0.71*x*
b -0.422%* -0.289 -0.389
low dVOL b1 -0.954%** Q. 775%H* -1.132%**
b2 -0.206 -0.425* -0.369
bs 0.028 -0.137 -0.135
Low Low IVOL b1 -0.537***  _0.679FF* -0.368*
by -0.276 -0.301 -0.085
bs  0.022 0.045 0.197
High dVOL b1  -0.99%** -1.153*** -0.858***
by -0.837***  .(.883%** -0.595%**
b -0.542%**  _(.495%* -0.195
E. Inv Frictions
High Low AT b1 -1.1T*** -0.968*** -1.295%**
by -0.504***  -0.367 -0.668***
bz -0.233 0.026 -0.315
Low Payout by -1.33%%*  _1,194%** -1.453%**
by -0.786***  -Q.727FF* -0.686***
bs  -0.534** 0.37 -0.571
No Rating b1 -1.135%*%*  -0.622 -1.432%**
by -0.709*** 041 -0.959***
bs  -0.397** 0.319 -0.73*
Low High AT b1 -0.991%**  _1.109%** -0.602**
by -0.606***  -0.731%** -0.335
bz -0.153 -0.309 -0.078
High Payout b1 -0.886***  -1.05*** -0.702%*
by -0.525%** (. 747HH* -0.218
bz -0.204 -0.385 0.075
Rating b1 -1.039%**  .(0.974%** -0.956***
by -0.738***  _Q.67FH* -0.569**
bs  -0.404***  -0.256 -0.271
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Table 10: Value-weighted risk-adjusted returns on asset growth quintiles in the full sample and subsamples
split by asset efficiency controlling for profitability, investment opportunities, limits to arbitrage, and
investment frictions: Controlling for market capitalization

At the end of April of year t, each stock is assigned to one of three size portfolios: firms above 50th NYSE market
capitalization percentile into large, firms below 20th NYSE market capitalization percentile) into microcap, and all
others into small. Stocks in each size portfolio are further split independently by asset efficiency and another given
measure (for profitability, investment opportunities, investment fricitons, and limits to arbitrage). High (low) ATO
stocks, which comprise the most (least) efficient stocks in all three size groups, are assigned to asset growth quintiles
and held for one year. The excess monthly portfolio return (%) is the time-series average of value-weighted stock
returns over the risk-free rate. The risk-adjusted portfolio return (4-factor «) is the estimated intercept from the
following regression:
Rpt=a+biMKTRFt+ bsSMBy +bsHMLy +bsUMD; + ¢

where R, is the return on portfolio p over the risk-free rate. Statistical significance at the 10%, 5%, and 1% levels
are represented by *, ** and ***, respectively. The low-high spreads for inefficient (low ATO¥) and efficient (high
ATOadJ) firms are in bold.

4-factor Alpha (%)

dAA All Low ATO*¥  High ATO*%
A. All Low 0.314***  0.411%%* 0.726***
High 0.064 -0.137 0.448%**
Low-High 0.25* 0.548*** 0.278
B. Profitability
Low RNOA Low 0.529%* 0.647%%* 0.779%**
High 0.073 0.122 0.412**
Low-High  0.455** 0.526** 0.367
High RNOA Low 0.089 0.337% 0.002
High 0.344%* -0.002 0.384**
Low-High -0.254 0.34 -0.382
C. Inv Opp
Low Low Q Low 0.292* 0.42** 0.53**
High 0.026 0.091 0.04
Low-High 0.266 0.329 0.491%*
Low IndSG Low 0.279* 0.4%* 0.535%**
High 0.083 0.071 0.301
Low-High 0.196 0.329 0.234
High High Q Low 0.269*  0.153 0.049
High 0.306* 0.049 0.353%*
Low-High -0.038 0.104 -0.304
High IndSG  Low 0.557***  (0.632%** 0.726%**
High 0.269 0.112 0.495**
Low-High 0.288 0.52%* 0.231
D.Limits to Arb
High High IVOL Low 0.751%%%  (0.806%** 0.814%**
High -0.167 -0.058 -0.005
Low-High 0.918***  (0.864*** 0.819%**
low dVOL Low 0.211 0.434%** 0.405
High 0.11 0.11 0.183
Low-High 0.101 0.325 0.222
Low Low IVOL Low 0.367*%**  (0.262* 0.361%*
High 0.018 -0.091 0.306**
Low-High  0.349** 0.353* 0.055
High dVOL  Low 0.403%**  0.565%** 0.468%**
High 0.225* -0.197 0.221
Low-High 0.178 0.762%** 0.247
E. Inv Frictions
High Low AT Low 0.297* 0.072 0.641%**
High 0.108 0.057 0.265
Low-High 0.189 0.015 0.376
Low Payout  Low 0.75T*%*  (0.724%%* 1.121%**
High -0.12 -0.328 -0.027
Low-High  0.877***  1.052%** 1.147*%*
No Rating Low 0.845%**  (.863%** 0.798%**
High 0.163 1.295%** -0.092
Low-High  0.682*** -0.432 0.891***
Low High AT Low 0.476%**  (0.372%* 0.631%**
High 0.059 -0.01 0.292*
Low-High  0.417** 0.382%* 0.339
High Payout Low 0.291%%*  (.516%** 0.47%%*
High 0.257*%%*  -0.084 0.398%**
Low-High 0.035 0.599*** 0.071
Rating Low 0.312%%*  (0.317** 0.423%**
High 0.243***  0.041 0.462%**
Low-High 0.069 0.276 -0.039

39



Table 11: Slopes on asset growth from Fama and MacBeth regressions in the full sample and subsamples
split by asset efficiency controlling for profitability, investment opportunities, limits to arbitrage, and
investment frictions: Controlling for market capitalization excluding microcaps

At the end of April of year t, each stock is assigned to one of three size portfolios: firms above 50th NYSE market
capitalization percentile into large, firms below 20th NYSE market capitalization percentile) into microcap, and
all others into small. Stocks in each size portfolio are further split independently by asset efficiency and another
given measure (for profitability, investment opportunities, investment fricitons, and limits to arbitrage). High (low)
ATO% stocks comprise the most (least) efficient stocks in all three size groups and are held for one year. For
each month from May of year t to April of year t+1, I estimate the following Fama and MacBeth cross-sectional
regressions of monthly excess returns on asset growth (dAA) and other control variables for the fiscal year ending in
calendar year t-1 in the subsamples split by ATO¥ and a given measure for profitability, investment opportunities,
limits to arbitrage, or investment frictions:

XRet!, =a+hddd +&]

XRet;,, = a, +h,dd4] +c,Sizel +d,BEME; + ¢, MOM + &, .,

XRet! , = a,+b,dAA +c,Size! + d. BEME! +e,MOM] + f, Accrual’ + g,OP + h ,NST +€3f_z+1 where XRet are the excess returns

over one-month Treasury bill rate (from Kenneth French’s website). Statistical significance of the Newey-West
t-statistics with lags of 12, at the 10%, 5%, and 1% levels are represented by *, ** and *** respectively.

All Low ATO%¥  High ATO¥
A. All b1 -0.738%F*  _(0.98T*** -0.504**
ba  -0.566%*F*  _0.794%** -0.356
bs  -0.327** -0.536** -0.031
B. Profitability
Low RNOA b1 -0.887**%*  _1.066*** -0.909**
ba  -0.825%**  _0.907*** -0.576
bs -0.39% -0.642** -0.258
High RNOA b1 -0.03 -0.333 -0.32
b2 -0.05 -0.369 -0.277
bz 0.259 0.293 0.2
C. Inv Opp
Low Low Q b1 -0.763***  _0.561** -0.643
b -0.793%F*  .0.547** -0.698*
bs -0.416* -0.32 -0.58
Low IndSG b1 -0.773%¥F*  _0.769** -0.279
ba  -0.646%*F*  -0.647** -0.151
bs  -0.593*%**  .0.437 0.053
High High Q b1 -0.3 -0.59%* -0.221
ba  -0.394%* -0.606** -0.212
bz -0.07 -0.076 0.196
High IndSG b1 -0.638%**  -0.496** -0.691**
ba  -0.479%* -0.353 -0.397
bz -0.06 0.012 -0.024
D.Limits to Arb
High High IVOL b1 -0.919%*%* (0. 91*** -0.783**
bo  -0.671FF*  _(0.724%** -0.458%*
by -0.448%* -0.562** -0.121
low dVOL b1 -043 -0.579 -0.373
b -0.3 -0.343 -0.088
bz 0.044 -0.014 0.209
Low Low IVOL b1 -0.567*¥FF  _0.627** -0.181
ba  -0.355%* -0.326 -0.016
bs -0.05 0.015 0.275
High dVOL by -0.751%F*  _1.016*** -0.651%**
be  -0.689%F*  Q.77T*** -0.628***
bs -0.388* -0.387 -0.31
E. Inv Frictions
High Low AT b1 -0.797FF*  .0.522* -0.57*
ba  -0.609%**  _0.44 -0.274
bs -0.25 0.013 0.207
Low Payout by -1.282%*%*  _1 194%** -1.453***
b -0.7TI¥** Q. 727*** -0.686***
bs -0.6 0.37 -0.571
No Rating b1 -0.699%* -0.622 -1.432%**
ba  -0.477** -0.41 -0.959***
bs 0 0.319 -0.73%
Low  High AT b1 -1.249%F%  _1.094*** -0.526
be  -1.013%**  _0.861*** -0.29
bs  -0.677FF*  .0.454* 0.141
High Payout b; -0.623*%**  .0.874%** -0.265
bo  -0.474%F* Q. 774%** -0.084
bz -0.03 -0.255 0.384*
Rating b1 -0.752%F%  .(0.943*** -0.522%*
be  -0.676%**  _0.863*** -0.377
bs  -0.366** -0.531** -0.103
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CHAPTER I

DO FINANCING CONSTRAINTS MATTER FOR THE INVESTMENT ANOMALIES?

A. Introduction

Investment variables, such as total assets growth, net stock issuance, investment-to-assets,
net operating assets, and change in capital expenditure, have negatively predicted future returns
after controlling for the standard risks. There are two prominent hypotheses from prior works that
have investigated the source of these anomalies; one is that the return predictability is caused by
the mispricing triggered by behavioral bias, and another is the discount-rate channel motivated by
the Q-theory of investment.

The mispricing hypothesis has pointed to behavioral biases on the part of investors and
corporate managers leading to inefficient prices. For instance, a popular explanation for total assets
growth is investors’ underreaction to overinvestment by firms (Titman, Wei, and Xie, 2004). The
persistency in the anomalies would then be explicable by limits to arbitrage as suggested by
Shleifer and Vishny (1997). The rational hypothesis resorts to the Q-theory of investment, which
was first initiated by Cochrane (1991) and subsequently extended with the inclusion of investment
frictions by Li and Zhang (2010). In an imperfect market with informational asymmetry, agency
costs, and transaction costs, internal and external financing are not perfect substitutes, and
smoothing investments becomes more challenging for firms (Fazzari, Hubbard, Petersen, Blinder,
and Poterba 1988, Kaplan and Zingales 1997). In this scenario, the investment anomaly is likely
the byproduct of a firm’s investment optimization process: firms increasing investments must have
low discount rates, especially so if they face high investment frictions. This theoretical notion is

testable by using proxies for financing constraints (FC) and testing whether the investment effect
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is stronger among more constrained firms. Using the asset size, dividend payout, and credit rating
as proxies for investment frictions, Li and Zhang (2010) do not find that the Q-theory can explain
the anomaly, while Lam and Wei (2011) do. Further investigation will be useful in the current state
of research as the number of the studies examining the relative importance of the two hypotheses
is rather small. Also, it will be useful to improve the testing methodology to address some issues
in the construction of the testing variables. This research fills the gap in the literature through a
comprehensive evaluation of financing costs and mispricing as the source of investment anomalies.

To test the Q-theory predictions, we need appropriate firm-level proxies for financing
constraints (FC). The corporate finance literature initially uses the investment-cash flow
sensitivities from regressing corporate investment on Tobin’s Q and cash flow as a measure of
financing constraints. The logic is that investment decisions should only depend on Q , which
represents investment opportunities, since capital structure does not affect investment decisions in
the Modigliani and Miller (1958) setup. If firms deem external financing as more costly than
internal financing, then the means of financing will affect firm value by influencing firm
investment decisions. Fazzari, Hubbard, Petersen, Blinder, and Poterba (1988) uses the dividend
payout ratio to identify 49 financially constrained firms and finds that those firms exhibit higher
investment-cash flow sensitivities. The rationale for using the payout ratio is that firms facing
costly external financing will try to retain earnings to spend for growth. However, Kaplan and
Zingales (1977) re-investigates those 49 firms and finds that they are not necessarily financially
constrained in terms of other observable characteristics. Lamont, Polk, and Saa-Requejo (2001)
utilizes Kaplan and Zingales findings to construct the synthetic Kaplan-Zingales (KZ) index for
financing constraints. Afterwards, Whited and Wu (2006) and Hadlock and Pierce (2010) construct

their own FC indexes. There are mixed opinions about the usefulness of existing indexes. For
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instance, Whited and Wu (WW) casts doubt on the KZ index due to the measurement issue of
Tobin’s Q. Hadlock and Pierce (2010) argues that firm size and age alone can subsume the features
of the WW index, and Li and Zhang (2010) argues that WW index is almost perfectly correlated
with firm size.

Amidst the controversies about the existing financing constraints (FC) indexes, | introduce
two new proxies for financing constraints to extend the analysis. First, | use eight observable firm
characteristics suggested to proxy financing constraints by the prior works to construct a new
measure of financing constraints. This approach is motivated by Stambaugh and Yuan (2016) who
constructed a mispricing factor by cross-sectionally ranking stocks on 11 firm anomaly variables
and then averaging the rankings. Further, the approach has the benefit of aggregating various
information to reflect that a single firm characteristic falls short of representing the degree of
financing constraints; and diversifying away the noise. Prior papers have relied on individual firm
characteristics that unilaterally quantifies the degree of financing constraints or on constraint
measures from potentially unstable reduced-form predictive models estimated on small samples.
Second, | use the text-based metrics developed by Hoberg and Maksimovic (HM 2014). This paper
will be the first one to utilize HM’s new measure for financing constraints to analyze the
investment anomaly. The HM measures are the newest innovative endeavor to gauge the degree
of investment frictions from the wording in the 10K reports, also recognizing the potential need to
distinguish the ability to raise equity from the ability to raise debt. These measures have the
advantage of direct textual context, constructed from firm disclosures.

Introducing new measures instead of using the existing ones improves the testing procedure
in several ways. 1) Li and Zhang (2010) and Lam and Wei (2011) test the Q-theory explanations

by using a single firm characteristic as a proxy for FC. However, combining different
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characteristics aggregate various related features, reduces noise, and leads to a more informative
measure than just a single characteristic. 2) While it is rather challenging to disentangle the effects
of distress from financing cost, aggregating various characteristics resolves this issue to some
extent. For instance, small asset size is a characteristic not only of a financially constrained firm,
but also of a firm that is more likely to be distressed upon negative economic shocks. 3) The payout
ratio is a useful characteristic that reflects financing costs. However, if we do not construct the
payout ratio with care, it will pick up the distress-ness of low-payout firms because distressed
firms are more likely to have low payout ratio. 4) The WW index is almost perfectly correlated
with firm asset size. Hence, the information about a firm that the WW index represents is unclear.
In my sample, the WW index has 0.93 average correlation with total asset size and 0.53 with
market capitalization. Li and Zhang also has 0.91 correlation in their sample and just decide to use
total asset size to avoid the specification issue. 5) As Whited and Wu also points out, the KZ index
suffers from the measurement issue with Tobin’s Q. In sum, we want to measure the degree of
financing constraints with as least noise as possible, which motivates the need for an improved
measure.

The remainder of the paper is organized as follows: In Section 2, I discuss the motivation
and develop hypotheses; in Section 3, | explain the data and the variables used in the study; and in

Section 4, | show the test procedures and present the main results.

B. Motivation and Hypothesis Development

In the framework of the production-based asset pricing model by Cochrane (1991),
corporate investment decisions reflect changes in expected discount rates in the economy. All else

equal, firms will invest more (less) when cost of capital is lower (higher), which provides an
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explanation for investment anomalies. In the extended version by Li and Zhang (2010), investment
decisions are also influenced by varying degrees of investment frictions faced by heterogeneous
firms. All else equal, the firms with higher (lower) investment frictions will have lower (higher)
flexibility to adjust the level of investment in accordance with the cost of capital.

The setup of the Q-theory with investment frictions by Li and Zhang (2010) is as follows.

Each firm indexed by i chooses the optimal investment level, 1, to maximize the market value of
the firm at the beginning of the period, t=0. Each firm faces a gross discount rate R. that are
different across firms and also some degree of investment frictions 4, , that are also different across

firms. A firm’s operating profit, [, is assumed to be time-invariant and constant across firms.

Each firm will maximize its market value by varying 1, at the beginning of each period t=0, and
the following equation is the first order condition of the optimization problem with respect to 1,
arranged for R;:

_ JI+1-0
1+ A1 K)

First, assuming all else constant, the negative relation between R and 1 / K, is the motivation
for the investment anomaly. Then, with changes in 4, the intensity of the relation between the
discount rate and the investment level changes. Figure 5 shows how R, varies with 1,/ K, for
different levels of 2, holding [] constant at 0.15 and & at O (rate of capital depreciation). Letting
15 /K, vary from -0.02 to 1 and 2, from O to 30, we obtain steeper R to 1 / K, relation for
higher A, . The pattern in the plot suggests that firms increasing investments must have low

discount rates, especially so if they face high investment frictions, motivating the following

hypothesis:
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Hypothesis 1: The investment effect is stronger among higher FC firms than for lower FC firms.
If the discount-rate channel does not explain the anomaly, another possibility is the
mispricing channel. Shleifer and Vishny (1997) argue that some anomalies can persist in the long
run, like size and value/glamour anomalies, if arbitrageurs are discouraged from acting on
mispricing. They argue that it is risky to bet against small stocks and value stocks relative to their
counterparts, and arbitrageurs in the real world may not be able to afford to bear that risk. A
conventional way to test for mispricing in an anomaly is by using the proxies for arbitrage costs.
High idiosyncratic volatility (IVOL) and lower dollar trading volume (dVOL) represent
characteristics of firms with high arbitrage costs from the arbitrageurs’ perspective. Cooper et al.
find that smaller stocks experience stronger asset growth effect. Li and Zhang (2010) and Lam and
Wei (2011) proxy for arbitrage costs using IVOL, trading volume, and transaction costs. Both
studies find that the investment anomaly appears stronger among firms with higher arbitrage costs,
supporting the mispricing hypothesis. However, it turns out that proxies for limits to arbitrage are
highly correlated with financing costs proxies. To disentangle the mispricing effects from the FC
effects, firms are sorted independently into terciles based on a given limits to arbitrage and FC
measure. | test for the effect in the extreme portfolios from the nine intersecting portfolios and test
the following hypothesis:
Hypothesis 2: If the Q-theory effect dominates the mispricing effect, then effect will be stronger
in the high-FC group at all levels of limits to arbitrage. If limits to arbitrage effect dominates, then
the effect will be stronger in the high limits to arbitrage stocks at all levels of financing constraints.
Two studies examine the impact of investment frictions and mispricing in explaining the anomalies
and they do not reach the same conclusion; Li and Zhang finds no evidence for the Q-theory effects

but for the mispricing, and Lam and Wei finds evidence for both.
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C. Data and Variable Construction

1. Data

Stock market data are from the Center for Research in Security Prices (CRSP), and the
accounting data from Compustat annual industrial file. The sample includes firms listed on the
NYSE, AMEX, and NASDAQ stock exchanges from 1968 through 2016 and only the common
shares (with share code of 10 or 11). To identify a firm’s industry, I use the 49 industry
classification provided by Fama and French (1997). Each month, the four-digit SIC code
determines its assignment in one of the 49 industries. Because | leave out utility and financial firms
(SIC Code from 4900-4999 and 6000-6999), the sample firms are classified into 43 industries.
Firms with missing observations for any variable used to construct the summary statistics in Table
12, except for buy-and-hold returns for the next 2-3 years (BH2YR, BH3YR), are omitted from
the sample. To mitigate survivorship bias, all firms need to have existed in Compustat for at least
two years. Accounting data are assumed to be published four months after the end of the fiscal
year. The majority of firms in the sample ends their fiscal year in December, so their financial
statements would be observable by the end of the next April. Hence, the annual rebalancing month
is set to April'. The latest fiscal data are utilized for firms whose fiscal year ends in a month other

than December.
2. Investment Anomaly Variables

Following Li and Zhang (2008), I choose five investment variables that negatively predict average
stock returns. Total assets growth (dAA): dAA is calculated as the percent change in total assets

(AT) from year t-2 to t-1. Cooper, Gulen, and Schill (2008) show that the growth of total assets on

! Assuming 6-month lag until the financial statements are made public and setting the rebalancing month to June
does not affect the result.
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balance sheets predict the cross-section of stock returns. During the period from Jan 1967 to Dec
2015, the highest asset-growth decile of stocks underperformed the lowest decile by 0.652% per
month on average in the U.S. (Koh 2017). Subsequently, Gray and Johnson (2011), Watanabe, Xu,
Yao, and Yu (2013), and Titman, Wei, and Xie (2013) find the asset-growth effects in other
countries. While the asset pricing literature acknowledges asset growth as one of the most robust
return predictors, there is no consensus for the cause of the effect. Some studies attribute the effect
to behavioral biases of investors and corporate managers and others to market imperfections in the
realm of rationality. Although the dAA effect is also commonly called the investment effect, there
are many sub-items in the assets category on the balance sheet, so other variables that specifically
focus on investments will be useful for our purpose.

Net stock issuance (NSI) is calculated as the log of the percent change in split-adjusted
shares outstanding. Split-adjusted shares are calculated as the product of shares outstanding
(SHROUT) and split-adjustment factor (CFACSHR) provided by Compustat. Fama and French
(2008) and Pontiff and Woodgate (2008) show that the change in split-adjusted shares outstanding
is a strong negative predictor of returns in the cross-section. The relation between share issuance
and returns has also been documented at the market level (Baker and Wurgler 2000). The recent
literature debates whether these patterns should be interpreted as evidence of a corporate response
to mispricing, or alternately, whether these patterns are related to the Q-theory of investment, fully
consistent with market efficiency. Lyandres, Sun, and Zhang (2008) show that net issuers make
larger investments than non-issuers, so the NSI effect is connected to the investment effect. If the
Q-theory can explain the NSI effect, then the effect is expected to appear stronger when financing

costs are larger.
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Investment-to-assets (1A), following Lyandres et al., is calculated as the change in gross property,
plant, and equipment (PPEGT) plus the change in inventories (INVT) divided by lagged total
assets (AT). The change in PPEGT represents the long-term investments, and the change in IVT
represents the short-term investments. Net operating assets-to-total assets (NOA_AT) is
calculated as net operating assets (NOA) scaled by lagged total assets, following Hirshleifer, Hou,
Teoh, and Zhang (2004). NOA is the net operating assets, calculated as the difference between
operating assets (OA) and operating liabilities (OL), where OA = AT — Cash and short term
investments (CHE), and OL = AT - Debt in Current Liabilities (DLC) — long term debt (DLTT) —
minority interest (MIB) — preferred stock (PSTK) — common equity (CEQ). Initially suggested by
Hirshleifer, Hou, Teoh, and Zhang (2004) as a negative predictor of returns due to mispricing, Wu,
Zhang, and Zhang (2010) introduces the possibility that NOA_AT is related to the Q-theory effect
as the investment factor substantially reduces the return predictability of NOA_AT. If the Q-theory
can explain the NOA_AT effect, then we should see the strong effect among the more financially
constrained firms. Growth in capital expenditure (Chg_CAPX) is calculated as the percent
change in capital expenditure (CAPX). Xing (2008) shows that firms with low investment growth
earn higher average returns, interpreting it as the Q-theory effects. Finding stronger investment

growth effect among firms with higher financing constraints will corroborate the interpretation.

3. Proxies for Financing Constraints

a. Single Firm Characteristics

| use the following firm characteristics that have been suggested by prior studies as
reflecting financing constraints (FC): asset size, firm age, dividend payout, cash flow, cash,
industry-adjusted debt ratio, industry-adjusted sales growth, and Tobin’s Q. Asset size is the book

value of total assets (AT), and firm age (Age) is calculated as the number of years a firm’s stock
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appears in the CRSP database. Smaller and younger firms are expected to face higher FC. The
payout ratio (Payout), computed as the ratio of total distributions including dividends for preferred
stocks (DVP), dividends for common stocks (DVC), and share repurchases (PRSTKC) divided by
operating income before depreciation (OIBDP). Frazzini et al. uses the payout ratio to identify
financially constrained firms. The intuition is that firms retain their earnings more when they are
likely to face costly external financing. Following Li and Zhang, I classify firms with the negative
earnings in year t-1 to high payout group if the total distribution is positive. Differently from Li
and Zhang, | do not classify non-dividend paying firms into high investment-friction group if they
have two consecutive years of negative sales growth in year t-2 and t-1. The intention is to
differentiate firms that cannot afford to distribute earnings versus those that do not pay out because
they want to retain earnings for less costly future growth. This procedure will make the payout
ratio to represent the degree of financing constraints more precisely.

Cash is cash or cash equivalents (CHE) divided by AT. There are mixed opinions about
the relation between cash and financing constraints. While Kaplan and Zingales argue that less
cash means lower FC since internal financing is less costly than external, Whited and Wu argue
the opposite because financially constrained firms tend to store cash for future use to avoid costly
external financing. In my analysis, | try to picture two firms that have to make the same amount
of large investments right now. All else equal, a firm that can use more cash to do so will incur
less costs than the other. Hence, | classify high-cash firms into low FC group. Cashflow (CF) is
earnings before extraordinary income (IB) plus depreciation (DP) scaled by AT. Tobin’s Q is
calculated as book value of total assets + market value of equity (ME) — book value of equity (BE),
divided by book value of total assets. Market equity (ME) is fiscal-year closing price times

common shares outstanding. BE is the book value of equity, calculated as the stockholders equity
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(SEQ), plus balance sheet deferred taxes and investment tax credit (TXDITC), minus book value
of preferred stock in the following order: PSTKRV or PSTKL or PSTK (Fama and French 1997).
The market valuation of firms’ assets, whether or not it is the right valuation, may influence firms’
investment decisions. Because KZ suggested that high Q is representative of high FC firms, |
include it for a complete picture.

The use of the industry sales growth and industry debt level are motivated by Whited and
Wu. Firms in industries with good investment opportunities with recent revenue growth are likely
to want to invest more but if they have low sales growth at the firm-level, then it is more likely for
them to be financially constrained. Similarly, industry debt is considered along with firm-level
debt. Constrained firms are likely to have high debt but belong to low-debt capacity industries. To
capture this intuition, | industry-adjust the sales growth and debt using the Fama-French 49
industry classification. Firms with high (low) industry-adjusted sales growth is considered to have
low (high) financing constraint, and firms with high (low) industry-adjusted debt to have high (low)
financing constraint.

Industry sales growth is defined as the percent change in the sum of revenue of all firms
belonging to the same industry, using Fama-French 49 industry classification. Firms in the industry
that has recently been booming have greater incentives to invest more. Whether or not the industry
boom is a correct signal for corporate investments, history (such as the internet or biotech boom)
shows that firms frequently follow the industry trends. To adjust for industry, | subtract the

industry sales growth from the firm-level sales growth, calculated as the percent change of sales

(SALE) from year t-2 to year t-1 (SALE®?). Industry debt ratio is calculated as the sum of long-
term debt (DLTT) of all firms divided by the sum of total assets (AT) using Fama-French 49

industry classification. To adjust for industry, industry debt ratio is subtracted from the firm-level
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debt ratio (DLTT/AT). Table 14 summarizes the firm characteristic variables used to construct a
comprehensive FC score, the initial studies that motivated their use, and the characteristic’s

relation to the degree of financing constraints.

b. Equal-Weighted Financing Constraint Measure

For each characteristic described above, | assign firms a score of 1 to 10 at the end of April
in year t using the last available information. The FC score will be calculated as the average of the
8 scores that the firm receives. In addition to individual characteristics and the FC score, | also
examine WW and KZ indexes. The WW index is calculated as WW = 0.652 - 0.091*CF -
0.062*DIVPOS + 0.021*TLTD -0.044*LNTA + 0.102*IndSG - 0.035*SG, where CF is Cashflow
is scaled by total assets, DIVPOS is a dummy for positive distribution, IndSG is the rate of change
in industry total revenue with industry is determined by the three-digit SIC code, and SG is the
sales growth of firms. The KZ index is calculated as KZ= -1.001909*CF + 3.139193*TLTD +
39.36780*TDIV - 1.314759*Cash + 0.2826389*Q, where CF is cash flow scaled by book equity,
and TDIV is the total distribution scaled by total assets. The index constructions for the two
measures are very different. The formulas have opposite signs on cash and payout; the sales growth
is included in WW, and not in KZ. The two measures will contain very different information, and

Table 13, the correlation matrix, shows that they are only 12.7% correlated.

c. Hoberg and Maksimovic (2014) Measures.

This paper is the first to utilize HM’s new measure for financing constraints to analyze the
investment anomaly. The HM measures are the newest, innovative endeavor to gauge the degree
of investment frictions from the wording in the 10K reports, also recognizing the potential need to

distinguish the ability to raise equity from the ability to raise debt. They score 10-K text to obtain
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annual measures of financial constraints. | use their three continuous variables, Delaycon,
Equitydelaycon, and Debtdelaycon to identify financially-constrained firms. These measures have
the advantage of direct textual context, constructed from firm disclosures. Delaycon quantifies a
degree of financing constraints in general; Equitydelaycon (Debtdelaycon) specifically measures

a firm’s constraints in obtaining equity (debt) financing.

They find that their measures outperform other financing constraints proxies in predicting
investment cuts following negative shocks. Also, equity market constraints are associated with
firms funding growth opportunities, and equity-constrained firms will be more severely affected
following large unexpected negative shocks due to informational asymmetries. Constraints in the

debt markets are distinct from equity constrainted and are linked to covenant violations.

d. Proxies for Limits to Arbitrage

Firms with high idiosyncratic volatility (IVOL) and low dollar trading volume (dVOL)
have higher tendency to be persistently mispriced due to high arbitrage costs. IVOL, a widely-used
proxy for arbitrage risk or noise trader risk, is calculated as the standard deviation of the residuals
after monthly stock returns are regressed on the following time-series Fama-French 3-factor model
over 36 months with a minimum of 36 months ending on April 31 of year t:

R =a +b;MKTRF, +b,;SMB, +b,HML, +¢, , where Rt is the monthly return on stock i, and

MKTRF, SMB, and HML are market factor, size factor, and value/growth factor, respectively.
Dollar trading volume (dVOL) for each firm is calculated as the sum of monthly trade volume
from May of t-1 to April of year t. Trading volume is the product of share volume (VOL) and

closing price at the end of the month (PRC).
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e. Summary Statistics

Table 12 and 13 presents descriptive statistics for the full sample and the correlation matrix
for the main variables, respectively. For the HM financing constraints variables, the sample is
restricted to 1997-2014.The statistics are time-series averages of cross-sectional value-weighted
means. The mean of FC score (FC, hereafter) is 5.56 with minimum of 1.88 and maximum of 9.88.

The correlation matrix in Table 13 shows that all eight firm characteristic components of
FC, except for Tobin’s Q, exhibit expected significant correlation with FC. The one component
not correlated with FC is Tobin’s Q. While FC is positively correlated with KZ, FC is different
from KZ for several reasons. First, while WW index has almost perfect negative correlation with
firm size (-0.92), the KZ index is not correlated with size (-0.05), and FC score has a correlation
of -0.4. WW index is negatively correlated with the debt level, which is the opposite of the
expected sign, and not correlated with cash flow. Ideally, profitability should have a part in
financing constraints. KZ and WW indexes are not incorrect measures, but they may just be
reflecting some different aspects about a firm. Hence, | use the KZ index for analysis. Since WW
is 92% correlated with asset size in my sample, using asset size would suffice when subsampling.
Using asset size instead of WW avoids having to drop the first seven years of the sample after
satisfying all data requirements for WW.

Delaycon is significantly correlated with Equitydelaycon and modestly correlated with FC,
KZ, Age, Q, and Rating in the expected signs. Equitydelaycon is negatively correlated with
Debtdelaycon in the sample, corroborating the statement by HM that equity-focused and debt-
focused constraints indicate different aspects about a firm’s financial conditions. Delaycon and
Equitydelaycon have modestly positive (negative) correlation with idiosyncratic volatility (rating),

while debtdelaycon has negative (positive) correlation. While debtdelaycon variable was shown
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to reflect a firm’s distressed-ness, the correlation goes against the prediction that distressed firms

are more likely to suffer from mispricing and less likely to be rated in Compustat.

D. Methodology and Main Results

Before introducing the effect of financing constraints, | confirm the inverse investment-
return relation using the full sample. At the end of every April, stocks are assigned to asset growth
(dAA) deciles and the top and bottom extreme deciles are held for one year. The excess monthly
portfolio return (%) is computed as the time-series average of value-weighted stock returns over
the risk-free rate. The risk-adjusted portfolio return (4-factor alpha) is the estimated intercept from
the following regression:

R, = ap+h, JMKTRF, +b, ,SMB, +b, ,HML, +b, UMD, +¢; (1.2)
,Where R is the return on portfolio p over the risk-free rate; MKTRF, SMB, and HML are returns

on the market, size, and book-to-market factors, respectively, in Fama and French (1993); UMD
is the return on the momentum factor in Carhart (1997). Table 15 shows the raw and risk-adjusted
portfolio returns on the extreme deciles formed on a given investment variable and the long-short
spread on the extremes. The last column shows the Fama-Macbeth (FM) slopes on the investment

variable in three different specifications with varying sets of controls.

XRety,, = a,+h Investment; +,,, | -

XRet,,, = a, +h, Investment, +c,Size, +d,BEME; +&,MOM; +¢;,, _ o (1)
XRet,,, = a,+b,Investment, +c,Size, + d,BEME, +e,MOM, + f,Accrual; + g,0R' + &,

The annual accounting variables are lagged at least 4 months to ensure that stock market

participants have access to the data available at the time of portfolio formation. The monthly

variables are lagged one month. The t-values are corrected for heteroskedasticity and serial
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correlation, using the Newey-West (1987) estimator with up to 12 lags. MOM is the past 12-month
cumulative return skipping a month before the formation date. Following Sloan (1996), accrual
(ACC) is measured as ACurrent assets (ACT) - ACash and short-term investments (CHE) -
(ACurrent liabilities (LCT) - ADebt in current liabilities (DCL) -ATaxes payable (TXP)) -
Depreciation and amortization expense (DP) divided by AT. OP is the operating profitability
calculated as SALE - cost of goods sold (COGS) - Selling, general and administrative expense
(XSGA) + Research and development expense (XRD) scaled by lagged BE.

Table 15 shows the long-short portfolio raw and risk-adjusted returns, FM coefficients, and
their significance. Except for Chg_CAPX, the long-short on investment earn risk-adjusted returns
ranging from 0.287% to 0.492% per month. The slopes on investment variables are all significantly

negative, confirming the inverse investment-return relation.

1. One-way Subsampling

To examine the hypothesis 1 (H1) in Section 2, I split the sample into terciles by a given
firm characteristic that potentially reflect the degree of financing constraints faced by firms. In the
low and high terciles, | form quintiles on a given investment variable and examine the presence of
the investment effect through the long-short portfolio and FM regression analyses. A general
finding is that in most subsamples expected to have low FC according to the firm characteristics
(low CF, low LNTA, younger, higher cash, high payout, high sales growth, low debt, rated) do not
exhibit the investment effect. Some investment variables follow this pattern in a more straight
forward fashion than others. The results in Table 16 and 17 indicate that dAA, NSI, and NOA
exhibit the most consistency with our expectation, and Chg_CAPX the most inconsistent. The
amount of cash on the balance sheet does not explain the investment anomaly as the effect is

insignificant in all subsamples for IA, NOA_AT, and NSI, while showing mixed findings for dAA
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and Chg_CAPX. The variables that explain investment effect in line with the Q-theory are CF,
LNTA, Age, and debt ratio. It is hard to be conclusive about the payout ratio and cash that show
contradictory results in portfolio and regressions. In sum, the individual firm characteristics lead
to different results about their role in explaining the investment anomalies, suggesting the need to
combine these features into a single, richer measure for a more reliable conclusion.

Next, I split the sample into terciles by the new FC score and by the KZ index. The portfolio
and regression analyses in Table 18 and 19 shows that the investment effect seems to be
concentrated among the high FC and high KZ subsamples. In terms of portfolio alphas, dAA, 1A,
NOA_AT, and NSI exhibit the investment effect in only the high FC sample, and all investment
variables in the high KZ sample. Next, | observe the investment effect in the high and low limits-
to-arbitrage subsamples, created by splitting on idiosyncratic volatility (IVOL) and dollar trading
volume (dVOL). For four of the five investment variables, the investment effects are strong in the
high limits to arbitrage subsamples.

Next, I divide firms into three groups based on each of the HM measures. In the lowest and
highest subsamples, | examine the investment effect. The investment effect appears strong for the
asset growth in the high Delaycon and Equitydelaycon subsamples, which coincides with the Q-
theory hypothesis but the results are not consistent with the hypothesis for the other four variables.
The effect does not exist among the high Debtdelaycon subsample, which suggests that the asset
growth effect is specific to the firms afflicted only by equity-related constraints. A further analysis
IS necessary as the asset growth effect is strong in the high IVOL subsample, which makes it

ambiguous whether the effect is driven by mispricing or financing constraints.
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The Fama-Macbeth regression analyses in Table 19 show that the coefficients are
significantly negative on the investment variables for dAA, 1A, and NOA only among the high
Delaycon, Equitydelaycon, and IVOL. The findings are largely consistent with the sorting analysis.

Table 17 and 19 presents the slopes on the investment variables from the Fama-Macbeth
regressions. The regression analysis produces overwhelming support for the mispricing hypothesis
for dAA and mixed findings of both FC and mispricing for 1A, NSI, and NOA. The Q-theory
effects dominate in some subsamples for Chg_ CAPX. Overall, it is difficult to make a concluding
remark from Table 16 through 19 as subsamples based on individual firm characteristics produce

mixed results.

2. Two-way Subsampling

As shown in the correlation matrix in Table 13, the FC proxies and limits-to-arbitrage
proxies are highly correlated; FC (KZ) has 44.5% (27.2%) correlation with IVOL. Some
characteristic components of FC, such as age, payout ratio, and asset size are also highly correlated
with IVOL. To focus on either the Q-theory or the mispricing effect, | split firms independently
by a given financing constraint proxy and IVOL and analyze the intersecting sub-samples. Table
20 and 21 show the results in the joint subsamples by individual FC firm characteristics and IVOL.
For dAA, the effect mainly exists in subsamples with both high financing-constraint characteristic
and high IVOL. This suggests that both mispricing and discount-rate channels need to be present
for the investment effect to take place. In terms of industry-adjusted debt level, the dAA and
NOA_AT effect exist in high IVOL group controlling for FC but also exists in high FC group
controlling for IVOL, another evidence of mutual effects of the two channels. Age and IVOL are
-40% correlated, indicating that younger firms are less established and have greater uncertainty.

Independent sorting on Age and IVOL suggests that age matters more for investment anomalies
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than the mispricing effects. The effects for NSI, 1A, NOA, and Chg_CAPX persist only among
younger firms, controlling for IVOL. For dAA, both age and IVOL reinforce each other, but the
effect exists only among the younger firms. The payout ratio and IVOL are -17% correlated,
suggesting that firms that retain earnings for growth have more uncertainty. Joint subsamples on
Payout and 1VOL present some results in support for mispricing, especially for dAA and IA. For
NSI and NOA_AT, the effect only exists in the high FC and high IVOL group. The asset size
(LNTA) and IVOL are also highly correlated. For dAA, NSI, and NOA_ AT, IVOL effects
overrules the FC effect.

The next analysis utilizes the new financing-constraints score (FC) that combines all firm
characteristics and the KZ index. The first panel in Table 22 presents the risk-adjusted return on
the long-short extreme investment quintiles formed in the subsamples split by the FC and IVOL,;
and the slopes on investment variables from the FM regressions in the subsamples. The results
using the FC score support the mispricing explanation, as high 1IVOL groups consistently show
higher alphas and higher slopes (in magnitude), controlling for FC. In light of the results in Table
22, the mispricing hypothesis finds support for dAA, 1A, and NOA.

The next panel presents results using the KZ index employing the same procedure. The
support for the mispricing hypothesis is weaker as the risk-adjusted returns and slopes show that
financing constraints may be of greater importance. The slopes on NSI and IA from the FM
specification with the most number of controls are significantly negative in the high KZ samples
controlling for IVOL. The analyses using the new FC score, the existing KZ index, and the asset
size which is close to the WW index show mixed results but the most coherent conclusion is that

the Q-theory effects alone do not explain the investment anomalies. Depending on the type of
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investment variable used, we find support for either mispricing explanation alone or for both
mispricing and Q-theory effects complementing to generate the investment anomalies.

Table 24 shows the regression analyses in two-way subsamples of the HM metrics and
IVOL. With the less number of control variables, the investment effect seems to be driven by the
mispricing effect as the investment effect shows predominantly in the high IVOL subsample.
However, with the most number of control variables in the third specification, the significantly
negative slopes on dAA, IA, and NOA only in the high FC and high IVOL subsamples indicate
that the Q-theory effects and mispricing both need to be present to drive the investment effect.
This conclusion is somewhat resonant with the conclusion by Lam and Wei who argue in favor of
both limits-to-arbitrage and Q-theory effects having an equal amount of impact on the investment
anomaly. Li and Zhang argue more strongly in favor of limits-to-arbitrage effects but with the new

proxies, this paper shows support for both effects reinforcing each other to drive the effect.

E. Conclusion

The source of the asset pricing anomalies related to firm investments remains inconclusive
to date. This study strives to evaluate comprehensively the role of the financing constraints,
motivated by the Q-theory of investment extended by Li and Zhang (2010), in explaining the
investment-related anomalies, such as the asset growth, net stock issuance, investment-to-assets,
net operating assets, and growth in capital expenditure anomalies. | utilize new proxies for
financing constraints that potentially better represents the degree of ease with which a firm can
substitute internal financing with external financing. This paper is the first to incorporate advanced
and more reliable financing constraints metrics, such as the one developed by Hoberg and

Maksimovic (2014) in analyzing the investment effect. Using the new proxy, | compare the
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prediction from the Q-theory versus the mispricing prediction. Overall, the results vary depending
on the type of financing constraints proxy used and the investment variable examined but show a
reliable support for both the limits-to-arbitrage and investment-friction hypothesis, not able to
completely rule out either.

The analyses in this research contribute to the related literature in several ways: 1) by
incorporating new and improved measures of financing constraints; 2) by showing that the Q-
theory effects or limits-to-arbitrage effects alone are most likely unable to explain the investment
anomalies; 3) by presenting indications that the investment effects are most likely combined effects
of rational and mispricing. The conclusion is in favor of the mutual roles of rational and behavioral
sources in explaining the anomalies as also claimed in Lam and Wei (2011).

A limitation is in that upon incorporating the HM measures, the sample period reduces to
1994-2014 due to data availability. The investment effect itself, especially when using the
investment proxies other than the asset growth, weakens in the more recent period, which renders
the whole analysis using subsamples less significant (if not prohibitive due to concerns for data
mining). Hence, the exercise of interpreting the results may best be limited to the case of asset

growth.
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G.FIGURES AND TABLES
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Figure 5: The discount rate vs. investment-to-capital in the Q-theory with investment frictions model

Fig 5 plots the discount rate R; against the optimal investment ratio in the first order condition of the
optimization problem. Profitability II is held constant at 0.15 and capital depreciation rate ¢ at 0 (rate of
capital depreciation) and the financing cost parameter \; varies from -0.02 to 1 and from 0 to 30.
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Table 12: Descriptive statistics

See the appendix for variable descriptions. Panel A:The sample period covers Jan 1968 through Dec 2015,
and the sample firms must have at least 2 years of Compustat data and have no missing observations for
all variables except for BH2YR and BH3YR. The total number of firm-year observations in the data is
86,562. All variables are winsorized at 1% and 99%, except for the return variables. The statistics are
time-series averages of annual value-weighted cross-sectional averages. Panel B: At the end of April of year
t, stocks are sorted into deciles on the FC score constructed by averaging the 8 scores determined by firm
characteristics. Panel C: shows the pairwise cross-sectional spearman correlations for each year and report
time-series averaged correlations. The significance of the correlation is determined by the standard errors of

the time-series mean, bolded if significant at 10%.

Mean  Std Min Max
FC_score 5.56 1.05 1.88 9.88
WwW 0.375 0.108 -0.113 1.134
KZ -0.71  2.64 -29.04 24.13
Delaycon -0.02 0.089 -0.28 0.4
Equitydelaycon -0.03 0.083 -0.28 0.46
Debtdelaycon 0.005 0.058 -0.19 0.35
dAA 0.14 032 -0.58 4.77
NSI 0.03 0.1 -0.43 1.01
NOA_AT 0.69  0.26 0.03 2.59
TIA 0.09 0.15 -0.46 1.91
Chg CAPX 0.35 1.12  -0.94 11.98
Age 16.92 11.13 2.86 37
Payout 0.21 0.37 0 5.48
Q 1.69 1.23 0.4 14.66
BEME 0.76  0.65 0.01 23.92
LNTA 5.51 1.94 0.91 11.89
CF 0.5 1.65 -21.78 15.14
Cash 0.14 0.16 0 0.83
TLTD_adj -0.02 0.15 -0.45 0.61
SG_adj 0.04 033 -2.29 4
dVOL ($b) 0.41 2.47 0 253.74
IVOL 0.12  0.06 0.03 0.58
Rating 0.64 0.48 0 1
Size ($b) 2.07 774 0 120.54
PRIYR 0.12 066 -0.96 37.92
BH1YR 0.12 063 -0.95 36.13
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Table 14: Firm characteristics used to construct the FC score

Firm Characteristic Motivated by: Higher FC if:

Firm age (Age) Hadlock and Pierce (2010) Lower

Log of total assets (LNTA) Whited and Wu (2006) Smaller

Cash/AT (Cash) Hadlock and Pierce (2010) Higher

Cashflow/AT (CF) Whited and Wu (2006) Lower

Payout Frazzini, Hubbard, Petersen (1988) Lower

Industry-adjusted Sales Growth (SG*¥)  Whited and Wu (2006) Industry SG is high and firm SG is low
Industry-adjusted Debt (T LT D%) Whited and Wu (2006) Industry debt is low and firm debt is high
Tobin’s Q (Q) Kaplan and Zingales (1997) Higher

Table 15: Raw and risk-adjusted returns on low-high investment quintile and slopes on investment from
the Fama-Macbeth regressions in the full sample

At the end of April of year t, stocks in the full sample are assigned to investment quintiles and held for
one year. The excess monthly portfolio return (%) is the time-series average of value-weighted stock returns
over the risk-free rate. The risk-adjusted portfolio return (4-factor «) is the estimated intercept from the
following regression:

Rpﬂg = Oé+b1MKTRFt+bQSMBt —|—b3HMLt —|—b3UMDt + &¢

where R, is the return on portfolio p over the risk-free rate. Statistical significance at the 10%, 5%, and 1%
levels are represented by *, ** and ***, respectively. For Fama Macbeth regression (FM), for each month from
May of year t to April of year t+1, I estimate the following cross-sectional regressions of monthly excess re-
turns on a given investment variable and other control variables for the fiscal year ending in calendar year t-1:

XRet),, = a +bInvestment, +¢,,,

XRet,,, = a,+b,Investment, +c,Size,

XRet,,, = a,+b,Investment, +c,Size,
t+l 3 3 t K}

t

+ dzBEﬂJE: +e2MOM,’ + .5‘2! 1 (1)
+d,BEME} +e,MOM | + [, Accrual’ + g,OP' +8

, where XRet are the excess returns over one-month Treasury bill rate (from Kenneth French’s website).
Accrual is measured as ACurrent Assets(ACT)-ACash and short-term investments(CHE)-(ACurrent
Liabilities(LCT)-ADebt in Current Liabilities(DCL)-ATaxes Payable(TXP))-Depreciation and Amortiza-
tion Expense(DP) divided by AT. OP is the operating profitability calculated as SALE - cost of goods sold
(COGS) - Selling, General and Administrative Expense (XSGA) + Research and Development Expense
(XRD) scaled by lagged BE. Statistical significance of the Newey-West t-statistics with lags of 12, at the
10%, 5%, and 1% levels are represented by *, ** and *** respectively.

Raw Alpha ‘ FM
dAA Low 1.008%%*  0.345%** | by -0.776%**
High 0.356 0.059 by  -0.642%**
Low-High 0.652*** (.287* bs  -0.407***
1A Low 0.871***  (0.299%** | py  -1.233%**
High 0.388 0.001 by -1.005%**
Low-High 0.483*** (0.299%* | b3 -0.719%**
NOA_AT Low 0.629%*  0.293** | by -0.678%**
High 0.213 -0.137 by -0.637%**
Low-High 0.416**  0.43** by -0.426%**
NSI Low 0.891%**  (0.396*** | by -1.742%%*
High 0.322 -0.096 by -1.508%**
Low-High 0.617*** (0.492%%* | p3 -1.136***
Chg CAPX Low 0.714***  0.208* by -0.093%**
High 0.542%* 0.272%* | by -0.086***
Low-High 0.172 -0.064 bs -0.059%*
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Table 16: Risk-adjusted return on low-high investment quintile in subsamples split by a given financing
constraint characteristic

At the end of April of year t, stocks in the subsamples split by a given proxy for financing constraints are
assigned to investment quintiles and the long position on lowest quintile and short position on highest quintile
are held for one year. The excess monthly portfolio return (%) is the time-series average of value-weighted
returns over the risk-free rate. The risk-adjusted portfolio return (4-factor «) is the estimated intercept from
the following regression:

Rp7t :Oé+b1MKTRFt+bQSMBt+b3HMLt+b3UMDt+Et

where R, is the return on portfolio p over the risk-free rate. Statistical significance at the 10%, 5%, and 1%

levels are represented by *, ** and ***  respectively.
CF LNTA Age Cash
H (Low FC) L (High FC) H (Low FC) L (High FC) H (Low FC) L (High FC) H (Low FC) L (High FC)
dAA Low  0.217*%* 0.456*** 0.286*** 0.764*** 0.279*** 0.781%%* 0.66*** 0.197*
High 0.305** 0.006 0.18%* 0.017 0.155%* 0.056 0.444%%* -0.066
L-H -0.088 0.45%* 0.106 0.747%** 0.125 0.725*** 0.216 0.263*
1A Low  0.283%** 0.445%** 0.181** 0.752%** 0.137 0.339** 0.48*** 0.137
High 0.133 0.04 0.101 -0.085 0.062 -0.103 0.407%** -0.07
L-H 0.15 0.405** 0.08 0.837*** 0.075 0.443** 0.073 0.207
NOA_AT Low  0.331%** 0.451%** 0.34*** 0.718%** 0.244%%* 0.731%%* 0.432%** 0.073
High 0.016 -0.121 -0.012 -0.044 -0.047 -0.15 0.476*** -0.082
L-H 0.315*%* 0.572%** 0.352%** 0.762%** 0.291** 0.881*** -0.045 0.155
NSI Low  0.287*** 0.273** 0.264*** 0.723%** 0.239%** 0.33*** 0.343*** 0.173*
High 0.094 -0.032 0.025 0.191 0.101 -0.084 0.04 -0.14
L-H 0.193 0.305* 0.239** 0.532%** 0.138 0.414** 0.303* 0.312%**
Chg_ CAPX Low  0.269%** 0.349%* 0.237*** 0.629%** 0.095 0.318** 0.37T7*** -0.057
High 0.241%* 0.09 0.278*** 0.113 0.223** 0.159 0.074 0.118
L-H 0.028 0.26 -0.042 0.517*** -0.128 0.159 0.303* -0.175
Payout Sale relative to ind Debt relative to ind Rating
H (Low FC) L (High FC) H (Low FC) L (High FC) L (Low FC) H (High FC) R (Low FC) UnR (High FC)
dAA Low  0.413%%* 0.731%** 0.491%** 0.489*** 1.113%%* 0.401** 0.315%** 0.762%**
High 0.296** 0.043 0.047 0.03 0.502%* -0.238 0.255%%%* -0.063
L-H 0.116 0.688*** 0.444** 0.459** 0.612%** 0.639*** 0.06 0.825***
1A Low  0.43%** 0.312 0.418%** 0.384*** 0.809*** 0.424*** 0.227%** 0.846%**
High 0.17 -0.01 0.075 0.161 0.517** -0.124 0.129 -0.212
L-H 0.26 0.322 0.344* 0.223 0.292* 0.547** 0.098 1.058%%*
NOA_AT Low  0.377%%* 0.405%* 0.64%** 0.333** 0.743*** 0.456%** 0.349%** 0.266
High 0.093 -0.313 -0.117 -0.138 0.58%* -0.256 0.055 -0.083
L-H 0.284 0.718*** 0.757*** 0.471** 0.163 0.712%** 0.294** 0.349
NSI Low  0.389%** 0.536** 0.342** 0.299** 0.96%** 0.282** 0.247%** 0.617%**
High 0.314** -0.231 -0.11 0.206 0.672%* -0.197 0.098 0.094
L-H 0.075 0.768*** 0.452** 0.094 0.334 0.479** 0.148 0.516%**
Chg CAPX Low  0.384%** 0.28 0.336** 0.38%** 0.422 0.29* 0.277*** 0.641%***
High 0.329** 0.241 0.357** 0.019 0.512* 0.163 0.264*** 0.14
L-H 0.055 0.039 -0.02 0.361* -0.09 0.126 0.013 0.502**
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Table 17: Slopes on investment from Fama-Macbeth regressions in subsamples split by firm characteristics
for financing constraints

For each month from May of year t to April of year t+1, I estimate the following Fama and MacBeth
cross-sectional regressions of monthly excess returns on asset growth (dAA) and other control variables
for the fiscal year ending in calendar year t-1 in the full sample and subsamples split by ATO%¥ and
a given measure for profitability, investment opportunities, limits to arbitrage, or investment frictions:
XRet!, = a +hInvestment} + ¢/,

XRetl,, = a,+b,Investment; +c,Size;, + d,BEME; +e,MOM + &} ., (1)

XRet,,, = a,+b.Jnvestment, +c,Size, + d, BEME, +e,MOM [+ f,Accrual; + g,OF' +&;

t+1 3.+1

XRet are the excess returns over one-month Treasury bill rate (from Kenneth French’s website). Accrual is
measured as ACurrent Assets(ACT)-ACash and short-term investments(CHE)-(ACurrent Liabilities(LCT)-
ADebt in Current Liabilities(DCL)-ATaxes Payable(TXP))-Depreciation and Amortization Expense(DP)
divided by AT. OP is the operating profitability calculated as SALE - cost of goods sold (COGS) - Selling,
General and Administrative Expense (XSGA) + Research and Development Expense (XRD) scaled by
lagged BE. Statistical significance of the Newey-West t-statistics with lags of 12, at the 10%, 5%, and 1%

levels are represented by *, ** and ***, respectively.
CF LNTA Age Cash
H (Low FC) L (High FC) H (Low FC) L (High FC) H (Low FC) L (High FC) H (Low FC) L (High FC)
dAA b1 -0.539** -0.969%** -0.758%** -1.149%** -0.71Hx* -0.848*** -0.702%** -0.859%**
ba  -0.459%* -0.826*** -0.553*** -0.983*** -0.514*** -0.621%** -0.523*** -0.751%%*
bs -0.227 -0.627%%* -0.36%** -0.659* -0.242%* -0.352%* -0.297* -0.6%**
IA b1 -0.991*** -1.63%** -1.077H** -2.259%** -1.048*** -1.578*** -1.374%** -1.039***
by -0.876%** -1.476%** -0.834*** S1.71%* -0.795*** -1.233*** -0.996*** -0.872%**
bs -0.616** -1.308%** -0.615%** -1.563** -0.556** -0.902%** -0.634** -0.658**
NOA_AT b1 -0.491** -0.818%** -0.631%%* -0.669** -0.572%%* -0.773*** -0.615*** -0.852%**
by -0.518%** -0.697*** -0.621*** -0.478 -0.592*** -0.675%** -0.513*** -0.799***
bs -0.274 -0.556%** -0.431%%* -0.109 -0.426%** -0.402%* -0.301* -0.623***
NSI b1 -2.074%** -1.242%** S1.712%%* -2.846%** -2.055%** -1.638*** -1.723%** -2.373%**
by -1.679%** -0.871%* -1.417F%* -2.642%** -1.744%%* -1.362%** -1.409*** -2.004***
bs  -1.335*** -0.451 -1.072%%* -2.538%** -1.409%** -0.983*** -0.993** -1.568%**
Chg_.CAPX b1 -0.022 -0.102%* -0.086* -0.124** -0.08* -0.139*** -0.089** -0.074
ba  -0.027 -0.093** -0.068 -0.107* -0.079* -0.109*** -0.079*** -0.064
bs  0.001 -0.069 -0.044 -0.071 -0.059 -0.072%* -0.052* -0.036
Payout Sale relative to peers Debt relative to peers Rating
H (Low FC) L (High FC) H (Low FC) L (High FC) L (Low FC) H (High FC) R (Low FC) UnR (High FC)
dAA by -0.786%** -1.098%** -0.838%** -1.066%** -0.484 -0.879%** -0.715%** -0.863%**
by -0.71%** -0.61%* -0.769%** -0.817*** -0.432%* -0.725%** -0.661*** -0.612%**
bs  -0.485*** -0.312 -0.6%** -0.49 -0.217 -0.508** -0.443*** -0.347**
1A b1 -1.67TFFX -1.681%** -1.294%** -0.933* -0.777F* -1.485%** -0.997%** -2.148%**
by -1.599%** -0.993%** -1.116%** -0.596 -0.563 -1.377*** -0.817*** -1.856%**
by -1.342%%* -0.718* -0.887*** -0.27 -0.181 -1.129%** -0.564%** -1.472%%*
NOA_AT b1 -0.64%** -0.802%** -0.823%** -0.637** -0.298* -1.064%** -0.706%** -0.642%**
by -0.634%** -0.592* -0.79%** -0.613** -0.264 -1.026*** -0.662*** -0.638***
bs  -0.455%* -0.519 -0.551%** -0.413 -0.04 -0.927*** -0.498*** -0.479**
NSI b1 -1.661%** -2.27 3%k -1.726%** -2.528%** -0.573 -1.667*** -1.886%** -1.525%**
by -1.407*** -0.995 -1.535%** -2.662%** -0.386 -1.639** -1.69%*** -1.323%**
by -1.139%** 0.024 -1.267** -2.352%** 0.041 -1.376** -1.394%* -0.986**
Chg CAPX by -0.154%** -0.107* -0.057 -0.091 -0.089* -0.081 -0.065%* -0.19%**
by -0.161*** -0.063 -0.053 -0.087 -0.09%* -0.085 -0.067** -0.208***
b -0.145*** -0.043 -0.033 -0.066 -0.063 -0.041 -0.041 -0.182%*
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Table 18: Risk-adjusted return on low-high investment quintile in subsamples split by a given financing

constraint measure or limits-to-arbitrage proxy

At the end of April of year t, stocks in the subsamples split by a given proxy for financing constraints (the FC
score (FC) or Kaplan and Zingales (1996) index (KZ)) or limits to arbitrage (idiosyncratic volatility (IVOL)
or dollar trading volume (dVOL)) are assigned to investment quintiles based on one of the five investment
variables (asset growth dAA, investment-to-assets TA, net operating assets NOA, net stock issuance NSI,
and growth in capital expenditure Chg_ CAPX) and the long position on lowest and short position on highest
quintile are held for one year. The excess monthly portfolio return (%) is the time-series average of value-
weighted returns over the risk-free rate. The risk-adjusted portfolio return (4-factor «) is the estimated

intercept from the following regression:

Ryt =a+bMKTRFt+bySMBy +bsHML; +bsUMD; + ¢

where R, is the return on portfolio p over the risk-free rate. Statistical significance at the 10%, 5%, and 1%

levels are represented by *, ** and *** respectively.

FC KZ IVOL (1964-) dVOL
Low High Low High Low High High Low
dAA Low  0.387*** (0.489%** 0.353***  (0.415%%*  0.265*** 0.699*** 0.305%*** 0.781***
High 0.266*** -0.071 0.365%**  .0.125 0.256%** -0.177 0.156* 0.306***
L-H 0.121 0.561*** _.0.012 0.54*%** 0.009 0.876*** 0.149 0.475%**
IA Low  0.327%** 0.164 0.355***  0.033 0.165%* 0.32 0.201%** 0.768%**
High 0.223** -0.044 0.339**%*  -0.032 0.055 -0.042 0.044 0.219%*
L-H 0.104 0.207 0.015 0.064 0.11 0.363 0.156 0.549%**
NOA_AT Low  0.201* 0.355%** 0.304***  0.265 0.326%** 0.477*** 0.291*** 0.771%**
High 0.099 -0.199* 0.222%* -0.141 0.005 -0.012 -0.061 0.171
L-H 0.102 0.554%**  (.082 0.405**  (0.322%**  (,489** 0.351%**  (,6***
NSI Low  0.343*** (.221* 0.363***  0.114 0.246%** 0.445%* 0.254%** 0.562%**
High 0.18* -0.234* 0.283** -0.157 0.154* -0.19 -0.023 0.606***
L-H 0.163 0.454*** (.08 0.272 0.092 0.635*** (0. 277** -0.043
Chg CAPX Low  0.292*** (.248* 0.289** 0.234* 0.244%** 0.503*** 0.205%* 0.607***
High 0.213 0.184 0.293** 0.112 0.216** 0.064 0.233%** 0.329%**
L-H 0.079 0.064 -0.004 0.122 0.029 0.439** -0.028 0.278%*
Delaycon Equitydelaycon Debtdelaycon IVOL (1997-)
Low High Low High Low High Low High
dAA Low  0.559** 0.794*** (.31 1.036%*%*  0.878***  -0.046 0.205  1.019%**
High 0.239 -0.114 0.247 0.081 0.408* -0.341 0.158 -0.061
L-H 0.32 0.908**  0.062 0.955**  0.469 0.295 0.048 1.08%**
TIA Low  0.036 0.096 0.004 0.282 0.352 -0.102 0.088 0.011
High -0.112 0.014 0.028 0.1 0.218 -0.032 -0.196 0.211
L-H 0.148 0.082 -0.024 0.182 0.133 -0.07 0.285 -0.2
NOA_AT Low  0.491** 0.754%**  0.294 0.686** 0.443* 0.331* 0.16 0.522
High -0.179 0.143 0.044 0.286 0.331 -0.169 0.105 0.284
L-H 0.67** 0.61 0.25 0.399 0.112 0.5 0.054 0.239
NSI Low  0.517*** 0.17 0.449**  0.324** 0.467F**  0.417%FF  0.198  0.326
High -0.205 0.274 -0.151 0.097 0.181 0.031 0.191  -0.057
L-H 0.722** -0.104 0.6* 0.227 0.286 0.386 0.007 0.383
Chg CAPX Low  0.423 0.41 0.249 0.685%* 0.454* 0.22 0.118  0.992%%**
High -0.108 0.259 0.411 0.001 -0.222 0.284 0.0561  -0.184
L-H 0.531 0.151 -0.162 0.683 0.677* -0.063 0.067 1.176%**
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Table 19: Slopes on investment from Fama-Macbeth regressions in low and high subsamples split by a
given financing constraint measure or limits to arbitrage proxy

For each month from May of year t to April of year t+1, I estimate the following Fama and MacBeth
cross-sectional regressions of monthly excess returns on asset growth (dAA) and other control variables for
the fiscal year ending in calendar year t-1 in the subsamples split by a given measure for financing constraints
XRet! , =a +hInvestment! + &/,
XRetl,, = @, +b,Investment, +c,Size, + d,BEME; +e,MOM + 2, ., (1)

d Timits bit XRet!,, = a,+b Investment! +c Size, +d, BEME, +e MOM| + f,dccrual] + g,OP' +&] |
an 1mits to arbitrage:

XRet are the excess returns over one-month Treasury bill rate (from Kenneth French’s website). Accrual is
measured as ACurrent Assets(ACT)-ACash and short-term investments(CHE)-(ACurrent Liabilities(LCT)-
ADebt in Current Liabilities(DCL)-ATaxes Payable(TXP))-Depreciation and Amortization Expense(DP)
divided by AT. OP is the operating profitability calculated as SALE - cost of goods sold (COGS) - Selling,
General and Administrative Expense (XSGA) + Research and Development Expense (XRD) scaled by
lagged BE. Statistical significance of the Newey-West t-statistics with lags of 12, at the 10%, 5%, and 1%

levels are represented by *, ** and *** respectively.
FC KZ IVOL(1964-) dVOL
Low High Low High Low High Low High
dAA by -0.508%**  _0.886*** -0.606*** -0.797*** _0.545%* = -0.894%*FF  _0.659%*F*  _0.622%**
by -0.369%**  _0.704***  _0.582***  _0.578***  _0.273* -0.668%*F*  _0.504*F**  .0.552%**
by -0.128 -0.502%*F*  .0.278* -0.483*%**  0.022 -0.501%**  -0.271 -0.387H**
NSI by -0.898** S1.847FF* 1 534%Fx 1 772%* S1.288*F*  _1.602%**  _1.164%**  _1.755%**
by -0.409 S1782%FF U1 .254% %% _] 549** -0.682* -1.281%%%  _(0.983** -1.499%**
bs -0.113 -1.583***  _0.93** -1.394%* -0.478 -1.143%%*  _0.67* -1.163%**
1A by -1.062%**  _1.336*** -1.213%F*  _1.264%F*  _(0.941***F 1 .592%FF 1 12%K* -0.928%**
by -0.75%FFF _1.02%F*F  _1.034%*F  _0.888**F  _0.532%*F  -1.178%FFF  _0.968%F*F  -(.797H**
by -0.433* -0.81%* -0.473 -0.782*%**  .0.251 -0.985%** (. 7H* -0.599**

NOA_AT by -0.485%FF  _0.869%FF  -0.495%FF  _0.83FF*  _0.375%¥**  _0.851***  -0.489***  _(.819%**
by -0.433%FF  -0.658%FF  -0.511FFF  -0.601*F*F* -0.351***  -0.757FF*  _0.431***  _(.726***

by -0.3%* -0.484**  -0.275 -0.561%**  -0.219* -0.623***  -(.28** -0.566***
Chg CAPX by -0.072* -0.09%* -0.039 -0.081 -0.162***  -0.112***  -0.085* -0.057
by -0.093**  -0.064 -0.04 -0.063 -0.156***  -0.078**  -0.082**  -0.051
bs -0.082** -0.035 -0.012 -0.043 -0.129*%**  _0.058* -0.066 -0.024
Delaycon Equitydelaycon Debtdelaycon IVOL(1997-)
Low High Low High Low High Low High
dAA by -0.585%F*  _0.827FF*  _0.706%*F*  -0.797FF*  _0.538*F  -0.714*F*  -0.311* -0.978***
ba  -0.246 -0.602%*F*  -0.374* -0.613%**  _0.253 -0.422%* -0.194 -0.584#**
bs -0.147 -0.542%**  -0.252 -0.569***  -0.197 -0.338 -0.11 -0.517***
NSI b1 -0.409 -0.218 -1.084** -0.43 -0.354 -1.071%* -1.018* -1.268%*
ba  -0.256 -0.439 -0.806 -0.769 -0.375 -1.128%* -0.759 -0.511
bs -0.086 -0.323 -0.573 -0.63 -0.266 -0.928* -0.613 -0.345
TIA by -1.073%* -2.106%F* 1 457FF* 1 788***  _1.663***  -1.521***F  _0.782* -2 57HHK
ba  -0.386 -1.696*%**  -0.79 -1.428%F*  _1.024** -0.971%* -0.711 -1.75 1Rk
bs -0.158 -1.664*%**  -0.51 -1.366***  -0.873**  -0.818 -0.611 -1.655%**
NOA_AT by -0.662** -0.931* -0.715%* -0.874* -0.825%* -0.767FF*  _0.316%* -0.855%*
by -0.61%* -0.889%* -0.681%* -0.77%* -0.715%* -0.727FF* _0.284* -0.991°**
by -0.535%*  -0.848* -0.548**  -0.737* -0.622 -0.667***  -0.208 -0.92%*
Chg CAPX b; -0.136**  -0.052 -0.143**  -0.06 -0.123**  -0.096 -0.127**%  _0.15%**
by -0.133**  -0.064 -0.15%**  _0.079 -0.121%%  -0.115%* -0.167%%*  -0.108*
bs -0.126** -0.052 -0.132%* -0.071 -0.115%* -0.105* -0.16%** -0.097*
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CHAPTER 111

STYLE INVESTING: NEW EVIDENCE FROM MUTUAL FUND FLOWS

A. Introduction: Motivation and Related Literature

Investors frequently trade stocks by classifying them into groups based on firm
characteristics. Characteristics such as the market capitalization (size), book-value-to-market-
value of equity (BTM) ratio, and past performance are some of the well-known predictors of stock
future returns (Fama and French 1995, Carhart 1997) and potential signals for risks, motivating
investors to devise trading strategies accordingly. Barberis and Shleifer (2003) define style
investing as investors’ simplifying the asset-allocation process by allocating capital at the level of
categories instead of individual stocks. This salient behavior is observed in investors, not only in
the equity market but also across various investment universes. To gain a simultaneous exposure
to multiple stocks sharing the same characteristic has become easier due to the fast growth in the
number and diversity of the mutual fund and exchange-traded fund (ETF) industry. For instance,
actively-managed mutual funds often claim to follow a specific investment objective, such as
“large-cap,” “growth,” or “income,” which provides one way for investors to engage efficiently in
style-investing rather than buying or selling individual stocks.

This research seeks to investigate the impact of style-level information on individual and
aggregate capital flows in the mutual fund industry. When and how do investors choose certain
styles? In a theoretical context, Barberis and Shleifer (2003) reasonably assume that investors
chase styles of stocks that have recently performed well. | evaluate this assumption by utilizing
mutual fund flows. Investors who want to style-invest can potentially use mutual funds as channels

to gain exposure to a group of stocks (Li 2018). If mutual fund flows represent or affect retail
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investors’ style preferences or views, then we can expect similar style shifts in direct stock holdings
(Lou 2012).

Equity investors could adjust their exposure to styles over time by switching across
different categories of mutual funds, depending on the market condition for the chosen style of
stocks. Hence, in the allocation decision process, investors would first consider the recent state of
a specific style of stocks. If the recent state is favorable for the style, they would allocate to the
funds that have a positive exposure to that factor. If the state for the style turns sour, they may
choose to withdraw and seek other funds in another style.

A useful tool for observing investors’ allocation decisions is mutual fund flows. Mutual
fund (MF) flows potentially show the collective behavior of equity investors and their preferences
or views (Goetzmann, Massa, and Rouwenhorst 2008, Barber, Huang, and Odean 2016, Akbas,
Armstrong, Sorescu, and Subrahmanyam 2015, Avramov, Cheng, and Hameed 2016, Berk and
Binsbergen 2016, Barber, Huang, and Odean 2016). Utilizing flows, prior studies have debated
the extent to which MF investors are sophisticated, rational, or nave. Some studies do not find MF
investors to be “smart” (Frazzini and Lamont 2008, Avramov et al 2016), but others claim that
their trading behavior is not only at least rational but also capable of identifying managerial skills
(Berk and Green 2004, Berk and Binsbergen 2016). Berk and Binsbergen find that investors
primarily use the CAPM as the evaluation model to make decisions. Barber et al. find that retail
investors primarily use the market risk (CAPM) when evaluating funds but sophisticated investors
tend to use more sophisticated benchmarks. Both studies utilize mutual fund flows to extract the
“revealed preference” of the investors.

This study contributes to the existing literature by showing that MF investors use the style-

level stock information when evaluating funds. Investors in aggregate purchase shares in the
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specific style of MFs that adhere to the investors’ preferred style for stocks. The preferred style
may change over time depending on the performance of the stocks that belong to that style. The
evidence in this research suggests that MF investors regard MFs as vehicles specifically to gain
exposure to a group of stocks without having to purchase assets individually. I use the four factors,
SMB, HML, MKTRF, and UMD, in the Fama-French-Carhart model to define styles. That is,
stocks can be classified with respect to their firm size, book-to-market equity ratio, market beta,
and the past stock performance, respectively. The data shows that the returns on the small-cap
funds do have higher correlation with the size factor than the large-cap funds; income funds have
higher exposure to the value factor than the growth funds.

Barberis and Shleifer argue that the collective style-investing behavior of investors can
cause an excessive comovement among stocks in the same category even if the stocks may not
share any similarity in fundamentals, such as in cashflows or earnings. If a significant group of
investors tend to chase past factor performance, their collective trading behavior could exert
sufficient power to drive the variations of the stock returns (Lou 2012, Akbas et al. 2015, Staer
2017, Li 2018). Calibrating their model, Barberis and Shleifer demonstrates that the “smart money”
is not able to dominate this behavioral effect completely. Li (2018) finds that uninformed retail
trading explains 30% of Fama-French size and value factor price changes from 1965 to 2015. In
the last section of this paper, to engage in the ideas from the price-pressure story, | investigate
whether the aggregate stock returns are associated with the MF style flows. | find a strong
association between style flows and stock returns in terms of Granger-causality, whether or not it
is due to the price pressure as argued in previous studies.

This study is closely related to a working paper by Pomorski (2004) but is critically

different in several ways. First, while Pomorski utilizes time-invariant style codes (for a small
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number of funds, style codes are annually updated at best) as reported in the database, | define
styles at monthly or quarterly frequency by measuring the correlation between the fund returns
and style returns. This approach is designed to address the concern that the reported classifications
in the database may not reflect true strategy employed by the funds. Section 2 will elaborate on
how | define styles. Second, | find contrasting results to Pomorski’s. | document the presence of
the style-investing behavior among mutual fund investors, whereas Pomorski does not. The
contrasting results are expectably due to the different methodologies employed.

This study accentuates the role of behavioral finance in the investment universe by showing
that the investment decisions of individuals are tied to attractiveness of funds determined by
representativeness heuristics (Tversky and Kahnemann 1973). The representative heuristics theory
in psychology states that people often try to predict by seeking the closest match to past patterns,
without paying much attention to the observed probability of matching the pattern (Tversky and
Kahnemann 1982). Investors are prone to thinking that outperforming stocks will continue to do
well in the future by extrapolating past performance, according to this theory. In the case of style
investing, investors extrapolate past style performance. Suppose that investors have observed that
small stocks in market capitalization have yielded higher average returns than large stocks in the
past. Then, investors with bounded rationality (failure to perfectly maximize their expected utility
based on an economic theory) and/or with limited ability to process all the information available
may extrapolate that experience to forecast the real probability of small stocks performing well in
the future. | present the evidence of style investing in the following order: in Section 2, | explain
how | define styles and develop hypotheses; in Section 3, I introduce my methodology to test the
main hypotheses and present the main results; and in Section 4, | present the results showing the

Granger-causality of the style flows and the aggregate stock returns.
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B. Defining Styles and Hypothesis Development

Barberis and Shleifer (2003) suggested that investors’ tendency to style-invest may have a
significant impact on asset pricing. Specifically, investors may prefer (dislike) stocks that belong
to a style that recently performed well (badly), which may be partially driving the co-movement
and also the momentum effect of stocks. The important decision to make to test this empirically is
how to define style methodologically. The survivorship-bias-free CRSP mutual fund database
provides each fund’s stated strategy, which is fixed over time. Among various ways to classify
equity funds, the following classification of 8 categories focus on size and valueness of the firms:
EDCL (large-cap), EDCM (mid-cap), EDCS (small-cap), EDCI (micro-cap), EDYG (growth),
EDYB (growth and income), EDY (income), and CS (not classified as above). However, fund
strategies can change over time; even if they stay in the same style, the degree of the adherence to
the style may vary over time. To re-define the style of each fund and measure its variation over
time, I use a regression approach using the fund’s returns for at least 36 months. Since the 8-
category classification shows that some funds regard size and value-ness (growth or income) as
specific strategies to follow, | use the Fama-French-Carhart 4-factor model that includes the size
and value factors. The momentum factor is added because funds care about stocks that recently
performed well although buying winner stocks is not an explicitly stated strategy. Each fund’s
monthly returns are regressed on the monthly factor returns at the end of every month or every
quarter in the following way:

MRet, = + 3, MKTRF, + ,SMB, + 3, HML, + 3, UMD, + ¢/ »
where MRet, = monthly net-of-fee return on fund i in month t, mkTRF, = excess market return in

month t, SMB, = the monthly return on the size factor, ymi, = the monthly return on the
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value/growth factor, and UMD, = the monthly return on the momentum factor. The factor returns

are obtained from the Fama-French web data library. The above specification is estimated at the
end of each month q, (and also quarter g for robustness tests later), and the coefficients are used as
the fund’s strategy for that month (quarter). For convenience, | will refer to these coefficients as
style betas.

A quick examination of the estimated exposures every quarter for a sample of firms casts
doubt on the stated strategy in the database. For demonstration, | pick two funds with the same
strategy code, EDYG (domestic equity growth style), provided by the CRSP database. The
investment objective reported by the fund is mostly fixed over the life of the fund. The two plots
represent the measured style betas on the size, value/growth, and momentum factors over time for
the overlapping period in which both funds exist. Although the stated strategy for the two funds is
the same, the calculated exposures to both SMB and HML suggest otherwise. In Figure 1, Fund 1
exhibits zero to positive exposure to the size factor and highly negative exposure to the HML factor,
while Fund 2 exhibits negative to zero exposure to the size factor and highly positive exposure to
the HML factor. While Fund 1 appears to adhere to the reported growth style, Fund 2 does not.
The size and momentum betas can tell us the extent to which these “growth” funds are exposed to
small/large stocks or past winner/loser stocks, although such information is absent from the
database. Relying on the CRSP code to identify styles may be less informative and even misleading.

The sample consists of 5751 U.S. domestic equity funds after excluding international,
sector, or index funds. Excluding index funds helps us to focus on the actively managed funds.
Also, a fund must have at least 36 monthly returns to remain in the sample. Because the CRSP
database contains monthly data beginning in 1991, our sample period covers 1994-2015, since we

use an estimation window of 3 years to measure the style betas. | aggregate multiple share classes
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at the level of fund family by adding share-class total net assets and by value-weighting returns
within one fund portfolio. Table 1 shows the number of funds and fund-quarter observations, the
average expense ratios, and the averages and standard deviations of the estimated exposures for
each objective of funds in the sample. The column ‘Objective’ is the stated style code in the CRSP
database including the CS (N/A) for funds that did not report specific styles. The sample has the
least number of large-cap (EDCL) funds and the largest number of growth (EDYG) funds. Micro-
cap funds charge fees 1.5 times as high as mid-cap funds and three times as high as large-cap funds.
Also, growth funds charge fees higher than income and mixed funds. As expected, micro-cap and
small-cap funds have positive and close-to-one loadings on the SMB factor, and large-cap funds
have negative loadings on SMB on average. Income funds have positive average loading on HML
that is higher than that of growth and income funds. Growth funds have negative loading on HML,
as expected. In sum, the estimated exposures match the stated objective on average.

To test for the evidence of style investing among the MF investors, | establish the following
hypothesis:
Hypothesis: If the style-investing assumption by Barberis and Shleifer (2003) holds empirically
for the MF investors, MF flows will be positively (negatively) related to style betas conditional on

the style’s good (bad) performance.

C. Methodology and Main Results

1. Methodology
The net flows in and out of individual funds contain useful information for the current

research agenda. First, a large number of both household and institutional investors participate in
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the mutual fund market. According to the ICI Research factbook published for the year 20162,
44.4% of the households own shares in US-registered mutual funds; of the $16.3 trillion total net
assets, household accounts make up $14.2 trillion and institutional accounts $2.1 trillion. Hence,
observing the directions of the capital movement over time provides information about the investor
behavior in general and investment trends. Second, mutual fund participation is large and
influential in the US corporate equity market. Approximately 24% of the total market securities
were held by mutual funds in the corporate equity sector each year over the 2013-2016 period.
Mutual funds are an influential group of equity market participants. Third, mutual funds have clear
mandates to hold stocks of certain characteristics, which enables retail investors to shift allocations
at the style level.

For analysis, | construct the monthly, quarterly, and semi-annual flows at the end of every
month and every quarter. Flows are “purer” measure of investment behavior than returns, and
hence more informative for behavioral implications. Following prior studies, | construct the flow

measure as follows:

. _TNA -TNA,,(1+R;) ’
! TNA,

Flows
where TNA = total net asset value for fund i at the end of month (or quarter) g, and R = return for
fund i at month (or quarter) g. Table 1b summarizes the flows statistics for all, institutional, and
retail samples for the sample period of Jan 1991 - Dec 2015.

| test whether funds with the highest exposure to a certain factor received the highest net

flows when the recent past performance of that factor was favorable. Using compounded quarterly

returns on each factor, | divide the sample period into three states separately for each factor: bad,

! https://www.ici.org/pdf/2017_factbook.pdf
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normal, and good. | define states in the following way: the months whose three-month returns are
above (below) the average of the entire sample period plus (minus) the first standard deviation are
assigned the good (bad) state.? For instance, September of the year 2001 is designated as a bad
MKTREF state, bad SMB state, good HML state, and normal UMD state.

| implement the tests in two different ways: sorting and regression. For sorting, at the end
of each quarter, | rank funds on its beta on each factor into five groups. For instance, in 2002Q4,
a random fund with an objective code of EDYB (growth and income) is placed in the lowest rank
for its MKTREF beta, highest rank for its SMB beta, and in the middle rank for its HML and UMD
betas. After ranking, the net flows over the next quarters are calculated and weighted-averaged
within each rank. The difference in future flows between the top and bottom ranks of funds in each

factor state is calculated with the t-statistics for the statistical significance in the mean difference.

2. Results for the Full Sample

The bars in the graph in Figure 2a represent the average next-quarter net flows (multiplied
by 100) of funds in each rank and in each state. The results suggest that investors appear to evaluate
both the factor state and the fund’s exposure to that factor in the expected fashion. For instance,
for the HML factor, the downward-sloping bars in the bad HML state suggests that investors
withdraw from funds with a high exposure to the HML factor precisely when the HML
performance is the worst. Flows exhibit exactly opposite behavior when the HML performance is
favorable; the funds with positive exposure to the factor receive the most flows. A similar
observation is found for the SMB factor. For the UMD factor, funds with most exposure to the

past winner funds receive the most flows when the winner stocks have just performed well; but

2 For robustness, the test is repeated when the good (bad) factor states are defined as top (bottom) 30% of the overall
sample period. The conclusion remains unchanged.
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when the performance is unfavorable for the past winners, no evidence of redemption from the
funds with the greatest exposures is found. The MKTRF factor analysis is interesting: regardless
of the market state, mutual fund investors appear to prefer low market beta funds to the high beta
funds. This suggests that investors do not use mutual funds as a means of gaining exposure to the
market.

To address the concern that flows may be reacting to market condition, which is mildly
correlated with other factors, | repeat the same analysis of examining the fund flows but this time
only looking at the good, bad, and normal states of the market. As can be seen in Figure 2b, in a
poor market condition, no statistically significant pattern of flows exist with the HML betas. With
the SMB betas, the pattern is strongly opposite to the case of the bad SMB state. While investors
withdrew from the funds with high SMB betas in the bad SMB state, they do not seem to withdraw
from the funds when the market is poor. In fact, it is the opposite. In a bad market state, they appear
to prefer funds exposed to the SMB factor.

That investors respond to past factor returns does not appear to be entirely rational®. They
should prefer to predict the future state. Using the historical equity performance is simple but
clearly does not provide any reliable forecast about the next month. As an example, the size factor
performance from March 1992 to April 1992 turned from positive to negative. Investors employing
the style investing relying on the past style performance would have chosen funds with high
exposure to the size factor in March 1992 but probably suffered loss in April 1992 unless the fund

managers quickly switched its exposure. But the negative average returns of high SMB-beta funds

3 From my perspective, the definition of “rational behavior” remains ambiguous to date, especially in the debates
between the efficient market hypothesis and behavioral finance. Some behavioral tendencies that appear to be
irrational in one context may well be regarded rational in another context. Following the current common practice in
the literature, | define rational behavior as used in the field of economics as conforming to the additive, time-separable
utilize maximization of individuals. However, a behavior departing from the utility maximization is not necessarily
irrational in all contexts (See the Adaptive Market Hypothesis by Lo 2004.)
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in April 1992 (-0.082%) suggests this scenario to be unlikely. Regardless of the next-period fund
performance, investors have been quite consistent in their behavior of extrapolating lagged factor
performance.

Next, using the individual fund flows constructed above, | run the following panel

regression with robust standard errors, clustered at the fund level:

flows, =a, +a, *cret,_, +a, *mktrf, , +b,*B. ., +b, *B., , *Kgoodstate, , , }+b, *P, ., * Kbadstate, , ,}+&,
, Where ﬁsivq measures a fund i’s exposure to a factor s (Style beta) at a quarter-end g, where s =

MKTRF, HML, SMB, and UMD. Kgoodstate , ;}is a dummy variable that equates one (zero) if
the factor s’s realized return at g is above (below) the average plus one standard deviation.
I{badstate; , ,} is a dummy variable that equates one (zero) if the factor s’s realized return at q is
below (above) the average minus one standard deviation. The interpretation of the coefficients is
as follows: if b, (b,) is significantly positive (negative), investors allocate to (withdraw from)
funds with higher exposures to the factor when the factor performance is good (bad); b,shows the
style investing behavior in normal states of the factor. a, is the intercept; a, represents the degree
to which the flows react to the past performance of the fund. Significant positive coefficients will
represent the return-chasing behavior of investors. The past market performance is included as the
control variable.

For robustness, | perform tests in various frequencies. | estimate a fund’s style-beta at the
end of every month and at the end of every quarter by running rolling regressions of a fund’s
monthly returns on the four-factor model. The power of the test will be stronger with the larger
number of observations when styles are measured every month. For each style frequency, | observe

the next 1-month, 3-month, and 6-month flows, skipping or not skipping one month after observing
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the betas and factor states. The reason for skipping a month is because it may take some time for
mutual fund investors to research and buy shares in mutual funds.

The results are presented in Table 3. When styles are measured every month, the flows
respond to betas and factor states in accordance with the expectation. In the favorable (poor) factor
states, the signs are positive (negative), except for the market factor. In general, the flows respond
positively to HML (UMD) betas, and the extent is adjusted to the HML(UMD) state. As for the
SMB, the flows tend to respond positively (negatively) to SMB betas only when the SMB state is
good (bad).

The flow response to the market betas and states is interesting. Consistently with the
findings from the sorting analysis, the strong negative relation to a fund’s market beta suggests
that investors are averse to funds that align with the market. This may be because the sample is
restricted to actively-managed funds and that investors seek something beyond what is offered by
the market. The negative flow response to the market beta is more severe following the good
market state than the bad market state. The results do not change in general when defining styles
at the end of every quarter, instead of every month. Observing the flows in the longer term (over
the 3-month and 6-month) suggests the persistence in the style-investing behavior of investors in

a longer term.

3. Institutional versus Retail Funds
Various groups of investors participate in the mutual fund universe. In this section, |
examine whether the effect is particularly salient among retail or institutional mutual funds. The
two groups are expected to exhibit different trading behaviors as institutional investors are

regarded as more sophisticated than retail investors.
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The sub-sample analysis in Table 3 reveals that style-investing behavior is observed among
both institutional and retail funds. In general, however, the retail investors exhibit stronger
response to the past factor condition, particularly upon observing a poor state. For the HML and
SMB factor, the negative relation between the flows and betas in the bad state is stronger among
the institutional funds.

Both groups react strongly to the momentum stocks when they perform well. Reacting to
momentum is perhaps the least rational behavior as momentum stocks lack risk-based justification
even more than small-cap stocks and value stocks. Fama and French outright exclude the
momentum from their asset-pricing model, dismissing is as a mispricing phenomenon unable to
be explained by risks. However, it is interesting that even institutional investors seem to react to
funds exposed to momentum stocks in the favorable UMD state. Institutional investors presumably
behave more rationally, less likely to rely on the historical market conditions. However, the results

show that they may be also prone to style-investing as nearly as the retail funds.

4. High-fee versus Low-fee Funds

Fees are an important consideration for investors. While the mutual fund industry tends to
attract investors with its relatively low fees compared to other investment vehicles (and
increasingly so these days), the expense ratios (total operating expenses divided by average assets
under management) may vary across individual funds depending on fund styles, trading costs,
administrative and marketing costs, and etc. For instance, as seen in Table 1, small-cap and micro-
cap funds have higher expense ratios on average than the larger-cap funds because research and
trading costs are typically higher for funds investing in smaller companies. Although my sample

excludes passively managed funds, the degree of activeness within the stated style is not directly
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observable. However, funds that are more active in their portfolio management and incur larger
transaction costs may charge higher fees.

In this section, | investigate the possibility that the style-investing pattern observed in
mutual fund flows is related to investors’ preference for low fees. Barber, Odean, and Zheng (2003)
find the negative relation between flows and fees, which suggests that mutual fund investors
typically prefer low fees. Finding the style-investing pattern only in the low-fee sample would
suggest that investors with preference for lower fees are more prone to behavioral investing than
others.

| divide the full sample into two groups based on the median level of expense ratio. The
results in Table 4 show that both high-fee and low-fee funds exhibit the positive (negative) relation
between flows and style betas in the good (bad) states. | conclude this section by supporting the
prevalence of the style-investing behavior among MF investors regardless of different preferences

for fees.

D. Style Flows and the Stock Returns

In this section, | set out to investigate whether mutual fund flows have any price impact on
the aggregate stock returns. Barberis and Shleifer argue that the collective style-investing behavior
of investors can cause an excessive comovement among stocks in the same category even if the
stocks may not share any similarity in fundamentals, such as in cashflows or earnings. That is, if
significant investors tend to chase past factor performance, their collective trading behavior could
exert sufficient power to drive the variations of the stock returns.

As before, fund styles are defined at the end of every month for all funds using the
coefficients after regressing monthly fund returns on the Fama-French-Carhart factors. For a given
factor in a given month, if the style beta exceeds the 70" percentile for that month, the fund will
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be assigned to that style (in other words, the top 30% of all funds having the highest betas for a
given factor). On the contrary, if the style beta falls below the 30" percentile for that month, the
fund will be assigned into the opposite counterpart of that style. To minimize the number of
overlapping funds in the HML and SMB styles, among funds having HML (SMB) betas greater
than 70" percentile, 1 exclude those having SMB (HML) greater than 70" percentile. The average
style betas after defining styles every month is 0.353 for HML, 0.675 for SMB, 0.188 for UMD,
and 1.172 for MKTREF. For the opposite styles, the average style betas are -0.145 for "HML, -
0.129 for "SMB, 0.238 for "MKTRF, and -0.083 for "UMD.

Then, | construct the aggregate flow measure for each HML, SMB, UMD, and MKTRT

style as follows:

) Z{TNAt —TNA, *(1+ Ry )}
StyleFlow’, = - ZTNA,l )

where j = ALL, HML, SMB, UMD, MKTRF, "HML, "SMB, "UMD, and "MKTRF; i = fund 1,
2, ...etc in the style j; t = month 1, 2, ...etc. The flows are orthogonalized by the aggregate flow

into the industry to control for the overall trend in and out of mutual funds by taking the residuals

after regressing each series of style flows on the StyleFlow*™", .

The correlation matrix in Table 5 shows that flows of funds having opposite styles (HML
and "HML, SMB and "SMB, etc) are negatively correlated and that HML and SMB are
significantly correlated with its corresponding style flows. However, the contemporaneous
correlation (or non-correlation) is not informative on causality. After verifying that none of the
factors and flows series is non-stationary using the unit-root test (a random walk with a drift), |
perform the Granger-causality test to investigate whether flows or the factor returns come first. If
lagged values of X help predict current values of Y in a regression including lagged values of both
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X and Y, then X is said to Granger-cause Y. First, | implement this notion by regressing factor
returns on lagged factor returns and lagged style flows (orthogonalized) with the other factor
returns as external controls. If the coefficients on lagged style flows are significant as a group, then
we reject the null that flows do not cause factors. | perform the tests using one to four lags for both

X and Y on the right hand side:

_ L L L _
Factor’, =+ > oyFactor,_; + >_B;StyleFlows’, ; +BeFactors”, +¢,

i=1 i=1
The null hypothesis following the estimation of the above equation is:

H,:B,=...=B, =0, (The flows do not Granger-cause the factors.)

A symmetric regression tests the reverse causality:

StyleFlows’, =+ > o, StyleFlows’, ; + > B;Factor’,_; +BeFactors™, +g,
i=1 i=1

H,:B, =...=B, =0, (The factors do not Granger-cause the flows.)

The F-statistics and p-values in Table 6 show that for all 4 factors, the factor performance Granger-
cause the style flows, which is just another way to show the evidence of style-investing. Except
for MKTREF, the null hypotheses are rejected in both directions, which implies that while investors
are affected by the style performance in their allocation decisions, the capital flows into and out of
mutual funds may also have an impact on the pricing of the stocks included in the factors.

The Granger-causality in both directions is strongest for HML and SMB. Because the
previous results already showed the evidence for style investing, the causality of HML (SMB) -
HML_flows (SMB_flows) is not as surprising. However, the causality in the other direction
suggests that mutual funds may indeed exert substantial impact on the variations in the aggregate
stock returns, as was predicted by Barberis and Shleifer. The rejection of non-causality for UMD

in both directions suggests that investors tend to allocate capital into funds that tend to advocate
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momentum stocks (UMD - UMD_flow), which in turn may exert an upward pressure on the
prices of the momentum stocks (UMD _flow - UMD). The test for MKTRF suggests that
investors allocate into funds in response to the higher market performance (MKTRF -
MKTRF_Flow) but investors by themselves are not a powerful impact on the overall market.

In explaining the price pressure effect of mutual fund flows, we can think of mutual fund
sector as a channel that merely passes on investor style flows to underlying stocks (Li 2018). Lou
(2012) finds that mutual fund managers sell one dollar of stock positions in proportion to current
allocations; and the response is delayed for inflows as managers can hold cash and wait. I cannot
attribute the Granger-causality of flows and stock returns completely to an indication of the price
pressure of the flows. However, the significant association is clearly worth noting as a potential

indication for the powerful impact of the mutual fund flows on the stock market.

E. Conclusion

The paper focuses on the empirical validity of the style-investing behavior of mutual fund
investors. While it is not the first attempt, | do employ a different methodology and present unique
results in support for the empirical evidence for the style investing. Testing the full implications
of the style-investing behavior is beyond the scope of this paper but I conclude that some of the
asset pricing implications in the US stock market, such as the co-movement of certain groups of
similar stocks, could well be traced to the mutual fund universe, as the mutual funds are influential
players in the stock market. My results show that even the institutional funds exhibit less-than-
rational style-investing behavior. Hence, even the sophisticated investors may be exposed to the
behavioral tendencies. This evidence of style-investing behavior even among the institutional
funds demonstrates that bifurcating the behavioral tendencies observed in financial markets into
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rational or irrational is prohibitive, limiting the flexibility for open interpretation. Investors,
institutional or retail, may advocate certain heuristics that are more conducive to the economic
success at that time (Lo 2005). As the market environment changes constantly, so too will the
investor preferences. From my perspective, the style-investing behavior may be rational or
irrational or something in-between, depending on the investors’ motivation to do so. For instance,
during the technology bubble, can we regard some hedge funds who were riding the bubble ahead
of the noise traders, pursuing their own self-interest and profit-maximization, as irrational
(Brunnermeier and Nagel 2004)? After all, are we not all acting in our own self-interest?
Regardless, as Barberis and Shleifer argued, the style-investing behavior (and for that
matter, many other behavioral tendencies) may certainly contribute to undesirable consequences
of moving the equity prices away from fundamentals and causing the co-movement of
fundamentally unrelated stocks. I find that mutual fund flows are significantly associated with the
pricing of the underlying stocks in each style. The future research will continue to investigate the

impact of behavioral investments on asset pricing.

92



Figure 6: Two random funds with the same CRSP style code and their estimated style betas

For demonstration, two random funds with the same strategy code EDYG (domestic equity growth style), provided by the CRSP

database, are chosen. The investment objective reported by the fund is mostly fixed over the life of the fund. The two plots show the

measured style betas on the size, value/growth, and momentum factors over time for the overlapping period in which both funds exist.
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Figure 7: The next-quarter flows in response to the factor states and style betas

At the end of every quarter, funds in the sample are ranked on its style beta on each factor (HML, SMB, UMD, or MKTRF) into five
groups. After ranking, the net flows over the next quarters are calculated and weighted-averaged within each rank. Using compounded
quarterly returns on a given risk factor, I divide the sample period into three states for the factor: bad, normal, and good. | define
states in the following way: the months whose three-month returns are above (below) the average of the entire sample period plus
(minus) the first standard deviation are assigned the good (bad) state. For instance, September of the year 2001 is designated as a bad
MKTREF state, bad SMB state, good HML state, and normal UMD state. The difference in future flows between the top and bottom
ranks of funds in each factor state is calculated with the t-statistics for the statistical significance in the mean difference.
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Table 23: Summary of style betas per CRSP style code

The sample consists of 5751 U.S. domestic equity funds after excluding international, sector, or index funds. A fund must have at
least 36 monthly returns to remain in the sample. | aggregate multiple share classes at the level of fund family by adding share-class
total net assets and by value-weighting returns within one fund portfolio. The table shows the number of funds and fund-quarter
observations, the average expense ratios, and the averages and standard deviations of the estimated style betas for each objective of
funds in the sample. The column ‘Objective’ is the stated style code in the CRSP database including the CS (N/A) for funds that did
not report specific styles.

Average Exposure Standard Deviation

Code Objective # RI)E{;?O MKTRF SMB HML UMD MKTRF SMB HML UMD
EDCL Large-Cap 15 (170) 0.011 0.957 -0.194 0.005 -0.040 0.034 0.042 0.035 0.028
EDCM Mid-Cap 594 (21152)  0.013 1.049 0.387 -0.071  0.040 0.176 0.208 0.339 0.180
EDCS Small-Cap 925(39975)  0.012 1.023 0.706 0.088 0.037 0.189 0.231 0.370 0.175
EDCI  Micro-Cap 59 (2489) 0.017 1.007 0.881 0.133 0.033 0.229 0.241 0.333 0.187
EDYG Growth 2701 (92106) 0.012 0.954 0.103 -0.062 0.017 0.331 0.293 0.350 0.194
EDYB Growth&Inc 1252 (44974) 0.010 0.871 -0.030 0.095 -0.024 0.208 0.179 0.233 0.120
EDY! Income 261 (9300) 0.009 0.835 -0.099 0.177 -0.013 0.178 0.158 0.200 0.122

CS N/A 12 (847) 0.009 0.548 0.023 -0.010 0.003 0.424 0.184 0.343 0.151
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Table 24: Summary of returns and flows for all, institutional, and retail funds

The table summarizes the flows statistics for all, institutional, and retail samples for the sample period of Jan 1991 - Dec 2015. All
numbers are shown in %. Following prior studies, I construct the flow measure as follows:
- TNA! -TNA! ,(1+R})
Flows;, = : 4 9,
TNA,

where TNA = total net asset value for fund i at the end of month (or quarter) g, and R = return for fund i at month (or quarter) g.

Monthly Return 1-Month Flow 3-Month Flow 6-Month Flow

# Average Std Average Std Average Std Average Std
All 5751 0.830 5.080 0.032 2.960 -0.052 8.02 0.576 16.09
Institutional 1739 0.85 5.26 0.194 2.94 0.44 8.17 0.427 16.3
Retail 2340 0.72 5.24 -0.003 3.02 -0.15 8.17 1.63 16.61

Table 25: Summary of Fama-French-Carhart factors

The summary statistics for the 1-month, and cumulative 3-month returns on SMB, HML, MKTRF, and UMD risk factors are
shown. The
smb_1mo hml_1mo mktrf Imo umd_1mo smb_3mo hml_3mo mktrf 3mo umd_3mo

Mean 0.002 0.002 0.007 0.005 0.005 0.007 0.02 0.016

Stdev 0.032 0.03 0.043 0.048 0.054 0.059 0.077 0.086
Correlation Matrix

smb_1mo 1

hml_1mo -0.28*** 1

mktrf_1mo 0.224*** -0.171* 1

umd_1mo 0.059 -0.188**  -0.259*** 1

smb 3mo  0.596*** -0.056 0.115** 0.083 1

hml_3mo  -0.190 0.619*** -0.16** -0.126* -0.206** 1

mktrf 3mo 0.206**  -0.006 0.574***  -0.092 0.323*** -0.118** 1

umd _3mo -0.036 -0.169**  -0.179** 0.573*** 0.017 -0.254**  -0.287*** 1

*kk

“p<0.05 " p<0.01, " p<0.001
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Table 26: Panel regression, all funds: predicting the next 1-month flows

The following panel regression is performed with robust standard errors, clustered at the fund level:

flows;, =a, +a, *cret, , +a, *mktrf,_, +b,*B; , +b, *B; , *{goodstate, . ,}+b, *B,, , *{badstate, , ,}+e,,
where ﬂs‘,q measures a fund i’s exposure to a factor s (style beta) at a quarter-end g, where s = MKTRF, HML, SMB, and UMD.
{goodstate, , ,} is adummy variable that equates one (zero) if the factor s’s realized return at g is above (below) the average plus one

standard deviation. Kbadstate . ,} is a dummy variable that equates one (zero) if the factor s’s realized return at g is below (above)
the average minus one standard deviation. The significance of the estimates is indicated with * p < 0.05, ** p < 0.01, *** p < 0.001.

Dep.Var: (1) (2) 3) (4) (5) (6) (7) (8)
1-month HML SMB MKTRF UMD HML SMB MKTRF UMD
flow Not Not Not Not Skipping  Skipping  Skipping  Skipping
skipping  skipping skipping skipping
a, 0.11***  0.116***  0.895***  (0.122***  -0.06***  -0.046**  0.804***  -0.052***
(6.01) (5.616) (10.044) (6.683) (-4.02) (-2.457) (9.275) (-3.169)
a, 0.08***  0.096***  0.096***  0.092*** 0.05*** 0.059***  0.058***  0.059***
(23.26) (26.714) (27.134) (25.911) (22.49) (24.821) (24.640) (25.521)
a, -0.59%**  -1.260*** -0.018 -1.180***  0.99*** 0.296** 0.471* 0.646***
(-3.72) (-7.969) (-0.049) (-7.391) (8.53) (2.446) (1.670) (5.451)
b, 0.76***  -0.173***  -0.828***  (.498*** 0.80*** -0.039 -0.862***  (0.581***
(13.12) (-3.112) (-9.174) (4.182) (12.78) (-0.770) (-9.625) (5.098)
b, 0.79***  1.172***  -0.235***  1.281*** 1.22%** 1.266*** -0.071* 2.387***
(5.23) (9.812) (-4.429) (5.528) (9.01) (11.140) (-1.788) (9.587)
b, -2.54***%  (0.631***  0.216***  -1.325%**  -3.21***  -0.400*** -0.065 -1.296***
(-16.28) (5.155) (3.155) (-4.602) (-21.97) (-4.101) (-1.152) (-5.233)
Obs 201,668 201,668 201,668 201,668 201,132 201,132 201,132 201,132
Adj.R 0.01 0.008 0.009 0.008 0.01 0.006 0.008 0.007
Clust. Yes Yes Yes Yes Yes Yes Yes Yes
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Table 27: Panel regression, all funds: predicting the next 3-month flows

flows, =a, +a, *cret, , +a, *mktrf,, +b,*B_, +b, *B;, , *Kgoodstate, , ,}+b, *B

s,0-1

L q1 *Kbadstate, ., }+e,

Dep.Var: (1) (2) 3) (4) (5) (6) (7) (8)
1-month HML SMB MKTRF UMD HML SMB MKTRF UMD
flow Not Not Not Not Skipping  Skipping  Skipping  Skipping
skipping  sKipping skipping skipping
3, 0.26***  0.277***  2.554***  (.268*** 0.11** 0.141** 2.337*** 0.125**
(5.27) (4.776) (12.906) (5.330) (2.28) (2.434) (11.395) (2.481)
H 0.36***  0.414***  0.418***  (0.399*** 0.21%** 0.233***  (0.238***  (.233***
(29.76) (32.995) (35.762) (32.256) (35.08) (38.417) (38.892) (38.289)
a, - -35.797*** -29.259*** -34.829***  -8.04***  -10.834*** -9.273*** -10.325***
31.05***
(-23.65) (-27.289)  (-18.810)  (-26.397) (-17.08) (-21.876)  (-10.824)  (-20.849)
by 2.21%**  -0.272*  -2.629***  1.610*** 2.35%** -0.168 -2.362***  1.381***
(12.59) (-1.738) (-13.167) (4.925) (13.27) (-1.076) (-11.455) (4.215)
b, -0.90** -0.005 -0.943*** 0.182 1.00*** 2.504*** -0.182 4.422%**
(-2.26) (-0.015) (-6.143) (0.272) (2.60) (8.198) (-1.532) (6.574)
b, -6.53***  1.954*** ] 518*** 0.692 -7.89*** -0.220 0.380** -1.750**
(-13.39) (6.546) (7.803) (0.942) (-17.90) (-0.751) (2.289) (-2.377)
Obs 198,637 198,637 198,637 198,637 194,966 194,966 194,966 194,966
Adj.R 0.03 0.025 0.028 0.025 0.02 0.018 0.020 0.018
Clust. Yes Yes Yes Yes Yes Yes Yes Yes

99



Table 28: Panel regression, all funds: predicting the next 6-month flows

flows, =a, +a, *cret, , +a, *mktrf,_, +b, *B, ., +b, *Bl, , *Kgoodstate, , ,}+b, *B, ., * Kbadstate, , ,}+&,

(1) (2) 3) (4) (5) (6) (7) (8)
HML SMB MKTRF UMD HML SMB MKTRF UMD
Not Not Not Not Skipping  Skipping  Skipping  Skipping
skipping skipping skipping skipping
a, 1.15%** 1.158***  5456***  1,199*** 0.83*** 0.840***  5245***  (.818***
(9.94) (8.694) (11.954) (10.287) (7.23) (6.322) (11.239) (7.097)
a 0.25%** 0.276***  0.311***  0.276*** 0.35*** 0.384***  0.407***  0.387***
(34.76) (36.708) (37.393) (36.061) (38.19) (41.257) (40.868) (40.491)
a, -19.15%**  -23.794*** -11.546*** -23.079*** -28.19*** -33.251*** -27.020*** -32.705***
(-21.94) (-25.748) (-7.406) (-24.672) (-27.82) (-31.038)  (-15.225)  (-29.933)
by 4.86*** 0.024 -5.686***  3.726*** 4.66*** 0.114 -5.407***  2.925%**
(12.10) (0.067) (-12.117) (5.022) (11.48) (0.325) (-11.569) (3.979)
b, 4.15%**  4.016*** -0.157 4.551*** 2.12** 2.142%** 0.489** 2.331*
(5.05) (6.021) (-0.653) (2.964) (2.55) (3.431) (1.970) (1.722)
b, -19.76*** 0.384 4.696*** -2.468 -14.45%** -0.856 2.963*** 2.057
(-18.93) (0.594) (12.785) (-1.594) (-16.23) (-1.351) (8.312) (1.371)
Obs 191,646 191,646 191,646 191,646 187,974 187,974 187,974 187,974
Adj.R 0.02 0.016 0.020 0.017 0.03 0.025 0.028 0.025
Clust. Yes Yes Yes Yes Yes Yes Yes Yes

Robust t-statistics in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 29: Panel regression, institutional versus retail funds: Predicting the next 1-month flows
Single Clustered at fund-level, Skipping a month
flows, =a, +a, *cret, , +a, *mktrf, | +b,*B,,, +b,*B , , *Hgoodstate, , ,}+b, *B, , , * Kbadstate, ,  }+e;

1) (2) 3) 4) ®) (6) (7 (8)
HML SMB MKTRF UMD HML SMB MKTRF UMD
VARIABLES Institutional Institutional Institutional Institutional Retail Retail Retail Retail
a, 0.13*** 0.133*** 1.440%** 0.142*** -0.06** -0.007 1.405%** -0.039
(4.94) (4.188) (8.853) (5.199) (-2.13) (-0.208) (10.891) (-1.437)
a, 0.04*** 0.047*** 0.045*** 0.048*** 0.05*** 0.061*** 0.062*** 0.063***
(12.00) (13.625) (13.125) (14.347) (15.94) (17.836) (18.617) (18.391)
a, 1.10*** 0.406** -0.260 0.713*** 0.99*** 0.351* 1.112** 0.667***
(5.77) (1.996) (-0.582) (3.626) (5.34) (1.828) (2.263) (3.501)
b, 0.93*** -0.046 -1.283*** 0.697*** 0.93*** -0.185** -1.491%** 0.430**
(8.50) (-0.565) (-7.930) (3.289) (8.23) (-2.096) (-11.376) (2.276)
b, 0.98*** 1.630*** 0.139** 2.767*** 1.13*** 1.209*** -0.153** 2.828***
(4.53) (8.963) (2.194) (6.429) (5.54) (7.793) (-2.125) (6.662)
b, -3.42%** -0.053 -0.101 -1.168*** -3.67*** -0.313** 0.079 -1.584***
(-13.37) (-0.350) (-1.130) (-2.604) (-15.61) (-2.017) (0.877) (-4.628)
Observations 72,357 72,357 72,357 72,357 85,939 85,939 85,939 85,939
Adj R-squared 0.01 0.006 0.006 0.006 0.01 0.006 0.014 0.007
Clustered SE Yes Yes Yes Yes Yes Yes Yes Yes
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Table 30: Panel regression, institutional versus retail funds: Predicting the next 3-month flows

Single Clustered at fund-level, Skipping a month

flows, =a, +a, *cret, , +a, *mktrf,, +b,*B._, +b, *B;, , *Kgoodstate, , ,}+b, *B. ., *Kbadstate, , ,}+¢,
1) (2) 3) 4) ®) (6) (7 (8)
HML SMB MKTRF UMD HML SMB MKTRF UMD
VARIABLES Institutional Institutional Institutional Institutional Retail Retail Retail Retail
a, 0.75*** 0.777*** 4,954*** 0.745*** 0.05 0.143 3.258*** 0.070
(8.67) (7.499) (8.950) (8.573) (0.70) (1.584) (12.219) (0.897)
a, 0.21*** 0.236*** 0.239*** 0.236*** 0.22*** 0.251*** 0.259*** 0.250***
(22.79) (25.233) (25.028) (25.104) (23.23) (26.276) (27.711) (26.003)
a, -7.89%** -10.758***  -12.282***  -10.480*** -8.87*** -11.992***  -10.870***  -11.453***
(-10.49) (-13.443) (-8.705) (-13.109) (-11.62) (-15.360) (-7.466) (-14.496)
b, 2.62%*** -0.360 -4,315%** 2.003*** 2.68*** -0.495* -3.336*** 1.492%**
(7.43) (-1.349) (-7.891) (2.881) (9.17) (-1.931) (-12.429) (2.858)
b, 0.80 2.889*** 0.575*** 4.660*** 0.79 2.509*** -0.250 5.085***
(1.08) (5.631) (2.866) (3.664) (1.36) (6.027) (-1.257) (4.598)
b, -8.47%** 0.722 0.191 -1.621 -0.14*** 0.107 0.317 -2.887***
(-11.42) (1.372) (0.711) (-1.128) (-13.15) (0.223) (1.158) (-2.812)
Observations 70,494 70,494 70,494 70,494 83,612 83,612 83,612 83,612
Adj.R-squared 0.02 0.016 0.020 0.017 0.03 0.020 0.026 0.021
Clustered SE Yes Yes Yes Yes Yes Yes Yes Yes
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Table 31: Panel regression, institutional versus retail funds: Predicting the next 6-month flows

Single Clustered at fund-level, Skipping a month

flows, =a, +a, *cret, , +a, *mktrf,, +b,*B._, +b, *B;, , *Kgoodstate, , ,}+b, *B. ., *Kbadstate, , ,}+¢,

1) (2) 3) 4) ®) (6) (7 (8)
HML SMB MKTRF UMD HML SMB MKTRF UMD
VARIABLES Institutional Institutional Institutional Institutional Retail Retail Retail Retail
a, 2.25%** 2.326%** 11.036*** 2.209*** 0.71*** 0.846*** 6.925*** 0.705***
(11.09) (9.464) (8.591) (10.821) (4.16) (4.184) (11.313) (4.073)
a, 0.36*** 0.398*** 0.420*** 0.400*** 0.38*** 0.421*** 0.448*** 0.422***
(23.59) (25.554) (25.228) (24.955) (26.49) (29.027) (29.226) (28.113)
a, -30.68***  -35.975***  -34.847***  -35764***  -31.46***  -36.728***  -34.129***  -36.223***
(-18.74) (-20.258) (-11.926) (-19.762) (-19.00) (-21.377) (-11.353) (-20.418)
b, 5.57*** -0.437 -9.618*** 4.826*** 4.78*** -0.504 -7.270%** 2.975**
(6.60) (-0.708) (-7.648) (2.982) (7.45) (-0.919) (-11.843) (2.541)
b, 0.98 2.312** 1.471%** 1.956 1.77 1.921** 1.178*** 3.088
(0.62) (2.181) (3.438) (0.732) (1.40) (2.192) (2.868) (1.315)
b, -17.55*** 0.635 2.423%** 0.587 -14.85*** -0.290 2.639*** 1.193
(-10.22) (0.561) (4.318) (0.192) (-10.43) (-0.283) (4.686) (0.563)
Observations 68,409 68,409 68,409 68,409 80,835 80,835 80,835 80,835
Adj R-squared 0.03 0.021 0.026 0.022 0.04 0.031 0.038 0.031
Clustered SE Yes Yes Yes Yes Yes Yes Yes Yes

Robust t-statistics in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table 32: Panel regression, high-fee versus low-fee: Predicting the next 6-month flows

Single Clustered at fund-level, Skipping a month

I divide the full sample into two groups based on the median level of expense ratio, and the following panel regression is performed
for each subsample:

flows, =a, +a, *cret, , +a, *mktrf,_, +b, *B., , +b, *B.,, *Hgoodstate, . ,}+b, *p:

s,q-1

* I{badstate, , ,}+¢,

1) (2) 3) 4) ®) (6) (7 (8)
HML SMB MKTRF UMD HML SMB MKTRF UMD
VARIABLES High-fee  High-fee High-fee High-fee Low-fee Low-fee Low-fee Low-fee
a, -0.84***  -0.787*** 0.655*** -0.833*** 0.18*** 0.174*** 2.074*** 0.217***
(-15.42) (-11.775) (3.953) (-15.093) (3.43) (3.039) (6.723) (4.145)
a, 0.14*** 0.165*** 0.171*** 0.164*** 0.12*** 0.137*** 0.144*** 0.137***
(34.78) (37.331) (37.680) (36.793) (34.08) (35.568) (35.818) (35.430)
a, -5.56***  -7.859*** -4 .520%*** -7.397*** -4 ,99*** -7.649*** -5.151*** -7.382***
(-13.77) (-18.216) (-7.889) (-17.146) (-15.36) (-20.456) (-11.871) (-19.645)
b, 1.93%** -0.206 -1.737*** 1.018*** 1.95%** 0.249 -2.091*** 1.643***
(11.41) (-1.411) (-10.773) (3.474) (10.11) (1.531) (-6.727) (4.562)
b, 0.66** 1.388*** -0.291*** 2.510%** 1.16%** 1.198*** -0.139** 2.785***
(2.42) (7.225) (-3.405) (5.452) (3.82) (5.793) (-2.035) (5.351)
b, -5.99*** -0.074 1.013*** -0.419 -6.51*** 0.012 0.839*** -0.511
(-16.10) (-0.335) (9.308) (-0.792) (-17.49) (0.045) (8.652) (-0.885)
Observations 289,309 289,309 289,309 289,309 297,217 297,217 297,217 297,217
Adj R-squared 0.03 0.022 0.025 0.022 0.03 0.017 0.020 0.019
Clustered SE Yes Yes Yes Yes Yes Yes Yes Yes

Robust t-statistics in parentheses
*** n<0.01, ** p<0.05, * p<0.1
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Table 33: Correlation matrix of style flows and returns
For a given factor in a given month, if the style beta exceeds the 70" percentile for that month, the fund will be assigned to that style
(in other words, the top 30% of all funds having the highest betas for a given factor). On the contrary, if the style beta falls below the
30" percentile for that month, the fund will be assigned into the opposite counterpart of that style. | construct the aggregate flow
measure for each HML, SMB, UMD, and MKTRT style as follows:
 D{TNA -TNA, *(1+R,)}
StyleFlow’, = - )
2 TNA,
where j = ALL, HML, SMB, UMD, MKTRF, "HML, ASMB, "UMD, and "MKTRF; i = fund 1, 2, ...etc in the style j; t = month 1,
2, ...etc. The flows are orthogonalized by the aggregate flow into the mutual fund industry to control for the overall trend in and out

of mutual funds by taking the residuals after regressing each series of style flows on the StyleFlow*™", .

HML_ SMB_ MKTRF UMD_ HML" SMB*_ MKTRF UMD" HML SMB  MKTRF UMD
flow flow flow flow flow flow " flow _flow

HML_flow 1

SMB_flow -0.514™ 1

MKTRF_flow -0.715™" 0.197" 1

UMD _flow -0.730™ 0.237""  0.657"" 1

HML” flow -0.842™" 0.542™" 0.749™" 0.724™ 1

SMB”_flow 0.0570 -0.601™" 0.0869  0.165  -0.0790 1

MKTRF Mflow  0.518™ -0.325™ -0.555"" -0.423"™" -0.663™" 0.0193 1

UMD~ _flow 0.805™" -0.409"" -0.630"" -0.772"" -0.734™" -0.0548 0.437"" 1

HML 0.128" -0.162" -0.158" -0.143" -0.215" 0.0227 0.0580 0.172" 1

SMB -0.0545 0.231™ -0.0498 -0.0173 0.0388 -0.205™  0.104 -0.00296 -0.317"" 1

MKTRF -0.111 0.125" 0.0483 0.111 0.0991 0.0182  0.0137 -0.0753 -0.156" 0.211™ 1

UMD -0.0517  0.0361  0.0968 0.0202  0.0416  -0.0402 -0.0258 -0.0448 -0.176™ 0.105 -0.265™ 1

“p<0.05 " p<0.01, " p<0.001
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Table 34: The Granger-causality of style flows and factors

I perform the Granger-Causality tests using one to four lags for both factor returns and style flows on the right hand side:

_ L L . :
Factor), =p+ > oyFactor, ; + > B;StyleFlows’, ; + BeFactors™, +&,

i=1 i=1
H,:B,=...=B, =0, (The flows do not Granger-cause the factors.)
. L - L . — -
StyleFlows’, =p+ > "o, StyleFlows’, ; + > B,Factor’,_; +BsFactors ™/, +¢,
i=1 i=1
H, :B,=...=B, =0, (The factors do not Granger-cause the flows.)
HML  Null: HML _flows do not G-cause HML SMB Null: SMB_flows do not G-cause SMB
#Lags F-stat P-value Adj.Rsq. #Lags F-stat P-value Adj.Rsq.

1 9 0.0033 17.00% 1 1.57  0.2116 13.51%

2 5.79 0.0035 16.72% 2 3.7 0.026 15.08%

3 2.01 0.1126 16.50% 3 2345  0.0735 14.34%

4 4.02 0.0035 0.1945 4 2.01 0.0838 14.48%
Null: HML do not G-cause HML _flows Null: SMB do not G-cause SMB_flows
#Lags F-stat P-value Adj.Rsq. #Lags F-stat P-value Adj.Rsq.

1 10,23 0.0015 46.89% 1 347 0.0634 58.13%

2 6.11 0.0025 52.46Y% 2 5.02  0.0072 60.54%

3 G.46 0.0003 62.14% 3 6.1 0.0005 62.41%

4 4.5 0.0016 61.63% 4 5.86  0.0002 62.04%

UMD Null: UMD_flows do not G-cause UMD MKTRF Null: MKTRF_flows do not G-cause MKTRF

#Lags F-stat P-value Adj.Rsq. #Lags F-stat P-value Adj.Rsq.
1 6.91 0.009 13.90% 1 1.28 0.2501 13.00%
2 3.64 0.0277 14.20% 2 1.21 0.2717 14.00%
3 2.18 0.0003 13.64% 3 0.97 0.4004 14.00%
4 1.99 0.0961 13.64% 4 0.58 0.6739 14.00%

Null: UMD do not G-cause UMD_flows Null: MKTRF do not G-cause MKTRF _flows

#Lags F-stat P-value Adj.Rsq. #Lags F-stat P-value Adj.Rsq.
1 3.25 0.0725 62.20% 1 1.08 0.2087 49.19%
2 4.08 0.0179 64.97% 2 6.14 0.0025 60.59%
3 2.46 0.0629 65.27% 3 4.84 0.0027 63.08%
14 1.61 0.1712 64.62% 4 4.29 0.0022 62.52%
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APPENDIX A

VARIABLE DESCRIPTION FOR CHAPTER |

ATO: SALE divided by NOA.

NOA is the net operating assets, calculated as the difference between operating assets (OA) and
operating liabilities (OL), where OA = AT — Cash and short term investments (CHE), and OL =
AT - Debt in Current Liabilities (DLC) — long term debt (DLTT) — minority interest (MIB) —
preferred stock (PSTK) — common equity (CEQ).

ATO* : Industry-adjusted ATO. To adjust for industry following 49 Fama-French classification,
the industry median is subtracted from each firm observation.

dAA: The percent change in total assets (AT) from fiscal year t-2 to t-1.
RNOA: Operating income before depreciation (OIBDP) divided by NOA.

OP: the operating profitability calculated as SALE - cost of goods sold (COGS) - Selling, General
and Administrative Expense (XSGA) + Research and Development Expense (XRD) scaled by
lagged book equity (BE).

BE: Book equity, calculated as the stockholders equity (SEQ), plus balance sheet deferred taxes
and investment tax credit (TXDITC), minus book value of preferred stock in the following order:
PSTKRV or PSTKL or PSTK. \textbf{Q} is the Tobin's Q, calculated as AT + market value of
equity - BE, divided by AT.

INndSG: The industry sales growth, calculated as the percent change in the sum of revenues of
firms belonging to the same industry using the Fama-French 49 classification.

ME: Market value of equity, calculated as Common Shares Outstanding (CSHO) times price close
(PRCC\_F).

BEME: the book-equity-to-market-equity ratio, calculated as BE divided by ME.

CAPX: the percent change in capital expenditures (CAPX) from t-2 to t-1.

Chg_PPENT: the percent change in PPENT from t-2 to t-1.

IVOL.: Idiosyncratic volatility, calculated as the standard deviation of the residuals, in monthly
percent. Monthly stock returns are regressed on Fama-French 3-factors over the previous 36
months, with no missing data, ending on April 31 of year t.

DVol: Dollar trading volume for each firm, calculated as the sum of monthly trade volume from
May of t-1 to April of year t. Trading volume is the product of share volume (VOL) and closing
price at the end of the month (PRC).
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AQC: Cash outflow of funds used for and/or the costs relating to acquisition of a company in the
current year or effects of an acquisition in a prior year carried over to the current year.

NSI: Net stock issues, the natural log of the ratio of the split-adjusted shares outstanding at the
fiscal year-end in t-1 divided by the split-adjusted shares outstanding at the fiscal year-end in t-2.
The split-adjusted shares outstanding is Compustat shares outstanding (CSHO) times the
Compustat adjustment factor (AJEX).

Payout: the ratio of total distributions including dividends for preferred stocks (DVP), dividends
for common stocks (DVC), and share repurchases (PRSTKC) divided by operating income before
depreciation (OIBDP).

Rating: a variable that equals 1 if the firm is rated at end of fiscal year t-1 and O otherwise, based
on the availability of credit rating for a firm in the Compustat annual file.

Distressed: A dummy variable that equals 1 if a firm had two consecutive negative sales growth
in year t-1 and t-2.

PR1YR: the pre-formation 12-month stock return.

BH1YR, BH2YR, and BH3YR: the buy-and-hold 12-month return for the 1st, 2nd, 3rd year post-
formation, respectively.

#firms: the average number of unique firms included in the group at the end of April.
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APPENDIX B
VARIABLE DESCRIPTION FOR CHAPTER Il
dAA: The percent change in total assets (AT) from fiscal year t-2 to t-1.

Delaycon, Equitydelaycon, and Debtdelaycon: Text-based financing constraints metrics by
Hoberg and Maksimovick (2014)

FC_score: a financing constraint metric constructed by averaging a firm's rank on eight observable
firm characteristics.

WW: the Whited-Wu (2006) financing constraint index.
KZ: Kaplan-Zingales (1997) financing constraint index.

NOA_AT: NOA scaled by total assets (AT). NOA is the net operating assets, calculated as the
difference between operating assets (OA) and operating liabilities (OL), where OA = AT — Cash
and short term investments (CHE), and OL = AT - Debt in Current Liabilities (DLC) — long term
debt (DLTT) — minority interest (MIB) — preferred stock (PSTK) — common equity (CEQ).

IA: Investment-to-assets, calculated as the change in gross property, plant, and equipment (PPEGT)
plus the change in inventories (INVT) divided by lagged total assets (AT).

Chg_CAPX: the percent change in capital expenditures (CAPX) from t-2 to t-1.

Cash: cash or cash equivalents (CHE) divided by AT.

LNTA: Asset size, the log of the book value of total assets (AT).

Age: Firm age, calculated as the number of years a firm’s stock appears in the CRSP database.
NSI: Net stock issues, the natural log of the ratio of the split-adjusted shares outstanding at the
fiscal year-end in t-1 divided by the split-adjusted shares outstanding at the fiscal year-end in t-2.
The split-adjusted shares outstanding is Compustat shares outstanding (CSHO) times the
Compustat adjustment factor (AJEX).

Size: fiscal-year closing price times common shares outstanding. BE is the book value of equity,
calculated as the stockholders equity (SEQ), plus balance sheet deferred taxes and investment tax

credit (TXDITC), minus book value of preferred stock in the following order: PSTKRV or PSTKL
or PSTK.

S$GY: industry-adjusted sales growth. Industry sales growth is defined as the percent change in
the sum of revenue of all firms belonging to the same industry, using Fama-French 49 industry
classification.
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TLTD®¥: Industry debt ratio, calculated as the sum of long-term debt (DLTT) of all firms divided
by the sum of total assets (AT).

RNOA: Operating income before depreciation (OIBDP) divided by NOA.

OP: the operating profitability calculated as SALE - cost of goods sold (COGS) - Selling, General
and Administrative Expense (XSGA) + Research and Development Expense (XRD) scaled by
lagged book equity (BE).

BE: Book equity, calculated as the stockholders equity (SEQ), plus balance sheet deferred taxes
and investment tax credit (TXDITC), minus book value of preferred stock in the following order:
PSTKRV or PSTKL or PSTK. \textbf{Q} is the Tobin's Q, calculated as AT + market value of
equity - BE, divided by AT.

ME: Market value of equity, calculated as Common Shares Outstanding (CSHO) times price close
(PRCC\_F).

BEME: the book-equity-to-market-equity ratio, calculated as BE divided by ME.

Q: Tobin’s Q, calculated as book value of total assets + market value of equity (ME) — book value
of equity (BE), divided by book value of total assets.

IVOL.: Idiosyncratic volatility, calculated as the standard deviation of the residuals, in monthly
percent. Monthly stock returns are regressed on Fama-French 3-factors over the previous 36
months, with no missing data, ending on April 31 of year t.

DVol: Dollar trading volume for each firm, calculated as the sum of monthly trade volume from
May of t-1 to April of year t. Trading volume is the product of share volume (VOL) and closing
price at the end of the month (PRC).

Payout: the ratio of total distributions including dividends for preferred stocks (DVP), dividends
for common stocks (DVC), and share repurchases (PRSTKC) divided by operating income before
depreciation (OIBDP).

Rating: a variable that equals 1 if the firm is rated at end of fiscal year t-1 and 0 otherwise, based
on the availability of credit rating for a firm in the Compustat annual file.

Distressed: A dummy variable that equals 1 if a firm had two consecutive negative sales growth
in year t-1 and t-2.

PR1YR: the pre-formation 12-month stock return.

BH1YR, BH2YR, and BH3YR: the buy-and-hold 12-month return for the 1st, 2nd, 3rd year post-
formation, respectively.

#firms: the average number of unique firms included in the group at the end of April.
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