
Essays in Finance

A Dissertation
Submitted to

the Temple University Graduate Board

in Partial Fulfillment
of the Requirements for the Degree of

DOCTOR OF PHILOSOPHY

by

Nathaniel Light
August, 2014

Examining Committee Members:

Lalitha Naveen, Advisory Chair, Department of Finance
Oleg Rytchkov, Department of Finance
Ronald Anderson, Department of Finance
Sudipta Basu, Department of Accounting



c�
Copyright

2014

by

Nathaniel Light

All Rights Reserved



ABSTRACT

Chapter 1 investigates whether acquirer firms structure unpopular M&A transactions so

as to avoid a vote by their shareholders. This question touches directly on the broader issue

of M&A and agency conflicts, and the paper may partially explain how so many deals get

done despite the evidence of limited long-term benefits to acquiring firm shareholders. More

specifically, we examine how firms respond to the 20% issuance rule of the major American

stock exchanges (NYSE, Nasdaq, and Amex), which requires a bidder shareholder vote on

any merger-related issuance that exceeds 20% of the bidder’s shares. We observe a large

clustering of share issuance just below this 20% threshold, a pattern that suggests that

many bidders prefer to avoid a vote. Among deals for non-public targets, the primary

concern seems to be timesaving. Instances in which bidders circumvent a vote in order

to intentionally thwart opposition constitute only a small number of cases, although firms

also avoid a vote as a precautionary measure when they have high institutional ownership.

Finally, we investigate financial and legal mechanisms that companies employ in order to

avoid the vote.

Chapter 2 proposes a new approach for estimating expected returns on individual stocks

from a large number of firm characteristics. We treat expected returns and betas as latent

variables and develop a procedure that filters them out using the characteristics as signals

and imposing restrictions implied by an underlying asset pricing model. The procedure

is more e�cient than alternatives and robust to data mining. The estimates of expected
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returns obtained by applying our method to thirteen asset pricing anomalies generate a

wide cross-sectional dispersion of realized returns. Our results provide evidence of strong

commonality in asset pricing anomalies. The use of portfolios based on the estimated

expected returns as test assets increases the power of asset pricing tests.
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CHAPTER 1

DO ACQUIRERS INTENTIONALLY AVOID SHAREHOLDER

APPROVAL?

1.1 Introduction

A large body of academic literature looks at potential agency conflicts between share-

holders and management with respect to mergers. According to some arguments, CEOs

pursue deals that enhance their own interests but harm shareholder value. Alleged moti-

vations for such behavior include empire-building, the diversification of the CEO’s assets,

the desire for a larger salary, and many other reasons. Indeed, such behavior may explain

why empirical studies frequently reveal negative or insignificantly positive announcement

returns for bidders.

How, then, are managers able to complete deals that run contrary to the interests of

their investors? One straightforward way would be to structure the deal so as to deny

the bidder’s shareholders a vote on the matter. Althought the major U.S. stock exchanges

(NYSE, Nasdaq, and Amex) require that listed firms get shareholder approval for any

acquisition-related issuance that exceeds 20% of the firm’s outstanding shares, bidders can

sidestep this rule merely by keeping their issuance below 20% and by paying the balance

with cash or some other consideration.

A prominent case that involved the 20% rule, and one that highlighted the ability
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of management to get around it, was the Fall 2009 drama between Kraft Foods and its

largest shareholder1, Warren Bu↵ett. When Kraft announced the terms of it’s $16.7 billion

acquisition of Cadbury PLC, Bu↵ett quickly criticised the deal and threatened to vote

against it. Rather than risk defeat at the hands of Bu↵ett – whose reputation may have

convinced Kraft’s management that he would sway his fellow investors – Kraft restructured

the consideration so that a vote was no longer necessary. The new terms reduced the stock

portion from 25% to 18% of Kraft’s outstanding shares - beneath the 20% trigger. The

firm further irritated Bu↵ett by raising the extra cash through a sale of its pizza division, a

transaction, he felt, that ignored costly tax considerations and left Kraft without its most

profitable unit. Summarizing his frustrations, he told CNBC, “If I had a chance to vote on

this, I’d vote no”. Indeed, a critic might argue that not only was Kraft intent on denying

him this vote, but that it was even willing to sell o↵ its prize asset at a discount in order

to do so.

On the surface, the Kraft incident appears to be an example of a firm overriding the

clear preferences of its shareholders. Furthermore, it begs the question as to how frequently

companies engage in such behavior. Indeed, if an investor even as renowned as Bu↵ett can

be ignored by corporate management, then how readily might other firms brush o↵ the

concerns of their own shareholders? In this case, we might imagine that firms consider it a

matter of standard procedure to complete acquisitions over the protests of their investors.

Alternatively, the actions of Kraft may represent an outlier. Unfortunately, we are unable to

choose between these two generalizations, since little research documents either the extent

1According to Kraft’s 2009 proxy statement, Bu↵ett owned 9.4% of the shares. The next largest
shareholder, at 5.2%, was State Street Bank. No other shareholder owned at least 5%, and all
insiders as a group owned well less than 0.1%. Thus, Bu↵ett’s no-vote would have presented a
formidable and possibly insurmountable obstacle towards passage of the deal.
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to which firms avoid the 20% limit or their reasons for doing so.

This dissertation chapter aims to fill this gap. We investigate three closely related ques-

tions with respect to the 20% rule and its impact on the M&A process: (i) Do acquirers

frequently avoid a vote by intentionally limiting their issuance to below 20%? (ii) Perhaps

most importantly, what motivations drive such behavior – are firms truly circumventing in-

vestor opposition, or are they merely saving themselves from a costly and time-consuming

procedure? (iii) What mechanisms do firms employ in order to stay under the 20% thresh-

old?

We find the answer to our first question to be “yes”, with many mergers structured

so as to keep the issuance at just slightly below 20%. Figure 1 o↵ers visual evidence of

this assertion. It displays a frequency histogram of share issuance for mergers, 2002-11.

As is plainly visible, a large cluster exists just to the left of the 20% mark. This pattern

implies that many acquirers prefer to complete their deals without a vote. Of course, it says

nothing about their reasons for doing so. A similar result appears to hold among Canadian

acquirers that are listed on the Toronto Stock Exchange, as a later section details.

In terms of our second question, the motivations for firms to circumvent a vote, our

results are somewhat mixed. We note that there are at least three separate sets of reasons

for which companies might wish to avoid a vote. First, firms could simply wish to save

themselves from the associated costs in terms of money or time. Second, they could bypass

a vote because they doubt the support of their shareholders, due either to agency conflicts

or to di↵erences of opinion. Lastly, they could aim to maximize transactional certainty and

skip the vote as a mere precaution - this reason overlaps with but is distinct from the second

reason. Before o↵ering our conclusions as to these three motivations, we first discuss each
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Figure 1.1: Frequency Histogram of Percent Issuance

This figure shows the frequency of shares issuance as a percentage of the bidder’s pre-acquisition
shares outstanding, 2002-11. The figure includes only those deals whose transaction value amounts
to at least 20% of the bidder’s market capitalization. For deals for which our initial estimate of
issuance falls in the range of 10% to 30%, the issuance percent is calculated as per our procedure in
section 1.3 A. For all other deals, issuance percent is calculated as SDC’s field for acquirer shares
issued divided by CRSP’s shares outstanding on the last trading-day prior to the announcement
date. The bidder’s market cap is determined on the date that SDC indicates as the valuation date.

of them in more detail.

Kamar (2006) argues in favor of the time-saving consideration as the primary - indeed,

sole - reason for which firms avoid approval. He finds that a vote imposes a significant delay

to the closure of transactions for which no target vote is needed, and that these are the

only deals that systematically skirt a vote. Such deals include tender o↵ers and those with

private targets for which the ownership is su�ciently concentrated they they can forego a

lengthy voting procedure. He sees no evidence whatsoever that firms bypass approval in
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order to circumvent shareholder objections.

Nevertheless, at least three findings lead us to suspect, a priori, that firms may some-

times bypass shareholder approval when they fear losing a vote. First, the clustering of

issuance just below 20% is pronounced even for public-target deals, for which the timesaving

opportunities are extremely limited. Second, there are several high profile, well-publicised

instances in which firms behave fairly transparently in terms of issuing just less than 20%

of their shares in order to circumvent a vote. For example, Table 1.1 consists of a closer

examination of the only eight public-target2 mergers (that we are able to identify) in which,

as in Kraft’s bid for Cadbury, the payment structure changed from one that required a vote

to one that required no vote. Clearly, the table’s most noteworthy feature is the strikingly

negative announcement CARs for six of the eight bidders, a pattern that strongly hints at

a link between negative investor reaction and the decision of the respective bidding firms

to cancel the vote. Third, the SEC filings for some acquirers acknowledge explicitly their

aversion to the prospect of a shareholder vote and their preference for a deal structure that

precludes one - we revisit these latter two points in a later section.

Our third conjecture as to why firms avoid a vote relates to their desire to maximize

transactional certainty. Some targets appear to attach high costs to the prospects of a failed

merger, and they therefore approach potential o↵ers with a high degree of risk-aversion. The

lack of a vote may serve as an inducement for the target to accept one bid over another.

This motivation overlaps with the previous one in that they both concern the possibility

of a shareholder rejection, yet they di↵er in that the one stems from an abundance of

2We also find two switch cases that involve private targets. The CARs for these two are highly
positive. As mentioned previously, these deals would have had a timesaving incentive to avoid the
vote, a consideration that cannot apply to the vast majority of deals with a public target.
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Table 1.1: Deals That Switched from Vote to No-Vote

This table shows deals for which bidder votes were originally scheduled but later cancelled due to
amended terms. Our search covers all pubilc-target deals whose relative size was in excess of 15%,
whose estimated issuance was in the range of 0% to 50%, and which SDC indicates as ‘amended’, 2002
- 2013. Please see section 1.3A. for details on our procedure for estimating the issuance percentage.

Bidder Firm Announcement Date CAR Amended Issuance Original

Verso Technologies April 22, 2003 -21.7% 19.1% 22.6%

PeopleSoft June 2, 2003 -15.5% 19.7% 39.0%
Kforce December 2, 2003 -14.7% 18.4% 24.0%
Tellabs May 20, 2004 -11.8% 13.1% 40.4%
DG FastChannel May 8, 2008 -14.1% 17.7% 27.3%
CF Industrial Holdings January 15, 2009 8.2% 17.0% 77.0%
Kraft Foods September 7, 2009 -9.8% 18.0% 24.8%
Yellow Roadway February 27, 2005 0.0% 19.4% 27.4%

caution whereas the other arises out of perceptions of disagreements between shareholders

and management. Consider, for example, the following blog entry from Bill Sjostrom, a

Law Professor at the University of Arizona:

There is nothing inherently wrong with purposely structuring a deal to fall

just under a shareholder voting requirement trigger. Figuring out how to best

structure a deal to minimize formalities (shareholder approval, appraisal rights,

third party consent, etc.), tax e↵ects, and target liability exposure is a big part

of the value an M&A attorney adds to a deal.

In this interpretation, the two parties aim for a transaction structure that minimizes

the risks of potential complications. Thus, shareholder approval represents just one irri-

tant among many, and risk-averse firms dislike it even without any suspicion that their

shareholders harbor any concrete objections to the deal in question.

We test the three preceding hypotheses by comparing deals with issuance just below 20%

with those that have issuance above it. The estimation of issuance requires hand-collection

of data, and we limit the sample to those deals whose transaction value is at least 20% of
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the bidder’s market capitalization. Overall, our results support the explanations related to

timesaving and transactional certainty. Although we find evidence that some firms forego a

vote in order to circumvent opposition, the practice appears to be limited to a small number

of instances rather than widespread.

The third research question examines both legal and financial mechanisms that firms

employ in order to avoid a vote. One financial mechanism that we find involves the tem-

porary suspension of stock repurchases, a maneuver that prevents the issuance percentage

from rising above 20%. A common legal tactic relies on so-called ‘alternative outcomes’

clauses in merger agreements, in which the vote is delayed until after the merger has been

consummated. Under this arrangement, the target receives non-stock consideration whose

conversion to shares is contingent upon subsequent approval by the bidder’s shareholders,

by which time the merger will already be a fait accompli. Such deals mainly involve private

targets and relatively small firms, though a notable exception is MetLife’s 2010 acquisition

of Alico, an AIG subsidiary, for $15.5 billion. A substantial proportion of M&A transactions

that involve convertible securities appear to be stem from such legal arrangements.

Our paper makes several contributions. First, it adds to the understanding of the method

of payment in mergers, as it demonstrates a high frequency of deals that are structured to

have issuance at just slightly below 20%. Along the same lines, the discussion of ‘alternative

outcome’ clauses reveals that many deals eventually involve more equity issuance than that

which standard sources report.

The paper also touches on the topic of shareholder voting as a governance mechanism.

We show that bidders occasionally complete unpopular deals by avoiding a vote. This

finding is consistent with previous studies that document firms bypassing a vote on a variety
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of corporate activities, including board appointments (Arena and Ferris (2007)), private

placements of equity (Park (2012)), and equity-compensation plans (Balachandran et al.

(2012)).

More centrally, the paper contributes to the literature on agency conflicts and M&A. The

finding that some deals are consummated only after circumventing shareholder opposition

lends credence to the criticism that self-serving interests of management underlay at least

some acquisitions.

1.2 Literature Review

At least three strains of previous research stand out as particularly relevant to our

project. The first pertains to agency conflicts between managers and shareholders with

respect to acquisitions, the second looks at the potential role of corporate governance in

mitigating these problems, and the third concerns shareholder voting as a general mecha-

nism of corporate governance.

Potential sources of agency conflicts in M&A are numerous, and the literature on the

topic is extensive. An early example is Morck et al. (1990), who present empirical evidence

for three specific types of bad acquisitions by self-interested managers: diversifying mergers,

which allow managers to diversify their otherwise un-diversified human capital; purchases

of high-growth targets, which ensures the firm’s continuation as an independent entity; and

mergers by poorly performing bidders, which insulate the managers from their incompetent

handling of their own firms. Along similar lines, as argued by Shleifer and Vishny (1989),

CEOs may choose ‘manager-specific’ investments and acquisitions that best entrench them

in their position rather than those that most add value for shareholders. ‘Defensive’ ac-
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quisitions, in which a company buys another firm in order to make itself less attractive as

a potential target, also may relate to agency conflicts. This motive is examined by Louis

(2004) and Baradwaj et al. (1996), each of whom finds significantly negative CARs for such

deals. Defensive acquisitions also play a central role in a theory of merger waves devel-

oped by Gorton et al. (2009). We note that two of the eight ‘switch’ mergers from Table

1.1 qualify as defensive. Furthermore, some authors believe that executive compensation

arrangements provide incentives for managers to make value-destroying acquisitions. For

example, Chen et al. (2007a) claim that CEO pay and wealth become insensitive to bad

performance following mergers, but that no such pattern is evident after capital expendi-

tures of comparable size; as a consequence, managers profit from large mergers regardless

of the impact on firm value. 3 A well-known contribution is that of Jensen (1986), who

argues that free cash flows exacerbate agency conflicts with regards to a variety of corpo-

rate policies, including mergers. As an example, he cites e↵orts of oil firms to diversify into

unrelated areas in the early 1980’s, despite the lack of apparent synergies. In a later study

of cash-rich bidders, Harford (1999) finds support for Jensen’s hypothesis that free cash

flows create agency conflicts in mergers.

A separate but related strand of the literature examines psychological biases among

CEOs that may lead them to unwise mergers. These arguments di↵er from the previous

ones in that the poor deals result from lapses in judgment rather than from conflicts of

interest; yet, the two sets overlap in that they both lead to scenarios in which managers

and shareholders may come to odds over a merger. A well-known variant on this theme is

Roll’s (1986) ‘hubris hypothesis’, which attributes many acquisitions to the overconfidence

3A useful summary of the literature surrounding executive compensation and M&A can be found
in Betton et al. (2008).
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of previously successful managers. Malmendier and Tate (2008) provide supporting evidence

for this theory. They find that overconfident CEOs are more likely to make acquisitions,

and also that the bidder announcement returns for such deals are significantly lower than

they are for bidders with non-overconfident CEOs.

Several papers consider corporate governance mechanisms as a means through which

shareholders can block objectionable acquisitions. In the context of our current project,

such research provides insights as to which arrangements might accommodate a CEO’s

decision to bypass shareholders. Paul (2007) looks at a sample of deals whose bidder CARs

are in the lowest quartile among all mergers, and she finds that the probability of deal

completion drops if the bidder has an independent board of directors. In other words,

an independent board acts as an obstacle against the completion of an unpopular deal.

Likewise, Chen et al. (2007a), show that independent boards prevent situations in which

managers can collect higher compensation irrespective of a merger’s performance. Outside

monitoring may also improve deal quality. Chen et al. (2007b) argue that independent, long-

term investors are associated with increases in various measures of operational e�ciency

following mergers, though no relation is found between such measures and other types of

institutional investors.

Of course, this paper deals with one particular mechanism of corporate governance -

voting by shareholders. The record is mixed in terms of whether shareholders use this lever

actively to oppose management measures with which they disagree. For instance, Burch

et al. (2004) compile a sample of votes on mergers by acquiring shareholders, and they report

that the mean approval rate is an overwhelming 98% of votes cast and 73% of outstanding

voting rights. Based solely on these figures, the evidence seems to suggest that shareholders
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meekly acquiesce to management’s desires and that CEOs therefore need not bother with

bypassing their votes. On the other hand, the authors nevertheless conclude that ‘merger

votes provide a credible threat’ against value-destroying acquisitions, since they find several

deals that only barely pass. Furthermore, previous research documents the circumvention

of shareholder votes in areas other than M&A activity. For example, Balachandran et al.

(2012) study voting on equity-based compensation proposals, and they find that a vote is less

likely to occur if shareholders seem inclined to reject the plan. Similarly, Arena and Ferris

(2007) argues that managers bypass a vote on board appointments in order to perpetuate

their own entrenchment. In addition, Bethel and Gillan (2002) detail how firms classify

matters as ‘routine’ rather than ‘non-routine’ so as to allow friendly brokerage houses to

cast votes for shares that they hold in street name. Interestingly, they observe a large

cluster of plans that fall just short of the 5% share issuance mark that would require that

the matters be classified as ‘non-routine’. This spike, just short of 5%, mirrors the one that

we find just shy of the 20% mark that makes shareholder voting mandatory on acquisitions.

On a more general note, Bethel and Gillan (2002) also reveal that institutional investors

more frequently vote against management-sponsored proposals than do other investors.

The proper role of shareholder voting is in fact the subject of a broader debate within

law and finance. Some scholars argue that management and boards understand their firm’s

strategy and operations better than do shareholders, and that shareholder votes therefore

transfer decision-making authority from those who are more knowledgeable to those who are

less so. Proponents of this view advocate competitive markets and the threat of dismissal

by the board as the best means available of disciplining under-performing managers. For

supporting evidence, they can point to such studies as Lehn and Zhao (2006), which shows
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that CEOs are frequently fired after engaging in ine↵ective mergers, and Mitchell and Lehn

(1990), which finds that bad acquirers later become targets of hostile takeovers. Likewise,

Masulis et al. (2007) report that firms in more competitive industries tend to enter into more

successful deals. On the other hand, the same paper documents that firms with more anti-

takeover provisions engage in worse acquisitions, suggesting that entrenched managers feel

unconstrained from pursuing self-serving deals. Taken as a whole, the evidence in Masulis

et al. (2007) might indicate that market forces discipline managers who make bad decisions,

but that corporate governance can also play an important role when such competitive forces

are weak or absent.

Finally, we mention two current working papers that also investigate the impact of

the 20% rule and that reach entirely di↵erent conclusions from each other. Kamar (2006)

portrays the rule as a burdensome regulation that imposes unnecessary costs on firms. He

further argues that it fails in its primary intention, that of mitigating agency conflicts,

since managers avoid shareholder votes on mergers only in order to save time rather than

to sidestep shareholders. On the other hand, Hsieh and Wang (2008) find evidence that

managers bypass opposition on mergers. Our paper improves upon the above two in that

it calculates the maximum potential issuance for each deal. This e↵ort not only reveals the

pronounced cluster of deals whose issuance just misses 20%, but it also suggests the deals

within this cluster as the natural sample to study in order to test various hypotheses about

the reasons for which firms avoid a vote.
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1.3 Data

A. The Mechanics of the 20% Rule and our Issuance Estimation Procedure

We next turn to the nuances with which the exchanges calculate issuance percentage

for a given deal4. These nuances inform our own estimation procedure, and we therefore

address the two points together. The 20% vote requirement is specified under NYSE rule

312.03, Nasdaq rule 5635(a), and Amex rule 712. As these rules are nearly identical, the

discussion below refers to them collectively as ‘the rule’.

In terms of estimating a deal’s share issuance, the rule’s most salient feature is that the

relevant number is not merely the amount of common shares issued to target shareholders.

Instead, the rule focuses on the maximum potential issuance, which counts not only the

immediate payment of shares to the target’s owners but also the impact of any potential

future issuance. Features of merger agreements that involve such future issuance include

earn-out provisions, the issuance of convertible securities, and - most commonly - even

assumed warrants, options, or stock rights of the compensation plans of the target’s execu-

tives. Conversely, the calculation of the acquirer’s pre-merger shares outstanding considers

only those shares currently ‘issued and outstanding’ at the exact moment of the merger’s

consummation.

Even an all-cash deal sometimes requires a vote if the bidder raises the cash through

an issuance of equity to a third party. In these cases, the applicability of the rule depends

on the manner in which the bidder locates this third party. If such an issuance constitutes

4The FAQ section of the Nasdaq’s website provides a useful resource in terms of clarifying the
rule’s many subtleties and interpretations. Our understanding was also greatly improved by a
conversation with an employee of the NASDAQ. Though this person wishes to remain anonymous,
we are nevertheless grateful for his assistance.
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a ‘private placement’, then the rule holds. On the other hand, the exchanges exempt any

‘public o↵ering’ of the bidder’s common stock. As the Nasdaq’s FAQ website makes clear,

the exchanges make a somewhat subjective judgment as to whether a given o↵ering qualifies

as a private placement. A second judgment is required as to whether the resultant funds

tie directly to the merger; if so, the 20% rule aggregates the issuance from the placement

with all other sources of actual or potential issuance from the merger.

Acquirers may ignore the mandatory vote in only a few situations. The most notable

of these is the ‘financial viability’ exception, which excuses a firm from holding a vote if

the delay threatens its continued existence. In order to avoid duplicate regulation, foreign

firms that list on US exchanges may substitute a threshold set by their domestic exchanges

rather than the 20% one. For example, firms that use the Toronto Stock Exchange as their

primary listing exchange may now use a 25% issuance cuto↵. We also find evidence that

the requirement is waived in instances in which a majority shareholder exists and provides

written consent. Finally, until 2007 NYSE exempted deals paid for with treasury shares

– that is, shares obtained by the bidder through repurchases of its own stock. Currently,

all three of the major US exchanges treat treasury shares no di↵erently from shares still

outstanding.

The rule also requires a vote for reasons other than a breach of the 20% mark. An

issuance threshold of 5% applies for any deal that qualifies as a ‘related-party’ transaction,

defined as a deal in which an insider at the bidding firm owns a significant stake in the target.

Similarly, a vote is also necessary on any merger that results in a ‘change in ownership’ at

the bidder5. If the bidding firm follows voting rights other than one vote per share, then a

5The o�cial rules are vague on this point. The Nasdaq’s FAQ website clarifies that such a change
occurs whenever a transaction takes an individual or entity from owning less than 20% in the bidder
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vote becomes mandatory whenever the issuance dilutes more than 20% of the voting power.

In addition, a firm may hold a vote for purposes other than satisfying the regulations of its

exchange, such as when its corporate charter requires it do so or when the issuance exceeds

its authorized shares. Some states apply their own variant of the 20% rule even to private

firms. See Kamar (2006) for a detailed discussion of the various state regulations on this

point.

Merger agreements frequently specify how the deal handles the 20% threshold. Among

our sample, several agreements explicitly limit issuance to below 19.9% (in one case, below

19.999%). Another common tactic sets a floor on a floating conversion rate. In other

words, though the total compensation is fixed, the acquirer will issue fewer shares if its

stock price rises but will pay extra cash if its price declines. A third method employs a so-

called ‘alternative-outcome’ clause. Such clauses allow the merger to consummate without

a vote, instead letting the shareholders vote after-the-fact on whether the consideration

is to consist of shares or cash (we classify such deals as ‘no vote’ and set their issuance

equal to the pre-merger amount). These clauses must tread carefully with the terms of the

alternative to shares issuance. Otherwise, as the Nasdaq’s FAQ section makes clear, the

exchange can deem the terms to be coercive insofar as they deny the shareholders a fair

vote, a judgment that will result in the exchange de-lising the firm’s shares. A later section

discusses the frequency of alternative outcome clauses and the characteristics associated

with their bidders.

Although SDC merger data includes a field for acquirer shares issued, its entries count

only shares issued immediately to target shareholders rather than maximum potential is-

to owning more than 20% in it.
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suance. That is, it ignores the dilutive e↵ects of assumed option plans, earn-outs, and

other convertible securities. Thus, its definition of issuance only partially corresponds to

that of the exchanges for purposes of the 20% rule. Therefore, we must incorporate data

sources other than SDC in order for our calculations to align with those of the exchanges.

We follow a two-step procedure. First, we use SDC data to get a 1st-step estimate of the

issuance percentage6. Second, we hand-collect data from SEC filings for those deals whose

first-step issuance is near 20%. More specifically, the subset of deals for which we examine

SEC filings includes all those whose 1st-step issuance ranges from 10% to 30% and whose

transaction value exceeds 20% of the acquirer’s market capitalization, all those that are

below 20% in relative size but 1st-step issuance between 15 and 20%, and all those that are

at least 15% in their relative size and whose consideration includes any of convertible debt,

convertible preferred stock, warrants, or ‘other’. We make no e↵ort to cover all acquisitions

that include earn-out provisions, since such deals are numerous. Finally, we also search for

all-cash deals that may approach the 20% limit through funding their transactions with a

private placement of equity7.

This data collection uncovers many deals that barely skirt the 20% limit despite ap-

pearing on the surface to be nowhere near it. For example, in its 2002 acquisition of

OmegaTech, Martek BioSciences paid 863,233 shares to target shareholders, assumed op-

6The initial estimate is based on shares issued divided by shares outstanding. In some cases for
which SDC lacks data for shares issued but provides it for the value of the stock consideration, we
estimate percentage issuance as the value of the stock consideration divided by the acquirer’s market
cap. Shares outstanding and market cap are based on CRSP figures for the last trading day prior
to the announcement date.

7More specifically, we search SEC filings for all-cash deals whose relative transaction size is at
least 15% and that have an increase in shares outstanding of at least 10%, according to CRSP figures,
from the end of the month prior to the announcement date to two months after the completion date.
This search finds not only private placements but also surprisingly many deals that involved straight
issuance to the target shareholders but that SDC had erroneously identified as all-cash.
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tions convertible into 154,589 common shares, agreed to an earnout with an upward limit

of 2,290,535 shares, settled certain external liabilites of OmegaTech for 760,826 shares, and

issued 141,745 shares related to liabilities to target employees. In total, these numbers add

up to 19.99% of Martek’s then outstanding shares, even though the issuance reported by

SDC is below 5%. There are many such similar examples, resulting in a substantially more

pronounced spike to the left of the 20% mark than would otherwise be apparent.

In terms of specific SEC forms, the S-4 registration statement proves to be the most

relevant. It lists the registrant’s (acquirer’s) own estimate of maximum potential issuance,

and it frequently also attaches a proxy statement that indicates the presence or absence of

an acquirer shareholder vote. In such instances, we compute a deal’s issuance percentage

as its S-4 issuance divided by its shares outstanding. In general terms, the S-4 is available

whenever either the target has dispersed ownership (the vast majority of public targets

and a few non-public ones) or when the bidder’s shareholders hold their own vote. In the

absence of the S-4, we search through a variety of other documents, such as the deal’s

proxy statement, the merger agreement, and merger-related press releases (the latter two

of which usually appear as exhibits in 8-K filings). From these sources we piece together

the relevant details of the deal. If our estimate of issuance slightly exceeds 20%, but the

merger agreement specifies that the number of shares to be issued is below 20%, then we

specify the issuance as 19%. If the S-4 fails to indicate whether a vote is to take place, then

we next refer to the merger agreement or proxy statement. If neither of these documents

mentions a vote, then the deal is classified as no-vote.

We necessarily expend extra e↵ort when the above procedure falls short. If a deal’s

issuance appears to exceed 20% but no vote is taken, or vice-versa, then we attempt to
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reconcile the inconsistency by examining dilution in the shares that occurs between the

announcement date and the completion date, or we may substitute a figure for outstanding

shares from an SEC filing in place of the one from CRSP. In a few cases, the merger

agreement specifies merely that a vote will be held ‘if necessary according to exchange

regulations’, or words to this e↵ect. In these instances we check subsequent filings for

mention of a vote, sometimes referring to the firm’s 10-Qs or 10-Ks. Amended deals also

require extra care, since SDC o↵ers data for the finalized terms of a deal but not for its

initial ones. Thus, an additional search of SEC filings is necessary to determine the initial

issuance and initial vote status for all deals that are later amended.

Unfortunately, a few sources of imprecision seep into this prodecure. First, the infor-

mativeness of the SEC filings varies substantially from deal to deal. In some cases we are

unable to ascertain whether the bidder assumes any options of the target firm’s executives,

and in other cases we are unable to reconcile a firm’s issuance with whether it holds a vote.

Second, the 20% rule is itself vague and ambiguous in some respects. For example, excep-

tions can apply to whether assumed options count towards the 20% mark, an issue that

depends on the acquirer’s own pre-approved compensation scheme8. Indeed, Nasdaq allows

firms to pay $15,000 for an expedited judgement as to whether their deal requires a vote.

Furthermore, as our search of SEC documents is limited to those deals for which our first

8For an example of the subtlety of this point, consider the following Q&A from the Nasdaq’s
website. Question: Are the shares that are issuable as a result of the conversion of the target’s
outstanding awards and the assumption of the target’s equity plans included in determining whether
shareholder approval is required under Listing Rule 5635(a)? Answer: Yes. In determining whether
shareholder approval is required of the acquisition under Listing Rule 5635(a), the shares issuable to
adjust, replace, or convert the target’s outstanding awards are included as are any additional shares
that would be available under an assumed plan or arrangement of the target. The shares would not
be included, however, to the extent they come from a shareholder approved plan of the acquiring
company, provided that there is no increase in the number of shares available under such plan.
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step produces an estimated issuance of between 10% and 30%, we likely overlook some deals

whose true maximum issuance falls within the relevant range of 15% to 20%. For example,

if an acquirer pays with 5% issuance to target shareholders, but also pledges another po-

tential 14.9% related to options or convertibles, then the SDC data will indicate 5% and we

will never discover the true figure of 19.9%. The issue of overlooked deals also potentially

applies to Table 1.1, which lists deals that switched from vote to no-vote, since there the

search covers only those deals whose first step estimated issuance is between 0% and 50%,

whose relative transaction value exceeds 15% of the acquirer’s market capitalization, and

which SDC identifies as ‘amended’.

B. M&A Data

Our M&A data comes from SDC, and we implement a fairly standard screening process.

Our initial sample is limited to those deals whose transaction value is at least $1 Million,

those that have a U.S. acquirer, and those that are categorized by SDC as either ‘Disclosed

Value Mergers and Acquisitions’ or ‘Tender O↵ers.’ We drop all deals for which bidder stock

price information is unavailable on CRSP or in which the acquirer already owns a 50% or

greater stake in the target. We clean the data of double entries by eliminating all deals that

are duplicates in terms of their announcement date and their acquirer header-CUSIP.

Our sample covers the years 2002 - 2013. The focus on this period stems from prelim-

inary investigations that suggest a greater impact of the 20% rule in these years than in

earlier ones. One likely explanation of such a trend pertains to the FASB’s 2001 decision to

ban the ‘pooling’ method of accounting for mergers. Before this change in policy, acquiring

managers had strong incentives to structure acquisitions as all-stock in order to apply the

19



pooling method. As Aboody et al. (2000) argue, it benefitted managers whose pay was tied

to accounting data, since it counted the acquired assets at cost rather than at fair value.

Indeed, the proportion of all-stock deals dropped significantly after the FASB’s decision, as

documented by Kravet and Ali (2012)9.

C. Other Data Sources

Accounting and stock price data come mainly from standard sources. We use CRSP for

information on stock prices and shares outstanding. Announcement CARs for bidders and

(where available) for targets are computed from WRDS’s Eventus program. Compustat

provides annual accounting data, which match with bidder and target firms according to

the most recently released data as of the announcement date. We obtain information on

repurchases and gather it from quarterly Compustat data.

We pull ownership information from the Thomson Reuters WRDS database. Its ‘stock

ownership summary’ page gives us information for institutional ownership. In terms of

holdings by activist investors, we first make use of a list of 100 prominent activist investors

from Thomson ONE Connect. Next, we manually search, one by one, for the identifiers

for these funds on the Thomson Reuters database. We then download their holdings and

9A second potential reason for the increased tendency of firms to avoid a vote, which we o↵er here
as pure conjecture, may be that insitutional investors became more inclined to challenge corporate
decisions, either because of the many corporate scandals of 2000 - 2001 or because in 2003 the SEC
began forcing them to disclose their proxy votes. For example, Young (2004) shows that Vanguard
became more likely to vote against management proposals: “The company [Vanguard] used to
rubber-stamp 90% of the slates of directors put up for election by the companies in which it held
stakes. But in 2003, it ratified only 29% of those slates, withholding votes from at least one nominee
in 71% of the cases.” Furthermore, the trend of increased investor assertiveness may have struck
particularly hard with respect to M&A activities, since around that time a large body of empirical
research emerged to question the benefits of acquisitions to acquiring firm shareholders. Indeed, the
title of one well known paper on this topic, “Wealth Destruction on a Massive Scale”, written by
Moeller et al. (2005), aptly sums up the growing skepticism in this regard.
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aggregate across firm and quarter in order to arrive at the toal activist holdings of each

bidder in the quarter prior to the announcement date.

Regulated industries are defined according to the SIC codes in their Compustat data.

The relevant ranges are as follows: banks: 6000-6199, transportation: 4000-4799, commu-

nications: 4800-4899, utilities: 4900-4999, insurance: 6300-6399, defense: 3721, 3724, 3728,

3761, 3764, and 3769.

SDC fields are used to identify deals that are tender o↵ers, involve multiple bidders, or

are hostile in nature (‘unsolicited’ bids are also categorized as hostile). Deals are classified

as defensive whenever the acquirer has been the target in any deal that was initiated within

the time interval of one year prior to the annoucement date through the completion date

of the deal for which it serves the acquirer. Finally, dual class firms are identified through

two mechanisms: first, we rely on data on family and dual class firms from the website10

of Professor Ronald Anderson, extending forward data from the last year (2010) through

the last year of our sample, 2013. Second, a firm is classified as dual class whenever its

six-character header CUSIP corresponds to more than a single 8 character CUSIP on CRSP.

In such cases, we calculate the deal’s Bidder CAR as the CAR of whichever class of shares

has the highest number of shares outstanding.

D. Sample Construction and Summary Data

As our research question concerns whether firms avoid a vote by issuing less than 20%

of their shares, our sample excludes deals for which a vote would be required regardless

of whether the issuance reaches this threshold (and vice-versa). Such categories include

10http://www.ronandersonprofessionalpage.net/data-sets.html
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related-party transactions, for which a much lower threshold applies; Special Purpose Ac-

quisition Companies (SPACs), many of whom are required by their corporate bylaws to hold

a vote or return their IPO proceeds; and ‘controlled’ companies that have a majority owner

and are therefore exempted by the exchanges from the 20% mandatory vote. We further

exclude deals that hold a vote despite issuing less than 20% of their shares as well as those

whose details are so complicated as to preclude a reliable figure for issuance. Ideally, we

would also eliminate deals above 20% issuance that would have required a vote even had

they been below it, but such a step would require data-collection that would be prohibitive

in terms of time.

The next question concerns the precise construction of the subsample of deals that

avoid a vote as well as that of its control sample. The original research design for this paper

involved a regression discontinuity approach, in which deals with issuance of just below

20% would be compared with those just above it. Unfortunately, data limitations make

this approach all but unworkable. Very few deals populate the latter range. In any event,

the control sample is defined, somewhat arbitrarly, as all deals whose issuance ranges from

20% to 50%. Our main subsample of interest, which we denote as Avoid20, includes those

deals with issuance in the range of 15 - 20% and whose transaction value (minus assumed

liabilites) exceeds 20% of the bidder’s market capitalization. We also incude in Avoid20

two ‘switch’ cases whose amended terms reduce the relative size from above 20% to below

it.

Table 1.2 shows summary data for the main variables. It displays the means of these

variables for three subsamples: Avoid20, the Control subsample with issuance of 20% - 50%,

and all deals. It also splits the data between public-target deals and nonpublic-target deals,
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since these two groups di↵er in crucial and fairly obvious ways.

Indeed, the table’s most striking results highlight these di↵erences. First, private-target

deals are approximately twice as likely as public-target ones to avoid a vote. More specifi-

cally, 138 of 239 (53.6%) private-target deals avoid the vote, whereas only 84 of 282 (29.8%)

of public-target deals do so. Also, the average bidder in public-target deals has a market

cap approximately eight times as large as its private-target counterpart (unreported, the

median value is approximately five times).

Perhaps the most important di↵erence between these two groups concerns their CARs.

Among public-target deals, the CARs are on average 110 bp lower when the bidder avoids

shareholder approval. This results is consistent with the hypothesis that managements cir-

cumvent opposition to unpopular acquisitions by bypassing a vote. On the other hand,

among nonpublic-targets the CARs are practically identical between voting and non-voting

deals. Furthermore, CARs for nonpublic targets are quite positive, averaging near a 5%,

whereas the CARs for public targets are on average negative regardless of the voting sit-

uation. We conjecture that this latter result is driven by the ownership concentration of

the nonpublic targets. That is, a nonpublic target that has high ownership concentration

presents greater opportunities for time-saving by avoiding a vote, since their own approval

process proceeds more quickly. Furthermore, higher ownership concentration in a private

target also has been linked to positive CARs for the bidder, since the new blockholder either

has the means to monitor the bidder management (Chang (1998), Fuller et al. (2002)) or

o↵ers a certification e↵ect from an informed insider (Moeller et al. (2007)). If this were

true, then both investor perceptions of the deal as well as the decision to avoid a vote would

be explained by a third factor (concentrated holdings in the target), and there would be
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no direct relationship between the two. We are unable to confirm this conjecture, since we

lack ownership information for the nonpublic targets.

The summary data also shows that deals with multiple bidders, hostile deals, and espe-

cially tender o↵ers are more likely to forego a vote. The potential correlations between these

variables complicate any immediate assignment of causality. Finally, bidders in regulated

industries are no more likely than other firms to skip a vote, with the notable exception of

private-target banks. This result is in line with a previous finding of Kamar (2006), and

could be accounted for either by regulatory delays involved in bank mergers or by greater

ownership dispersion among private banks than among other private firms.

Overall, the summary data points to time-saving opportunities as a clear motivation for

avoiding a vote, since nonpublic-target deals and tender o↵ers make an acquirer significantly

more likely to forego the vote. The data nevertheless also holds out the possibility of conflicts

between firms and shareholders as an additional consideration, given the lower CARs for

no-vote public firms as well as the higher institutional ownership among no-vote deals for

both target types.

Finally, there are two variables for which information is limited to such an extent that

they are excluded from the multivariate regressions in a later section. Our method for

identifying defensive acquisitions identifies only four among the public-target sample; of

these, three of the four avoid the vote, which is consistent with a hypothesis that such deals

run contrary to shareholder interests. Similarly, the sample includes only four deals with

dual class bidders, all of which involve a vote. This result is unsurprising, since managements

or controlling families in such firms enjoy disproportionate voting rights and therefore are

insulated from the other investors voting against them.
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Table 1.2: Summary Statistics

This table shows variable means over various subsamples of our data. Avoid20 and the Control
sample are as defined elsewhere in this section. All data includes these two subsamples together.
CAR is the (-2,+2) cumulative abnormal return for the bidder based around the SDC-provided
announcement date. Hostile is a dummy variable for deals indicated by SDC as either hostile or
unsolicited. Multiple Bidder and Tender O↵er are dummy variables based on SDC entries for their
respective categories. Bank and Other Regulated are dummy variables based on Compustat data,
as defined in section 1.3C. MV / BV Assets is defined as book assets less book equity + markep cap
divided by book assets. Market Cap is based on CRSP data and is measured on the day before the
announcement. Transaction Value is as given by SDC. Relative Size is as explained in this section.
Institutional Ownership and Activist Ownership are as explained in section 1.3C.

Target Type Public Nonpublic All

Subsample Avoid20 Control All Avoid20 Control All Avoid20 Control All

Bidder CAR (%) -2.79 -1.69 -2.02 5.06 5.05 5.06 2.09 0.55 1.21
Inst. Ownership (%) 60.98 52.44 54.98 46.65 34.73 41.61 52.07 46.46 48.85
Activist Ownership (%) 1.19 0.75 0.88 1.38 0.87 1.17 1.31 0.79 1.01
Tender O↵er (%) 11.9 1.01 4.26 0.72 0 0.42 4.95 0.67 2.5
Multiple Bidders (%) 5.95 3.03 3.9 0 0 0 2.25 2.01 2.11
Hostile (%) 5.95 0.51 2.13 0 0.99 0.42 2.25 0.67 1.34
Bank (%) 29.76 33.84 32.62 6.52 20.79 12.55 15.32 29.43 23.42
Regulated Industry (%) 13.1 16.16 15.25 12.32 13.86 12.97 12.61 15.38 14.2
MV / BV Assets (%) 1.67 1.58 1.61 1.97 2.12 2.03 1.85 1.76 1.8
Relative Size (%) 39.81 45.44 43.77 49.41 56.61 52.45 45.78 49.22 47.75
Transaction Value ($M) 3499.93 2658.15 2908.89 346.02 1555.14 856.99 1539.39 2285.56 1967.62
Market Cap ($M) 9225.98 6881.83 7580.09 646.1 1825.56 1144.53 3892.54 5173.86 4627.88
Defensive (%) 3.57 0.51 1.42 1.45 4.95 2.93 2.25 2.01 2.11
Dual Class Bidder (%) 0 1.52 1.06 0 0.99 0.42 0 1.34 0.77
n 84 198 282 138 101 239 222 299 521

1.4 Do Acquirers Avoid the Vote? A Distributional Discontinuity Anal-

ysis

Figure 1.1 strongly suggests that acquirers frequently structure their deals so as to

avoid a vote. Even so, the point still deserves rigorous statistical confirmation. This section

applies the test of Burgstahler and Dichev (1997) in order to determine whether the large

spike in issuance frequency just shy of 20% qualifies as a distributional discontinuity. In

essence, this test examines the relative value of a particular bin vis-á-vis the average of

the bins on either side of it, and it computes a t-statistic for this value according to the

distribution of all such relative values within the sample (presuming that this distribution
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follows an approximately normal pattern).

Table 1.3: T-statistics for Tests of Distributional Discontinuity in Issuance at 20%

This table reports t-statistics for test of distributional discontinuity around the 20% mark over
various subsamples and bin widths. The tests are based on those of Burgstahler and Dichev (1997).
In each case, the t-statistic reflects whether the bin to the immediate left of 20% represents a
distributional discontinuity. Each subsample includes only those deals whose transaction value is at
least 20% of the bidder’s market cap.

Subsample Bin Width = 2% Bin Width = 1% Bin Width = 0.5%

All Deals 5.37 7.72 10.32
Public-Target Deals 4.78 6.44 7.19
Nonpublic-Target Deals 5.25 7.64 10.39

We conduct the test with three di↵erent bin widths and over three distinct subsamples.

More specifically, the bin widths are 2%, 1%, and 0.5%. The three subsamples are public-

target deals, nonpublic-target deals, and all deals. Each of these subsamples includes only

deals whose issuance falls in the range of 0% to 100% (exclusive of no-issuance deals) and

whose transaction value relative to the bidder’s market capitalization is at least 20%. Our

motivation for the separate tests of public vs. nonpublic deals rests on the greater tendency

of the latter to avoid a vote, as figure 1.2 demonstrates. It shows that the pre-20% issuance

spike is more pronounced for deals with nonpublic targets than for those with public ones.

As the introduction mentions, this di↵erence likely reflects the potential for deals with

nonpublic targets to close their transactions more quickly without a vote.

Table 1.3 provides the t-statistics. These results unambiguously confirm that the large

spike in issuance just below 20% represents a distributional discontinuity. The t-statistics

range from 4.78 to 10.39, but in all cases are significant at well beyond the 1% level.

The above pattern appears to hold also in Canada. Canada’s stock exchanges previously

had no rule on issuance and shareholder approval, but in 2009 December the Toronto Stock
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Figure 1.2: Issuance Distributions for Public-Target and Nonpublic-Target Deals

These histograms display the issuance distributions for public-target and nonpublic-target deals,
respectively. In each case, the sample includes only those deals whose relative transaction size is at
least 20% as large as the bidder’s market cap.

Exchange (TSX) introduced a mandatory vote on any issuane above 25%. Figure 1.3 shows

the raw, unedited issuance distribitions of issuance for TSX bidders before and after the

rule’s implementation. The graphs reveal a spike just before 25% in the post-rule period,

whereas none exists for the pre-rule period. This result suggests that Canadian firms, too,

prefer to complete their acquisitions without a bidder shareholder vote. Indeed, the pre-25%

spike would likely be even greater were we to conduct a thorough deal-by-deal editing of

the data, as we do for the U.S. deals in our main analysis.
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Figure 1.3: Raw Issuance Distribution on TSX, Before and After Approval Rule

This figure shows raw issuance distributions for acquirers of the Toronto Stock Exchange, before
and after its 2009 December introduction of mandatory voting on issuance above 25%. The periods
for each histogram are as indicated above. The sample includes only those deals whose transaction
value is at least 25% of the bidder’s market cap. Unlike Figure 1.1, the issuance for the individual
deals has not been hand-collected but is based on estimates from SDC data - that is, it is ‘raw’.

1.5 Determinants of Avoiding a Vote

This section reports regression results for our main empirical question: why do acquirers

avoid shareholder approval? We test separately and then together motivations related to

time-saving and circumventing opposition.

The variables for time-saving include dummy variables for nonpublic target, tender o↵er,

hostile deal, multiple bidder deals, bank, and other regulated industry. In order to check

for di↵ering e↵ects of regulation on public-target vs. nonpublic-target deals, we also include

dummy variables for nonpublic banks and nonpublic (other) regulated industry.

As Kamar (2006) documents, the ability of nonpublic-target deals to save time rests on

the faster approval process of private targets. Indeed, if the firms are small enough to avoid

the mandatory 30 day waiting period under the Hart-Scott-Rodino act, then they may be

able to sign the merger agreement and close the transaction on the same day. Likewise,

tender o↵ers require no vote by the target firm and are therefore able to close more quickly
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when the bidder can forego approval from its own shareholders. Of course, not all non-public

target deals involve time-saving opportunities, since some of them may have ownership that

is su�ciently dispersed so as to require a lengthy approval process. Similarly, some tender

o↵ers are hostile or unsolicited takeover attempts that proceed in drawn out, back-and-

forth negotiations that can last for several months; in these cases, avoiding a vote clearly

o↵ers little or no acceleration of the process for such deals (an example is CF Industries’s

tender o↵er for Terra, one of our ‘switch’ cases, which took more than a year to complete).

Nevertheless, most nonpublic-target deals and tender o↵ers likely can be completed more

quickly without a bidder vote. It is unlikely that time-saving opportunity can pertain to

the vast majority of deals for public targets.

It should also be mentioned that the choice of a tender o↵er may be endogenous with

respect to the presence of multiple bidders or a hostile takeover e↵ort. The relationships

between these variables remains unclear, as no academic consensus prevails as to the di-

rections of causality (so far as this author knows). The inclusion of dummy variables for

multiple bidders and hostile bids is meant to address this endogeneity concern.

Modeling a firm’s desire to bypass shareholder objections presents more of a challenge.

Numerous angles of investigation suggest themselves, such as corporate governance, agency

conflicts, deal quality, and the relative voting power of insiders vis-á-vis that of outside

investors. A variety of factors could create di↵ering opinions between managers and share-

holders about the merits of a given merger, and nuances related to disagreements about

corporate strategy are di�cult to capture on a case-by-case basis. For example, little in the

details of Kraft’s bid for Cadbury marks it as obviously objectionable from the point of view

of Bu↵ett. However, bidder CAR should approximately proxy for the shareholder’s percep-
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tions of deal quality, making it a sort of catch-all for a number of unmeasurables. Recalling

our finding in an earlier section that no-vote deals have lower CARs only among transactions

with public targets, we add an interection term between CAR and public target.

We also include two measures of institutional ownership, which we expect to be posi-

tively associated with avoiding a vote. Our first measure, total institutional ownership, is

motivated by findings such as Bethel and Gillan (2002) that institutional investors more

frequently vote against management than do other investors. Our second measure of own-

ership is activist ownership. Its motivation stems from the presence of activist investors in

some of the well-known, more blatant instances of firms allegedly staying just under 20%

in order to avoid a vote11. More broadly, its inclusion probes whether only particularly

agitated investors bother to oppose management or whether all institutional investors pose

an equal threat.

Several control variables also enter into the regressions. MV / BV Assets, leverage, and

deviation leverage have been shown to influence the payment choice among acquirers12. We

also include relative size, since, all else equal, smaller deals can substitute cash for shares,

thereby avoiding a vote, much more easily than can larger ones.

Table 1.4 o↵ers our results. It reports results of logistic regressions for avoiding a vote.

The first two specifications examine deals for public targets; the 3rd and 4th, those for

nonpublic ones; the last two, all deals. For each of these three subsamples, regressions are

run separately with no-vote issuance ranges of 15-20% and 18-20%. In all specifications,

11For example, see the protests of Relational Investors against Sovereign Bancorp’s 2006 acquisition
of Independent Community Bancorp, in which the issuance came to 19.8%, or the example of Costa
Brava forcing DG FastChannel to restructure the deal so as to bypass approval, a case which which
we discuss in some detail in a later section

12See Harford et al. (2009).
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the control sample includes those deals in the issuance range of 20 - 50%.

The findings o↵er the strongest support in terms of time-saving considerations. The

variable for nonpublic-target is significant at the 1% level in all three specifications in

which it appears; that of tender o↵er, in two of the three specifications. The variables for

regulated industry show little relevance. Among these, only private-target * bank increases

the odds of holding no vote. As we mention in the discussion of the summary statistics, this

e↵ect reflects either the greater delays imposed on banks or the greater frequency of private

banks to have dispersed ownership relative to other private firms. These results confirm

those of Kamar (2006). Neither hostile deals nor ones with multiple bidders appear more

likely to skip a vote in a multivariate setting that accounts for tender o↵ers.

The results are modestly supportive in terms of circumventing opposition. On the one

hand, institutional ownership is positively associated with skipping a vote among both

public-target and nonpublic-target deals, though activist ownership is insignificant in all

but one of the six specifications. On the other hand, the evidence on the impact of CAR,

our proxy for deal quality, o↵ers mixed results. When the sample of no-vote deals consists

of those in the range of 18-20%, the coe�cient for CAR is negative and significant for public

deals, as is that for Public * CAR in the specification that includes all deals. When the no-

vote sample broadens to include the range of 15-20%, these CAR coe�cients remain negative

but lose their significance (just barely so in the specification limited to public targets, for

which the p-value is 0.102). Our interest in the narrower range of 18-20% can be justified

by noting that the spike in issuance frequency (see Figure 1.1) occurs most sharply in

this range, thereby suggesting these deals as the most likely to have been structured so as

to intentionally bypass approval. Of course, this argument assumes non-rigorous form and

31



Table 1.4: Determinants of Avoiding Shareholder Approval

Robust p-values in parentheses. This table reports results of logistic regressions for avoiding a vote.
The first specification tests time-saving motives, the 2nd and 3rd test motives of circumventing
opposition, and the last two include all variables. For the 1st, 3rd, and 5th specifications, the
sample of no-vote deals consists of those deals in the issuance range of 15 - 20%; for the 2nd, 4th,
and 6th, 18 - 20%. In all specifications, the control sample includes deals in the issuance range of
20 - 50%. For an explanation of the construction of our sample of no-vote deals, see section 1.3D.

Public Status of Target Public Nonpublic All

No-Vote Sample 15-20% 18-20% 15-20% 18-20% 15-20% 18-20

Bidder CAR -3.30 -4.66* -0.60 0.11 -0.40 0.23
(0.10) (0.06) (0.56) (0.92) (0.70) (0.84)

Public * CAR -2.37 -4.19*
(0.25) (0.07)

Inst. Ownership 1.90*** 1.55* 1.21** 0.91* 1.35*** 1.00**
(0.00) (0.08) (0.01) (0.09) (0.00) (0.03)

Activist Ownership 0.11* 0.06 0.05 0.05 0.07 0.05
(0.10) (0.39) (0.52) (0.46) (0.17) (0.34)

Tender O↵er 3.14** 2.88** 2.85*** 2.76***
(0.02) (0.04) (0.00) (0.00)

Multiple Bidders -0.14 0.37 0.14 0.54
(0.88) (0.66) (0.84) (0.47)

Hostile 1.90 2.36 0.21 0.61
(0.51) (0.46) (0.89) (0.71)

Bank 0.049 -0.33 -1.33*** -2.22*** 0.20 -0.04
(0.91) (0.55) (0.00) (0.00) (0.59) (0.93)

Other Regulated -0.36 -0.21 -0.66 -0.73 -0.22 0.05
(0.51) (0.75) (0.14) (0.13) (0.63) (0.92)

Nonpublic * Bank -1.60*** -2.31***
(0.00) (0.00)

Nonpublic * Regulated -0.26 -0.72
(0.68) (0.32)

Nonpublic 2.13*** 2.37***
(0.00) (0.00)

Relative Size -3.08*** -3.60** -0.84** -0.64 -1.21*** -0.97**
(0.00) (0.02) (0.03) (0.10) (0.00) (0.02)

MV / BV Assets -0.25* -0.38** -0.11 -0.11 -0.14* -0.17**
(0.10) (0.03) (0.22) (0.24) (0.07) (0.05)

Deviation Leverage -3.29** -2.18 2.38* 1.71 0.17 0.27
(0.05) (0.25) (0.08) (0.22) (0.85) (0.80)

Constant -0.47 -0.34 0.71* 0.47 -1.20*** -1.58***
(0.56) (0.74) (0.08) (0.29) (0.00) (0.00)

Observations 254 224 215 181 469 405
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merely highlights our di�culty in identifying the most relevant sample of no-vote deals. The

bottom line is that the statistical significance of CAR depends heavily on the construction

of the sample, and a few deals in or out can tip the scales in one direction or another.

The coe�cient for CAR is insignificant for nonpublic-target deals, a result that mirrors the

similar CARs for vote and no-vote deals for nonpublic targets in the summary data.

The control variables behave di↵erently among the nonpublic deals than they do among

the public deals. More specifically, the coe�cients for relative size and MV / BV Assets

are substantially weaker among the nonpublic deals, and that of deviation leverage actually

switches its sign. These results suggest that the motivations for avoiding a vote are much

stronger when the target is nonpublic, and that they weigh more heavily relative to other

considerations in determining the payment structure relative to when the target is public.

The di↵ering performances of the control variables vis-a-vis public and nonpublic targets

may partially explain why Public * CAR worsens in terms of its p-values relative to the

regressions involving only public targets, since less accurate control variables tend to reduce

the statistical power of any regression.

1.6 Revisiting the Switch Cases: Textual and Statistical Analysis

This subsection briefly revisits the eight ‘switch’ cases that involve public targets. These

deals are of particular interest to this study, as they provide insight into the reasons for firms

to bypass shareholder approval. We demonstrate that logistic regressions confirm negative

shareholder reactions as a motivating factor, and we document that some of these bidders

candidly admit to circumventing objections to their acquisitions.

Indeed, SEC filings for some of these bidders acknowledge quite explicitly that they
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restructured their transactions based on the likelihood of losing a vote. For example, DG

FastChannel provides the following explanation:

On or about August 21, 2008, the joint proxy statement/prospectus was

mailed to stockholders of DG FastChannel and to stockholders of Enliven. On

that same day, Costa Brava Partnership III L.P., a 5% stockholder of DG

FastChannel, publicly announced its intention to vote against the merger at the

special meeting of DG FastChannel stockholders to be held to vote on the is-

suance of DG FastChannel common stock to Enliven stockholders in the merger.

On August 22, 2008, the Enliven board of directors held a telephonic meet-

ing, with its legal and financial advisors and members of senior management in

attendance, to discuss the Costa Brava press release and potential alternatives in

light of concerns that the issuance of shares of DG FastChannel common stock

to Enliven stockholders in the merger would not receive the requisite approval

of DG FastChannel stockholders under the rules of the Nasdaq Global Market

(italics added).

The document continues in the same vein, detailing how opposition from a number of

investors led the firm to decide to restructure the deal so as to no longer require a vote.

CF Industries’s eventual takeover of Terra represents a somewhat more nuanced exam-

ple. Although this deal was initially well-received by CF’s shareholders, as it was thought to

create strong market share, the bider subsequently became the target of an o↵er from a third

party, Agrium. Since this latter o↵er was contingent on CF dropping its earlier bid, the

managements at both CF and its target recognized that shareholders might block the deal

if they would prefer to be bought out, thereby receiving a substantial takeover premium.

Thus, the target’s o�cial response to CF’s tender stated as one its reasons for rebu�ng the

o↵er: ‘In light of the Agrium o↵er, the stockholders of CF are unlikley to approve CF’s bid

for Terra’. Terra therefore preferred a competing, more certain o↵er from yet another third

party. In a letter to Terra’s board, CF responded, ‘we are prepared to address the issue you
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raised by structuring the transaction so that a vote by the CF Industries stockholders will

not be required’. Thus, these exchanges can provide support for two of our main hypotheses,

depending on the interpretation. On the one hand, agency conflicts could be perceived as

driving CF Industries to bypass opposition to a costly deal. Alternatively, it may merely

have canceled the vote as a means of increasing the transactional certainty for the target.

Similarly, the amended terms in the PeopleSoft merger also appear to have been in

reaction to a subsequent o↵er from a third party, Oracle. Indeed, the CEO or Oracle,

Larry Ellison, accused PeopleSoft of this exact motive: ’PeopleSoft is doing everything it

can to prevent its shareholders from voting. If PeopleSoft’s board is so convinced that

the JD Edwards acquistion is a great deal, why won’t it let its shareholders vote on it?’.

For good measure, an Oracle spokesperson emphasized the agency conflicts involved: ‘if

you consider that PeopleSoft and JD Edwards put together the best financing approach

when they announced their original merger this sub-optimal approach can only be a ploy

to preserve management’s self-interest’. PeopleSoft denied the charge.

SEC filings or media coverage for some of the other switch cases also mention circum-

venting shareholder disapproval as the motivating factor in the switch cases. For example, a

file for Tellabs notes that a ‘major institutional Tellabs stockholder had expressed concerns

about the transaction’; the same file goes on to mention that later, after receiving word

of Tellabs’ proposed new terms, the target’s ‘board of directors noted that the proposed

amendment would not require Tellabs stockholders to approve the merger as a condition

to closing’. In the case of Yellow Roadway, the reception to the deal quickly turned sour,

as reported at the time: ‘During the call Friday, some analysts said they couldn’t sup-

port the merger and suggested, instead, that Yellow’s money would be better spent buying
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back shares’. Thus, Yellow’s amended terms also may have reflected fear of losing a vote,

assuming that some investors shared the analysts’ criticisms13.

In addition, logistic regressions confirm that investor perceptions of deal quality, proxied

by bidder CAR, influenced the choice of management to switch the terms of these deals

from vote to no-vote. Table 1.5 presents these results. The dependent variable is the

decision to switch terms, and the independent variables are Bidder CAR, relative size of

the transaction, and a dummy for defensive mergers. In these regressions, a defensive deal

is defined as one whose bidder was the subject of a takeover attempt from one year prior to

the announcement date through the completion date (or termination date in the event of a

failed merger). The inclusion of this variable is motivated by their prominence among the

switch cases, as two of the eight restructured their terms only after becoming the subject of

a hostile takeover from a third party. The control samples include only public-target deals

and have issuance ranges of 20% to 50% and 20% to 100%, respectively.

Bidder CAR is significant at the 5% level in both specifications. Likewise, Defensive is

also significant in the specification for which enough data allows its inclusion. These results

suggest that, in at least a few extreme cases, managements respond to investor opposition

by circumventing shareholder approval. Of course, eight deals is too small a subsample for

broad conclusions, yet they do raise the question as to whether a larger number of firms

‘preemptively’ bypass objections by intentionally o↵ering initial deal terms with issuance

below 20%.

13O�cially, Yellow Roadways explained the new terms as related to a planned repurchase program,
pointing out that it would be pointless to issue more shares only to buy them back shortly thereafter.
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Table 1.5: Determinants of Switching from a Vote to a No-Vote Deal

Robust p-values in parentheses. This table reports results of logistic regressions for the determinants
of switch from a vote to a no-vote deal structure. Bidder CAR is the (-2, +2) cumlative abnormal
return around the announcement window, Relative Size is the va;ue of the transaction divided by
the bidder’s market capitalization, and Defensive is a dummy for the bidder having been a target of
an acquisition from one year before the announcement date up to the completion date of their own
acquisition.

Control Sample 20 - 50% 20 - 100%

Bidder CAR -13.49** -9.941**
(0.0217) (0.0247)

Defensive 4.601***
(0.00420)

Relative Size -4.192 -6.940**
(0.347) (0.0240)

Tender O↵er 1.606 2.049*
(0.309) (0.0853)

Multiple Bidders 1.716 2.202**
(0.104) (0.0135)

Constant -2.858** -1.817*
(0.0443) (0.0747)

Observations 159 323

1.7 Mechanisms that Firms Use to Avoid a Vote

We also investigate mechanisms that firms employ in order to keep their issuance under

20%. One financial mechanism that firms seeminly use to this e↵ect is a temporary sus-

pension of repurchases of their own stock. If firms were to act otherwise and to continue

repurcharchase programs despite pending mergers, then the reduction in their outstanding

shares could suddenly increase the issuance from below 20% to above it. Clearly, such an

unintended development would represent at least a nuisance.

Figure 1.4 displays the relevant graphical evidence. It shows, in separate graphs for

deals with and without a vote, the average quarterly repurchases in percentage terms for up

to four quarters before and after the ‘merger window’, which encompasses all quarters from

the announcement date through the completion date. The merger window is denoted in
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the graphs by ‘merger’. The four bars to its left are the quarters that preceded the merger

window; those to the right, that followed it. The sample of vote deals includes all those

that have issuance in the range of 20 to 50%. The sample of no-vote deals includes all those

that have issuance in the range of 15 - 20% and whose transaction value is at least 20% of

the bidder’s market capitalization.
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Figure 1.4: Average Quarterly Repurchases around the Merger Window, No-Vote Deals and
Vote Deals

This figure displays, in separate graphs for deals with and without a vote, the average quarterly
repurchases in percentage terms for up to four quarters before and after the ‘merger window’, which
encompasses all quarters from the announcement date through the completion date. The sample of
vote deals includes all those that have issuance in the range of 20 to 50%. The sample of no-vote
deals includes all those that have issuance in the range of 15 - 20% and whose transaction value is
at least 20% of the bidder’s market capitalization. The merger window is denoted in the graphs by
‘merger’. The four bars to its left are the quarters that preceded the merger window; those to the
right, that followed it.

The two graphs reveal a di↵erence in the repurchasing behavior of bidders that seek

approval relative to those that avoid it. The level of repurchases among no-vote bidders

markedly drops within the merger window; no such pattern holds for the other bidders.

This finding is consistent with our conjecture that firms temporarily suspend repurchase

programs in order to keep their issuance below the 20% threshold.

We should briefly touch on a few other mechanisms that perhaps deserve fuller treat-
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ment. A popular legal mechanism for avoiding the vote, and one employed by about 15%

of the bidders for nonpublic targets in our sample of no-vote deals, involves so-called ‘al-

ternative outcome’ clauses. Such an arrangement allows the deal to be comsummated first

and the issuance above 20% to be approved second. In the the event that the issuance is

voted down, the target shareholders receive some alternative consideration instead of shares

– hence the name. A second mechanism for avoiding the vote, available only through 2006

for those firms listed on the NYSE, depended on the usage of treasury shares as the con-

sideration. In other words, a NYSE-listed firm could issue more than 20% of its shares so

long as it did so out of its stock of repurchased (‘treasury’) shares rather than with shares

never before outstanding. This exemption never extended for firms listed on NASDAQ

or Amex and was discontinued by NYSE in late 2006. Finally, firms may stay below the

20% threshold by deviating from their optimal financing mix and rebalancing their capital

structure subsequently.

1.8 Conclusion

The main research question of this paper concerns whether acquirers complete unpopular

deals by structuring them so as to bypass shareholder approval. If so, then this finding

would partly explain the longstanding observation that bidder CARs tend be negative or

insignificantly positive for a wide array of deal types. On the whole, however, we uncover

no prevalent tendency of firms to behave in such a fashion. Individual instances do occur,

such as was almost certainly the case with Bu↵ett and Kraft. Yet these cases seem limited

and isolated rather than representative of the tip of a larger iceberg.

Unfortunately, we are unable to fully account for the high frequency with which firms
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avoid a vote. At least two explanations are obvious. On the one hand, a vote might represent

a nuisance in ways that we overlook. Alternatively, our main proxy for deal quality, bidder

CAR, may fail to properly account for the presence of agency conflicts or the likelihood that

a given deal would be voted down by the acquirer’s shareholders. More should be done in

terms of analyzing the particular forms of ownership structure and the types of institutional

investors that contribute to the preference of managements for no vote.

An additional avenue for further research would investigate the factors that make a

target risk-averse with respect to merger failure. This issue arises in a few of the SEC

filings, as the impetus for avoiding a vote sometimes comes from the target rather than from

the bidder. We presently have no model that explains the target’s concerns. Possibilities

might include financial di�culties - especially with respect to the sale of a subsidiary - or

the opportunity cost of turning down a competing bidder. More generally, we are unaware

of any study that looks at the detrimental e↵ects of merger failure to a target’s ongoing

business in terms of either lost customers or employee attrition.

Nevertheless, the paper makes several contributions. First, it documents the extent to

which acquirers intentionally avoid a vote and limit issuance to just below 20%. This result

is made possible only through the hand-collection of ‘maximum potential issuance’, since

the exchanges apply a broader definition of issuance than that which typical data sources

consider. The pattern appears to hold both domestically and in Canada. In addition,

we document the legal and financial mechanics that firms employ in this e↵ort, such as

the temporary suspension of repurchase programs, ‘alternative outcome’ clauses in merger

agreements, and the use of treasury shares as a consideration by NYSE-listed firms through

2006. The question of the mechanisms possibly deserves further elaboration, especially
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with respect to whether acquirers temporarily deviate below their target capital structures

in order to stay below 20%.

Furthermore, we provide insights into the motivations for firms to forego a vote. Among

deals for nonpublic-targets, timesaving considerations seem paramount. Higher institional

ownership also discourages bidders from seeking shareholder approval. Finally, the paper

documents that in at least a few exceptional cases, such as the switch deals, acquirers

intentionally and explicitly circumvent shareholder approval in order to thwart opposition

to unpopular deals.
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CHAPTER 2

AGGREGATION OF INFORMATION ABOUT THE CROSS SECTION

OF STOCK RETURNS: A LATENT VARIABLE APPROACH

2.1 Introduction

Any rational asset pricing theory implies that expected stock returns admit a beta rep-

resentation, where betas are computed with respect to a discount factor (Cochrane, 2005).

However, the nature of the discount factor remains elusive despite several decades of active

academic research: many initially promising theories such as the CAPM or the Fama-French

three-factor model cannot fully explain the cross section of stock returns. Instead, there is a

large and still growing body of empirical evidence suggesting that expected returns tend to

line up with various firm characteristics.1 Such patterns, known as asset pricing anomalies,

have received much attention in the literature and now seem ubiquitous. Subrahmanyam

(2010) claims that more than 50 variables are correlated with future stock returns in the

cross section. Harvey et al. (2013) catalogue 314 di↵erent factors, although some of them

are highly correlated. Green et al. (2013) conduct an extensive search for “return predic-

tive signals” in the accounting and finance literature and find 330 of them that have been

reported.

The variety of variables related to expected returns poses two main questions, neither

of which is adequately addressed in the current literature. First, which firm characteris-

tics contain complementary information about returns? Numerous papers compare various

characteristics pairwise and in small groups but the big picture is frustratingly missing.2

1Recent reviews of this literature include Subrahmanyam (2010) and Goyal (2012).
2This literature is voluminous but often inconclusive. For example, Anderson and Garcia-Feijóo

(2006) provide evidence that the value anomaly weakens substantially after controlling for growth
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Nevertheless, there is some evidence that many anomalies are distinct from each other.

Fama and French (2008) find that all seven characteristics that they consider have unique

information about future returns. The most comprehensive up-to-date study of this question

is Green et al. (2014), who simultaneously examine almost 100 “return predictive signals”

and document that 24 of them are not subsumed by the others.

The second question stemming from the variety of the anomalies and their complemen-

tarity is how to aggregate the information from multiple firm characteristics and construct

the most precise estimates of expected returns on individual stocks. Such estimates would

improve optimal portfolios (e.g., Treynor and Black, 1973), provide a characteristic-based

cost of capital as well as a benchmark for portfolio performance evaluation (e.g., Chan

et al., 2009), allow researchers to form basis assets that would increase the power of as-

set pricing tests (e.g., Haugen and Baker, 1996), facilitate the study of the properties of

expected returns in cross section (e.g., Lewellen, 2013), and help to identify possible mis-

pricing (e.g., Cao and Han, 2013; Stambaugh et al., 2013). The most common approach

to aggregation is to use fitted values from Fama-MacBeth regressions of realized returns

on all available characteristics. However, this approach has several shortcomings when the

number of characteristics to be aggregated is large. First, the regression coe�cients are

estimated imprecisely because their computation e↵ectively requires the estimation of the

variance-covariance matrix of all regressors, whose size grows quadratically with the num-

ber of regressors. Second, the regression requires the availability of all regressors for the

same observation, which is a very restrictive condition on firm characteristics. Third, many

characteristics are highly correlated and the regression su↵ers from the multicollinearity

problem.

In this paper, we propose a novel approach to aggregating information about future

in capital expenditures. In contrast, Cooper et al. (2008) and Fama and French (2008) find that the
asset growth e↵ect explains little of the book-to-market e↵ect and that the anomalies are distinct.
Desai et al. (2004) show that the ability of accruals to explain future returns is subsumed by the
operating cash flows-to-price ratio and claim that the accruals anomaly is closely related to the value
anomaly. However, Cheng and Thomas (2006) demonstrate that abnormal accruals relate to future
annual returns even after controlling for the operating cash flows-to-price ratio.
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stock returns from a large number of firm characteristics that is free from the above limita-

tions. The approach is based on two main premises. First, we explicitly acknowledge that

conditional expected returns on individual stocks and their conditional betas are unobserv-

able to an econometrician.3 Unobservability of true betas is recognized in the literature as

one of possible causes for existence of asset pricing anomalies (e.g., Lin and Zhang, 2012),

which can be produced by either mismeasurement of risk factors (e.g., Black et al., 1972;

Roll, 1977) or imprecision of the beta estimates themselves. True betas in conditional linear

factor models are theoretically infeasible because they depend on the information available

to investors but not to an econometrician (Hansen and Richard, 1987). Moreover, betas

tend to vary over time (e.g., Harvey, 1989; Ferson and Harvey, 1991; Lewellen and Nagel,

2006; Li and Yang, 2011; Ang and Kristensen, 2012) and this further complicates their

estimation.

The cornerstone of our approach is the second assumption that unobservable expected

returns are described by a rational asset pricing model (which is a single-beta model in

the baseline specification), so numerous observable firm characteristics can be viewed as

proxies for the same unobservable beta. This assumption is motivated by the literature that

establishes theoretical links between various firm characteristics and betas and shows that

many characteristics can predict future returns even when the expected returns are described

by a rational asset pricing model with one or few risk factors. In particular, expected returns

have been related to size (e.g., Berk, 1995; Berk et al., 1999; Gomes et al., 2003; Carlson

et al., 2004), book-to-market ratio (e.g., Berk et al., 1999; Gomes et al., 2003; Carlson et al.,

2004; Zhang, 2005), investments (e.g., Cochrane, 1996; Kogan and Papanikolaou, 2013),

equity issuance (e.g., Li et al., 2009), accruals (e.g., Wu et al., 2010), past returns (e.g.,

Berk et al., 1999; Johnson, 2002; Liu and Zhang, 2013), financial distress (e.g., Garlappi

and Yan, 2011), and idiosyncratic volatility (e.g., Kogan and Papanikolaou, 2013). In a

3The unobservability of betas and risk factors is also explicitly recognized in asset pricing models
with latent variables (e.g., Gibbons and Ferson, 1985; Ferson, 1990; Ferson et al., 1993). However,
this literature attempts to explain the time series of expected returns using a small number of
expected risk premia, whereas our analysis investigates the cross section of expected stock returns.
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recent paper, Babenko et al. (2013) argue that cash flow shocks change conditional betas

because they change relative weights of various firm divisions with di↵erent betas and, as a

result, any characteristic correlated with the history of cash flow shocks can be successful

in explaining expected stock returns.4

Under our assumptions, the problem of an econometrician is to use firm characteristics as

signals to construct the best estimate of the latent expected returns on individual stocks. To

solve this problem, we propose an intuitive and easily implementable procedure that delivers

consistent estimates (up to a common multiplicative factor) when the number of stocks and

characteristics is su�ciently large.5 Because this procedure reveals a cross section of latent

variables by combining a large number of observables, we refer to it as the high-dimensional

cross-sectional filter (HCF). When all characteristics are proxies for the same beta, HCF

is implemented as a sequence of two regressions. In the first step, realized returns are

regressed on each lagged standardized characteristic individually (these are cross-sectional

regressions that use all stocks for which the characteristic is available). The obtained slopes,

whose number is equal to the number of characteristics, are used in the second step: for

each individual stock, all currently available firm characteristics are regressed on the slopes

obtained in the first step. We prove that the slopes from the second-step regressions are

asymptotically proportional to cross-sectionally demeaned expected returns on individual

stocks.

Our approach to estimation of expected returns deserves several comments. First, our

assumptions are broad and valid irrespective of which asset pricing model really explains

expected returns. Moreover, they are consistent with heterogeneous informativeness of

characteristics (the loadings of characteristics on betas as well as the amount of noise in

them can vary across the characteristics). Nevertheless, HCF explicitly uses the restrictions

4Although our approach is motivated by a beta representation of expected returns, it is also valid
when characteristics are related to future returns because they are all associated with the same
psychological e↵ect responsible for multiple anomalies.

5In his AFA 2011 Presidential Address, Cochrane (2011) argues that the existence of multiple
anomalies is a multidimensional challenge and conjectures that to address many questions on the
relation between firm characteristics and expected stock returns “... in the zoo of new variables ...
we will have to use di↵erent methods.” Our paper is a step in that direction.
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implied by the underlying asset pricing model, which allows only one common component of

the characteristics to be related to expected returns in the cross section. The incorporation

of this model restriction into estimation of expected returns is a unique feature of our

approach, which is responsible for its advantages over aggregation using the Fama-MacBeth

regression.

Our estimator relies on the existence of common component in characteristics that is

related to expected returns. On the one hand, this may reduce the applicability of our

approach and make it less e�cient than the aggregation by the Fama-MacBeth regression

if our model is misspecified. On the other hand, the ability of the HCF estimates to

predict future returns would unambiguously indicate the presence of the common component

in at least some of the characteristics. Thus, our approach also provides a test for the

commonality in asset pricing anomalies. Note that the presence of a common component

in no way implies that all characteristics have the same information about returns, so using

all of them is likely to make the estimates of expected returns more precise.

Having developed the aggregation procedure, we apply it to 26 firm characteristics that

are known to be related to stock returns and associated with the most prominent asset

pricing anomalies. We construct a new variable that aggregates information from all of

them and refer to it as the aggregate filtered expected returns (AFER). We find that the

di↵erence in monthly returns on top and bottom decile equally-weighted AFER portfolios

is around 3.5%. This spread is highly statistically significant (the t-statistic is 11.18) and

substantially exceeds those produced by individual characteristics. The result is weaker but

still holds for value-weighted portfolios (2.3% per month with t-statistic of 7.02).

Our empirical results have several implications. First, it is already remarkable that

AFER has at least some predictive power for future returns. By construction, the HCF

procedure estimates the common component in the characteristics that is related to stock

returns. Hence, the dispersion of returns on the AFER portfolios implies that such a

component exists and there is a strong commonality in the considered anomalies.6 The

6This conclusion echoes the results of Avramov et al. (2013) who relate many anomalies to firm
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presence of the common component also alleviates the concern that asset pricing anomalies

represent a result of data mining because it is highly unlikely that spurious anomalies would

have a common component even if each of the characteristics were correlated with returns.

Second, the dispersion of returns produced by AFER is larger than that produced by

individual anomalies meaning that various firm characteristics do contain complementary

information and its aggregation is fully justified. Third, in many specifications of the

model AFER is more informative about future returns than fitted values of the Fama-

MacBeth regression, so the additional theory-motivated assumptions used by HCF can help

to improve the estimation e�ciency.

Our estimation approach is applicable not only to all considered characteristics but also

to a subsample of them. In particular, it can be used for testing whether a group of anomalies

have a common origin because the filtered expectations would be useless for predicting

returns in the absence of a common component in the characteristics. Following this logic,

we construct a new variable dubbed the growth-based filtered expected returns (GFER)

that aggregates information about expected returns from nine characteristics related to firm

growth. We find that the spread in returns produced by GFER is statistically detectable

and comparable with those produced by its individual components. Thus, various growth-

associated anomalies are likely to capture di↵erent aspects of the same phenomenon.7

We also perform numerous additional tests to demonstrate the robustness of our results.

In particular, we i) consider alternative model specifications; ii) explore the strength of

AFER and GFER in various subsamples of stocks and time periods; iii) build filtered

expectations and perform tests using both raw returns and Fama-French risk adjusted

returns; iv) conduct the Gibbons et al. (1989) test (GRS test) of several standard asset

pricing models using AFER portfolios as test assets to show that the latter can help to

increase the power of the test.

credit rating downgrades.
7This conclusion is consistent with Lipson et al. (2011) who examine a variety of asset growth

measures and argue that the total asset growth from Cooper et al. (2008) largely subsumes the
majority of them.
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Our paper is related to several strands in the literature. In particular, it is close to the

studies that examine joint ability of multiple firm characteristics to predict stock returns

(e.g., Haugen and Baker, 1996; Hanna and Ready, 2005; Lewellen, 2013; Green et al.,

2014). In contrast to these papers, which primarily use Fama-MacBeth regressions, our

paper develops a new econometric approach for aggregating information from multiple firm

characteristics. Also, our analysis is related to several studies that examine various trading

strategies based on firm fundamentals. For example, Ou and Penman (1989) show how a

logit model that aggregates numerous items from financial statements can predict future

earnings and returns. Abarbanell and Bushee (1998) use OLS regression to build portfolios

that take into account a number of fundamental signals. Piotroski (2000) uses an ad hoc

approach to construct a new variable (F SCORE) that combines nine accounting signals

and has an ability to predict returns of value firms. A similar score (GSCORE) has been

developed by Mohanram (2005) for growth stocks. Compared to these studies, our approach

has a better theoretical motivation, so our findings are much less likely to result from data

mining.

Our paper also belongs to the growing literature that promotes a holistic approach to

asset pricing anomalies. Fama and French (2008) examine the strength of seven anomalies

across size groups. Stambaugh et al. (2012) find that eleven anomalies appear to be stronger

following periods of high investor sentiment. Maslov and Rytchkov (2011) reexamine a

broad set of anomalies using robust regressions and find that the vast majority of anomalies

are robust in the short end (for presumably overpriced stocks) but driven by individual

influential observations in the long end (for presumably underpriced stocks). Avramov

et al. (2013) document that many anomalies are concentrated in firms with low credit

ratings and the profitability of those anomalies (except asset growth) derives from credit

rating downgrades. Chordia et al. (2013) reconsider twelve popular anomalies and argue

that their returns diminished in recent years because of a decline in trading costs and an

increase in trading activity. McLean and Ponti↵ (2012) compare pre- and post-publication

returns on 82 anomalies and find that the profitability of the anomalies tends to decline
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after their publication. Kogan and Tian (2012) examine how easy it is to explain 27 asset

pricing anomalies by a three-factor model in which two factors are return spreads produced

by anomalous characteristics. Green et al. (2014) consider 100 “return predictive signals”

and find that 24 of them have unique information about stock returns.

The idea that expected returns are unobservable variables that can be filtered out from

available signals makes our paper close to the recent literature on time series predictability

of aggregate stock returns by filtered expectations.8 In contrast to this literature, we use

disaggregated firm characteristics for predicting the cross-sectional distribution of expected

stock returns rather than the level of aggregate stock returns.

The rest of the paper is organized as follows. In Section 2.2 we present our framework.

We construct the HCF estimators of unobservable expected returns, discuss their properties,

and compare them with several alternative aggregation techniques. Section 2.3 contains the

results of our empirical analysis, in which we apply the methodology to a set of character-

istics and construct filtered expected returns. Section 2.4 concludes by summarizing the

main contributions of the paper.

2.2 Methodology

A. Baseline specification

Consider a set of N stocks whose characteristics and returns are observed in at least

two periods. By definition, the best predictor of returns on stock i at time t is expected

return µit = E[Rit+1|Ft], where Ft is all information available to market participants. In

the baseline specification we assume that expected returns are described by an asset pricing

8An incomplete list of papers includes Conrad and Kaul (1988), Brandt and Kang (2004), Pástor
and Stambaugh (2009), Van Binsbergen and Koijen (2010), Piatti and Trojani (2012), Romero
(2012), Rytchkov (2012), Kelly and Pruitt (2012a), and Kelly and Pruitt (2012b). Various expecta-
tions are modeled as unobservable state variables also in Hamilton (1985), Balke and Wohar (2002),
Rytchkov (2010), among others.
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model that admits a single-beta representation

µit � rt = �it�t,

where �it is beta with respect to a risk factor, �t is the factor risk premia, and rt is the

risk-free rate. By definition of the expectation, the realized return on stock i can be written

as

Rit+1 = µit + "it+1, (2.1)

where E["it+1|Ft] = 0, but in general E["it+1"jt+1|Ft] 6= 0 for i 6= j. We assume that

econometricians lack some information contained in Ft and do not know the nature of the

priced factor, so neither µit nor �it are observable to them.9 Instead, they observe A firm

characteristics Xa
it, a = 1, . . . , A, such that {Xa

it�s, s � 0, a = 1, . . . , A, i = 1, . . . , N} ⇢

Ft. In practice, relevant firm characteristics may describe di↵erent aspects of a firm and

have incomparable measurement scales. To take this into account, the following discussion

assumes that all characteristics have been cross-sectionally demeaned and standardized, so

that each of them has a unit cross-sectional variance at each moment. Implementing the

interpretation of firm characteristics as proxies for conditional betas, we assume that the

demeaned characteristics Xa
it, a = 1, . . . , A are related to demeaned betas �it � �̄t as

Xa
it = �at �t(�it � �̄t) + uait, (2.2)

where �at �t measures the sensitivity of characteristic a to current betas and �̄t is the cross-

sectional average of betas at time t. By construction, the cross-sectional average of the

components uait is zero. The parameters �at and �t are allowed to change from period to

period, so the informativeness of characteristics may vary over time.

The definition of the slope in Eq. (2.2) deliberately includes �t because without losing

9We are agnostic about whether market participants observe the parameters of the asset pricing
model, which is the main issue in Adrian and Franzoni (2009) and Armstrong et al. (2013).
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generality Eq. (2.2) can be rewritten in terms of demeaned expected returns as

Xa
it = �at (µit � µ̄t) + uait, (2.3)

where µ̄t is the cross-sectional average of expected returns at time t. The latter repre-

sentation of the characteristics is more convenient for the subsequent analysis. Note that

the characteristics can be equivalently interpreted as signals about betas or signals about

expected returns only when expected returns are described by a one-factor model.

For future convenience, we introduce the following notation. Denote the sample cross-

sectional variance and covariance as V ar and Cov, respectively, and reserve gV ar and gCov

for the sample variance and covariance in the characteristic space. The standardization of

the characteristics implies that V ar(Xa
it) = 1 in each period t. For identifiability of the

model, we make the following additional assumptions.

Assumption 1 (Distribution of expected returns) In each period t,

µ̄t =
1

N

NX

i=1

µit
p�! µt and V ar(µit) =

1

N

NX

i=1

(µit � µ̄t)
2 p�! Vt as N ! 1,

where Vt > 0.

Assumption 2 (Distribution of characteristic loadings) In each period t,

�̃t =
1

A

AX

a=1

�at
p�! �t and gV ar(�at ) =

1

A

AX

a=1

(�at � �̃t)
2 p�! ⇤t, t as A ! 1,

where ⇤t, t > 0. Also, for consecutive periods t� 1 and t

gCov(�at�1, �
a
t ) =

1

A

AX

a=1

(�at�1 � �̃t�1)(�
a
t � �̃t)

p�! ⇤t�1, t as A ! 1,

where ⇤t�1, t > 0.
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Assumption 3 (Orthogonality of errors and expected returns) In each period t and

for each characteristic a, a = 1, . . . , A,

Cov(µit, u
a
it) =

1

N

NX

i=1

(µit � µ̄t)(u
a
it � ūat )

p�! 0 as N ! 1.

Assumption 4 (Orthogonality of errors and characteristic loadings) In each period

t and for each stock i, i = 1, . . . , N ,

gCov(�at�1, u
a
it) =

1

A

AX

a=1

(�at�1 � �̃t�1)(u
a
it � ũit)

p�! 0 as A ! 1.

Assumption 1 formalizes a natural condition that the cross-sectional distribution of

expected stock returns has a finite expectation and a positive standard deviation. Similarly,

Assumption 2 implies that the population distribution of the vector of characteristic loadings

(�at�1, �
a
t ) has finite and non-zero second moments. It can be interpreted as a condition

that when the number of characteristics increases, their average informativeness stays the

same.10 Assumption 3 states that there is no cross-sectional relation between uait and the

individual expected stock returns. In other words, all available information about the

cross-section of stock returns is captured by µit. Assumption 4 implies that there is no

systematic relation between past sensitivity of each characteristic to expected returns and

the part of the characteristic unrelated to expected returns. Due to typical persistence

of the characteristic loadings, the assumption is also likely to hold for contemporaneous

loadings �at .

It should be emphasized that our assumptions impose restrictions on neither the cross-

sectional correlations of "it nor the cross-characteristic or cross-sectional correlations of uait.

In general, the error components can be correlated even asymptotically. In particular, "it

may have a factor structure underlying the cross-sectional correlations of realized returns

(e.g., with the return on the market as a factor). The correlations between u’s imply thatXa
it

10A disproportionate number of useless characteristics would shift the density of the distribution
of �t to zero and decrease ⇤t, t.
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may have a complex correlation structure with multiple factors in the characteristic space

and that µit is one of them. Note that because of the correlations between the returns-

unrelated components of the characteristics, a simple averaging of the characteristics in

general would provide an inconsistent estimate for expected stock returns.

The main problem of an econometrician is to estimate µit using all observable charac-

teristics Xa
it. In order to solve it, we propose a simple procedure, which can be implemented

as a sequence of standard OLS regressions. Because it uncovers a cross section of latent

variables using a large number of observables, we refer to it as the high-dimensional cross-

sectional filter (HCF). The main steps of HCF at time t are as follows:

Step 1. Run separate cross-sectional regressions of Rit, i = 1, . . . , N , on each individual

firm characteristic Xa
it�1, i = 1, . . . , N for a = 1, . . . , A and denote the obtained slopes as

�a
t .

Step 2. For each firm i, i = 1, . . . , N run a regression of Xa
it on �a

t , a = 1, . . . , A, and

denote the obtained slopes as µ̂it.

The steps of the HCF procedure admit an intuitive interpretation. Running regressions

of current returns on each past characteristic at Step 1, we e↵ectively estimate the loadings of

characteristics on expected returns in the previous time period (up to a scalar multiplicative

factor), so �a
t can be viewed as a proxy for �at�1. If the loadings are persistent, they represent

good estimates for the current loadings �at . Running a regression of current characteristics

of each stock on the estimated loadings at Step 2, we find the slope in Eq. (2.3) (again, up

to a multiplicative factor that is the same for all stocks), which coincides with the current

demeaned expected return on the stock.

Note that �a
t and µ̂it are determined only by realized returns on all stocks at time t and

all characteristics of all stocks at times t and t � 1. Obviously, all needed information is

available when the expected returns are estimated. Hence, the procedure does not su↵er

from a look-ahead bias and all computations are performed in real time.

The following Proposition states one of the main econometric results of our paper.
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Proposition 1 If Assumptions 1 – 4 hold, the described two-step procedure (HCF) asymp-

totically reveals the cross section of expected stock returns up to an unobservable time-varying

factor Ft, which is the same for all stocks, i.e.,

plim
A!1

plim
N!1

µ̂it = Ft(µit � µt), where Ft =
⇤t�1,t

⇤t�1,t�1Vt�1
,

and ⇤t�1,t, ⇤t,t, and Vt�1 are defined in Assumptions 1 and 2.

Proof. See Appendix A.

Proposition 1 implies that when the number of stocks and characteristics is su�ciently

large, the HCF estimates µ̂it contain all information about the cross-sectional dispersion

of expected stock returns up to a scaling factor. Thus, asymptotically the cross-sectional

ranking of stocks based on µ̂it coincides with that of based on µit and sorting stocks into

portfolios using µ̂it should deliver the highest dispersion of future realized portfolio returns.

For further analysis, we introduce matrix notation. Denote by Rt, µt�1, and "t the

N ⇥ 1 matrices of all realized returns at time t, all expected returns at time t � 1, and

all unexpected returns at time t, respectively. The vector of HCF estimates of expected

returns at time t is µ̂t. The N ⇥ A matrix Xt contains all characteristics available at time

t and the characteristic loadings are denoted by the 1⇥A vector �t. The N ⇥A matrix of

returns-unrelated components of the characteristics is denoted by ut.

We previously described the HCF procedure as a sequence of OLS regressions. How-

ever, when all characteristics are available for all stocks, µ̂it admits an explicit analytical

representation, which is given by Proposition 2.

Proposition 2 The vector µ̂t can be found as

µ̂t = N(R0
tMNXt�1MAX

0
t�1MNRt)

�1XtMAX
0
t�1MNRt, (2.4)

where MN and MA are standard projectors on the spaces orthogonal to N - and A-dimensional
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vectors of ones ◆N and ◆A:

MN = IN � 1

N
◆N ◆0N , MA = IA � 1

A
◆A◆

0
A.

IN and IA are identity matrices of the sizes N and A, respectively.

Proof. See Appendix A.

Proposition 2 implies that µ̂t is proportional to XtMAX 0
t�1MNRt, so this matrix com-

pletely describes the cross section of stock returns (N(R0
tMNXt�1MAX 0

t�1MNRt)�1 is an

irrelevant scalar because µ̂t estimates µt up to a multiplicative factor). This observation

reduces the computational intensity of the procedure and facilitates the simulation analysis

discussed below.

To predict the dispersion of returns at time t + 1, the baseline procedure needs only

realized returns at time t and characteristics measured at times t and t � 1. However, in

practice much longer time series of characteristics and returns are available and they can

be exploited in two ways.

First, we can use time series averages of �a
s , s  t, instead of �a

t at Step 2 when the

relation between characteristics and expected returns has a particular time series pattern.

For example, when �at does not vary over time (�at = �a), it is natural to average �a
s from all

previous periods. Because �a
t is a proxy for �at , an average of them is a better estimate for �a

and its use improves the precision of the estimates µ̂it. To some extent, the averaging of �a
s

is similar to averaging of cross-sectional regression slopes in the Fama-MacBeth approach.

In the main part of our empirical analysis, we average �a
s computed at the same calendar

month in all previous years as well as the most recent �a
t . There is evidence of a seasonal

variation in the factor risk premia (Keloharju et al., 2013), which is taken into account by

the suggested averaging in the absence of seasonal variation in firm characteristics.

The second way to incorporate the time series of characteristics in our analysis is to use

past realizations of them Xa
it�s, s = 1, . . . , L� 1 on par with Xa

it as additional observables
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(if Assumptions 2, 3, and 4 hold for them). When they contain information about future

returns, it will be naturally incorporated in the estimates of expected returns. This exten-

sion becomes possible not only due to the availability of past characteristics but also due

to the nature of the HCF procedure, which benefits from a large number of observables. In

our empirical analysis, we examine the extension of the model with lagged characterisitcs

among other robustness tests.

B. HCF and alternative aggregation techniques

The most common approach to estimating expected returns from multiple characteristics

is to use fitted values from the Fama-MacBeth regression (e↵ectively, a cross-sectional OLS

regression) of realized returns on all available characteristics (e.g., Haugen and Baker, 1996;

Chan et al., 2009; Lewellen, 2013). On the one hand, the OLS regression, which does not

rely on any factor structure of the characteristics, is more robust and may deliver consistent

estimates even when the assumptions of our model are violated and HCF may demonstrate

poor performance. On the other hand, HCF has several advantages over OLS, which become

particularly pronounced when the number of characteristics is large.

The key assumption of our approach is that all characteristics are proxies to the same

beta, so there is only one factor in the space of all characteristics that is related to expected

returns. This restriction is formalized by Eqs. (2.1) and (2.3) together with Assumptions

3 and 4 and the returns-related factor is denoted by µit. Even though there may exist

multiple factors in the characteristic space and there are no restrictions on the covariances

of the characteristics, our assumption puts more structure on the model than the standard

linear regression does. When our assumption actually holds, HCF explicitly exploits it and

is likely to provide asymptotically more e�cient estimates than the OLS regression.

HCF is particularly advantageous over OLS when the number of characteristics is large.

The coe�cients of the OLS regression ( 1
NX 0

t�1Xt�1)�1( 1
NX 0

t�1Rt) e↵ectively require the

estimation of the variance-covariance matrix of all regressors (the term 1
NX 0

t�1Xt�1), whose

size grows with the number of characteristics as A2. When A is relatively large, the estimate
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becomes imprecise and even degenerate when there are more characteristics than stocks.11

In contrast, HCF does not involve the variance-covariance matrix of all characteristics but

estimates only the loadings �at and expected returns themselves. As a result, it even benefits

from a large number of characteristics. Meanwhile, when there are only few characteristics,

the estimates of their common component may be imprecise and HCF may be dominated

by OLS.

Another detrimental consequence for the OLS regression from including 1
NX 0

t�1Xt�1 is

the inability to deal with highly correlated characteristics due to the multicollinearity prob-

lem. As a result, a researcher should make a judgement about which characteristic among

those that are highly correlated is the most informative about returns and use only this

characteristic in the regression. HCF does not have this limitation and can simultaneously

handle multiple highly correlated signals about returns.

The OLS regression also has an undesirable requirement that all characteristics are

available for each stock. This is a very restrictive condition because the elimination of

stocks with missing characteristics significantly reduces the sample size.12 In contrast,

HCF can naturally handle stocks with only few characteristics. Indeed, in the first step

of HCF the characteristics are used one by one and, hence, all stocks for which the given

characteristic is available are involved in the estimation. As a result, the estimates of �a
s

are based on the maximum amount of information. The second step of our procedure runs

a regression of all characteristics available for the given stock at the given moment on the

slopes of these characteristics obtained at the first step. This is again a univariate regression

in which the number of characteristics corresponds to the number of observations. If several

characteristics are missing for the given stock, this simply reduces the sample size in the

regression (and possibly the precision of the inference) but does not prevent running the

11The techniques designed to deal with a large number of regressors include sliced inverse regression
(e.g., Li, 1991), and sparse regression models (e.g., Huang et al., 2008; Belloni et al., 2011). The
methods of forecasting a single time series when there are many predictors are reviewed by Stock
and Watson (2006).

12To alleviate this problem, it is common to impute missing observations by assigning cross-
sectional averages of nonmissing observations to them (e.g., Haugen and Baker, 1996; Green et al.,
2014).
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regression as in the case of OLS regressions of returns on all characteristics.

The objective of HCF to estimate a common component from a set of characteristics

resembles the objective of factor analysis. However, these techniques are di↵erent in terms of

their applicability as well as their outcomes. Factor analysis uses the covariance structure of

characteristics only, so it may reveal a factor that explains the commonality in characteristics

but is silent about expected returns. In contrast, HCF by construction focuses only on

the common component in characteristics that is related to future returns, even though

there may exist other factors in characteristics that strongly a↵ect the correlations between

the characteristics themselves. Because of that, HCF and factor analysis generally would

deliver di↵erent estimates for expected returns and those provided by factor analysis are

inconsistent unless the characteristics are described by a one-factor model.

The HCF procedure also bears some relation to a partial least squares regression (PLS).13

Similar to the main framework of PLS, the dependent variable (realized returns) and in-

dependent variables (characteristics) are related to each other through a latent structure

(expected returns). However, in contrast to the classic PLS technique, our results rely on the

availability of a large number of observables. Our procedure also resembles the three-pass

regression filter developed by Kelly and Pruitt (2012b) but has a di↵erent objective: HCF

uncovers the cross-sectional distribution of unobservable expected stock returns whereas

the three-pass regression filter is designed to find the best predictor for a single time series

from a long history of multiple observables.

C. Simulation analysis

Our theoretical results establish the behavior of the HCF estimator for a large number

of characteristics and stocks. To examine its finite sample properties and dependence of its

quality on model parameters such as the signal to noise ratio of observables and the distri-

bution of the slopes �at , we use Monte Carlo simulations. We also compare the performance

of our estimator with that of fitted OLS values and factors revealed by the factor analysis

13Various aspects of PLS are presented in Vinzi et al. (2010).
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and illustrate how an increase in the number of anomalies improves the performance of

HCF.

We assume that the cross-sectional distribution of expected returns is normal with the

mean of 1% and the standard deviation of �(µi) = 0.8%. This calibration is in the ballpark

of the estimates obtained for actual monthly expected returns on stocks (e.g., Lewellen,

2013). Unexpected returns "i are assumed to be normally distributed with the zero mean

and the standard deviation of 10%, which is the order of magnitude for monthly volatility

of individual stock returns. In the baseline analysis we ignore the cross-sectional correlation

of unexpected returns and model them as i.i.d. shocks.

It is harder to calibrate the loadings of characteristics �at and the distribution of the

returns-unrelated components uait. Given that the relations between characteristics and

expected returns tend to be relatively stable, we set �at�1 = �at = �a. We also assume that

the distribution of �a is normal with the unit mean and the standard deviation of ��. To

examine how �� a↵ects the quality of the HCF estimates, we consider three specifications for

it: �� = 0.5, �� = 1, and �� = 2. The components uait have a normal distribution as well with

the zero mean. In the simplest case, they are independent across characteristics and across

stocks. The standard deviation of uait determines the informativeness of characteristics

about expected stock returns. However, this informativeness is also a↵ected by the realized

�a (for each characteristic a, the signal-to-noise ratio is ✓a = �(�aµi)/�(uait)). To separate

these two e↵ects, we set �(uait) = |�a|�(µi)/✓ and consider three values for the parameter ✓:

0.2, 0.5, and 1.

To study the impact of the number of observations and characteristics on the HCF

performance, we examine various combinations of N and A. In particular, we consider 100,

500, 1, 000, and 3, 000 as the values of N and 10, 50, 100, and 500 as the values of A.

For each combination of the model parameters and for the chosen N and A, we generate

B = 1, 000 pseudo-samples of characteristics Xa
it�1, X

a
it, and returns Rit, and compute the

HCF estimates of expected returns µ̂(b)
i , b = 1, . . . , B.

As a metric of the estimation precision, we use an average cross-sectional correlation
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between the estimated expected returns µ̂(b)
i and the actual expected returns µi. In particu-

lar, we compute ⇢(b) = corr(µ̂(b)
i , µ(b)

i ) for each simulated sample b = 1, . . . , B and then find

their average: ⇢ =
PB

b=1 ⇢
(b)/B. Note that the correlation is the most appropriate metric in

our framework because HCF reveals expected returns up to a multiplicative factor, which

has no e↵ect on the correlations. The average correlations obtained by HCF in the baseline

model are reported in Table 2.1.

Table 2.1 delivers several observations. First, the quality of the HCF estimates unam-

biguously increases with the number of characteristics. For example, when �� = 1, ✓ = 0.5,

and N = 1, 000 the correlation of the HCF estimates with the true values increases from

0.48 to 0.97 as A increases from 10 to 500. Moreover, HCF provides reasonable estimates

even when A exceeds N .

Second, Table 2.1 shows how the quality of the HCF estimates depends on the disper-

sion of characteristic loadings ��. Because the second step of HCF is a regression of firm

characteristics on the proxies for characteristic loadings, the obtained estimates should be

more precise when the dispersion of the loadings is high. This is clearly demonstrated by

the correlations in Table 2.1. When �� = 0.5 the HCF correlations are relatively small,

especially when only few characteristics are available (they do not exceed 0.13 for A = 10).

However, all HCF correlations are much higher when �� = 2. For example, they increase

from 0.13 to 0.75 when N = 3, 000 and A = 10.

Third, Table 2.1 illustrates the dependence of the HCF correlations on the signal-to-

noise ratio ✓. When ✓ is high, the characteristics are more informative about expected

returns, so the correlations should increase with ✓. This intuition is confirmed by Table 2.1:

the HCF estimates become more precise with ✓. For example, when N = 1, 000 and A = 10

the HCF correlation rises from 0.13 to 0.71 as ✓ increases from 0.2 to 1.

Table 2.1 also compares the performance of HCF and OLS estimates for expected re-

turns, where the latter are obtained by running cross-sectional regressions of realized returns

Rit on the past characteristics Xa
it�1 and using the fitted values based on Xa

it as estimates

for µit. Our results show that in the vast majority of cases the estimates obtained by HCF
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are more precise than those based on OLS and the di↵erence can be dramatic. For exam-

ple, when ✓ = 0.5, �� = 1, N = 1, 000, and A = 500 the HCF correlation is 0.97, whereas

the corresponding correlation of the OLS estimates is only 0.08. Moreover, in contrast to

HCF the quality of the OLS estimates notably decreases with the number of characteristics.

When A exceeds N , OLS estimates do not exist.

The OLS estimates also demonstrate di↵erent dependence on the model parameters. In

stark contrast to the HCF estimates, the OLS estimates have no sensitivity to ��. Even

though both of them become more precise with ✓, the improvement is much less pronounced

for OLS than for HCF, and for the former it almost disappears when the number of char-

acteristics is large. In the case when N = 1, 000 and A = 10 the OLS correlation rises only

from 0.21 to 0.56 as ✓ increases from 0.2 to 1. A similar HCF gain is from 0.13 to 0.71.

Although in the baseline simulations we assume that the realized returns are indepen-

dent, actual returns are strongly correlated with returns on the market being the dominant

common factor. To examine how this correlation a↵ects the quality of the HCF estimates, we

repeat the simulations assuming that the unexpected returns are generated as "i = f " + ⌫i,

where f " is a normally distributed common factor with the zero mean and the standard de-

viation of �(f "). The idiosyncratic unexpected returns ⌫i are also normally distributed with

the zero mean and are uncorrelated with the factor and with each other. We characterize

the importance of the factor by the ratio ✓f = �(f ")/�(⌫i), where �(⌫i) is the standard

deviation of the idiosyncratic component. We consider three values for the parameter ✓f :

0.2, 0.5, and 1. To ensure that the total volatility of returns is the same as in the baseline

case (10%), we set �(f ") = 0.1✓f/
q
1 + ✓2f and �(⌫i) = 0.1/

q
1 + ✓2f . The other parameters

are �� = 1 and ✓ = 0.5.

The correlations between µ̂i and µi in the presence of a factor in unexpected returns are

also reported in Table 2.1. In general, the obtained correlations are similar to those without

the factor and all previous conclusions hold. The only new observation is that the quality

of the estimates tends to increase with the importance of the factor. This finding admits

an intuitive explanation: when the proportion of the volatility of returns attributed to the
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factor is high, the cross-sectional dispersion of realized returns is determined largely by the

cross-sectional dispersion of expected returns rather than by the cross-sectional dispersion of

the realized idiosyncratic returns. Hence, the confounding e↵ect of the unexpected returns

decreases, and the estimates of expected returns become more precise.

A common factor unrelated to expected returns can also be present in the characteristics.

In the next modification, we assume that uait = fu
it + ⌘ait, where fu

it is an additional factor

in the characteristics of stock i uncorrelated with ⌘ait. This factor is normally distributed

with the zero mean and standard deviation �(fu
it). Neither the factors nor the idiosyncratic

components ⌘ait are correlated across stocks or over time. As before, we measure the strength

of the factor by the ratio ✓f = �(fu
it)/�(⌘it), where �(⌘it) is the standard deviation of the

idiosyncratic component. To avoid confounding e↵ects, we assume that the total volatility

of uait is the same for all stocks and characteristics and set �(uait) = 0.05. Note that in

contrast to the baseline specification, �(uait) is assumed to be independent of the realizations

of �a. To maintain the same volatility of uait for di↵erent values of ✓f , the volatilities of

the factor and the idiosyncratic component are chosen as �(fu
it) = �(uait)✓f/

q
1 + ✓2f and

�(⌘it) = �(uait)/
q
1 + ✓2f . As before, we set �� = 1 and consider three values for ✓f : 0.2,

0.5, and 1.

Table 2.2 reports the correlations between actual expected returns and their estimates

obtained by HCF in the presence of an additional factor in characteristics. It shows that

the quality of the HCF estimates tends to increase with the strength of the additional factor

✓f , and this pattern has an intuitive explanation. A common factor in u’s has no e↵ect on

the outcome of the cross-sectional regressions of returns on individual characteristics that

are run at Step 1. However, it reduces the cross-characteristic dispersion of errors uait for

each stock, and this a↵ects the regression slopes at Step 2. When the factor is strong,

the dispersion in observed characteristics of stock i should be largely attributed to the

dispersion of factor loadings rather than to the errors uait. As a result, the regression slope,

which is proportional to the expected return on stock i, is estimated more precisely, and

this explains the increase in the correlation between µ̂i and µi.
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Table 2.2: Simulations: HCF and Factor Analysis

This table shows average cross-sectional correlations between the estimated expected returns µ̂i and

the actual expected returns µi. The estimates are obtained using HCF and factor analysis. The errors

ua
i have a one-factor structure. N is the number of stocks, A is the number of available characteristics,

and the parameter ✓f measures the contribution of the factor in the dispersion of returns-unrelated

components of the characteristics. In all simulations we set �� = 1 and �(ua
it) = 0.05. All other

model parameters are specified in Section 2.2.

N A HCF factor analysis

✓f = 0.2 ✓f = 0.5 ✓f = 1 ✓f = 0.2 ✓f = 0.5 ✓f = 1

100 10 0.04 0.06 0.10 0.39 0.30 0.21

50 0.13 0.15 0.21 0.67 0.36 0.23

100 0.15 0.18 0.28 — — —

500 10 0.12 0.13 0.19 0.47 0.32 0.21

50 0.26 0.30 0.40 0.68 0.36 0.23

100 0.35 0.40 0.52 0.72 0.36 0.23

1000 10 0.15 0.19 0.27 0.48 0.32 0.22

50 0.34 0.39 0.53 0.69 0.36 0.23

100 0.46 0.52 0.65 0.73 0.37 0.23

3000 10 0.24 0.28 0.39 0.49 0.31 0.22

50 0.50 0.56 0.70 0.68 0.36 0.23

100 0.64 0.69 0.81 0.73 0.37 0.23

Under our assumption that there is only one factor related to expected returns, a viable

alternative to HCF could be extracting the common factor from the characteristics by factor

analysis and considering it as a proxy for expected returns. This approach would obviously

provide consistent estimates when there is only one factor in characteristics that corresponds

to expected returns (i.e., the errors uait are uncorrelated across characteristics), although

it is more computationally intensive than HCF, especially when the number of available

characteristics is large. However, when the characteristics contain several common factors

(e.g., there is also a common factor in uait for each stock), the comparison of HCF and

factor analysis is nontrivial. On the one hand, HCF extracts only the factor related to

expected returns and ignores all others. On the other hand, HCF uses realized returns

and characteristics from the past period, so when returns-unrelated factors are weak it may

be less precise than factor analysis, which extracts the factor directly from the current
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characteristics.

To compare HCF and factor analysis, we augment Table 2.2 with the correlations be-

tween actual expected returns and their estimates obtained by factor analysis in the presence

of an additional factor in characteristics. A comparison of these estimates with their HCF

analogs reveals that factor analysis produces more precise estimates than HCF when the

common factor in the errors uait is weak (when ✓f is low) but tends to underperform when

the common factor is strong. Indeed, when the relation to expected stock returns is the

main source of correlations between characteristics of a stock, the factor analysis uncovers

the common component associated with expected returns relatively precisely. However,

when the returns-irrelevant factor in characteristics is strong, it erroneously dominates the

estimate of expected returns produced by factor analysis and makes the estimate less pre-

cise. In contrast, HCF uncovers only the common factor in characteristics that contains

information about future returns and ignores all others.

Table 2.2 also demonstrates how the quality of the HCF and factor analysis estimates

changes with the number of stocks and characteristics. Not surprisingly, both of them

become more precise as N grows, but the e↵ect is stronger for the HCF estimates: they are

consistent and tend to converge to the true values, whereas the factor analysis estimates

are misspecified. A similar pattern holds for the number of available characteristics A.

2.3 Empirical analysis

In this section, we illustrate how HCF works for real data by applying it to 26 firm

characteristics that are known to be related to expected stock returns.

A. Data

Our data come from standard sources. Stock returns, stock prices, and the number of

shares outstanding are from CRSP monthly files, while accounting data are from Compustat

Fundamentals annual files. We exclude financial firms (SIC code between 6000 and 6999)

from the sample and consider only NYSE, AMEX, and NASDAQ firms with common stocks
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(SHRCD=10 or 11). We take accounting data used for the construction of characteristics

in calendar year t from the statements with the fiscal year end in year t � 1. Returns are

monthly stock returns with dividends adjusted for delisting.

As signals about future stock returns, we use 26 variables that are associated with

prominent asset pricing anomalies. Broadly speaking, they can be classified into six groups.

The first group contains value-related characteristics such as size (S), book-to-market ratio

(B/M), earnings-to-price ratio (E/P ), cash flow-to-price ratio (C/P ), and dividend-to-price

ratio (D/P ). The second group includes returns-based variables such as market beta (B),

momentum (MOM), long-term reversal (LTR), idiosyncratic volatility (IdV ol), maximum

daily return over the past month (MAX), and expected idiosyncratic skewness (EIS).

The third group contains growth-related characteristics such as total asset growth (AG),

abnormal capital investments (CI), investment growth (IG), investment-to-capital ratio

(I/K), investment-to-assets ratio (I/A), accruals (ACC), net operating assets (NOA), net

stock issues (NS), and composite stock issuance (◆). The fourth group contains returns on

equity (ROE) and returns on assets (ROA), which capture the profitability of the firm. The

fifth group includes leverage (LV ) and O-score (O), which are distress-related variables. The

last group contains turnover (TO) and analysts’ forecasts dispersion (D). The construction

of each characteristic is described in Appendix B.

B. Individual characteristics

We start our analysis with examination whether the selected characteristics are individ-

ually related to expected stock returns. We sort stocks with respect to each characteristic,

form decile portfolios, and compute average monthly returns on them. The portfolios based

on the value-related and growth-related characteristics (except size) as well as on leverage

are formed once a year at the end of June. They are held for one year and rebalanced at the

end of next June. The portfolios based on size, turnover, analysts’ forecasts dispersion, and

all returns-based variables are created at the end of each month. The quarterly rebalancing

applies to the portfolios based on return on assets and O-score.

66



We focus on the di↵erence in returns on top and bottom decile portfolios, which is

referred to as a hedge return. To identify the role of small stocks, we compute both equal-

weighted and value-weighted returns. Table 2.3 reports the results.

Table 2.3: Individual Characteristics

This table reports statistical properties of hedge returns defined as a di↵erence in monthly returns

on top and bottom decile portfolios formed by 26 firm characteristics. All variables are named in

Section 2.3.A. and their construction is described in Appendix B. Means and standard deviations of

returns are multiplied by 100.

Panel A: Equal-Weighted Portfolios

S B/M E/P C/P D/P B MOM LTR IdV ol MAX EIS ROE ROA

Means -1.88 1.31 0.75 0.93 0.12 -0.61 1.64 -1.11 -0.86 -0.76 0.25 -0.27 1.22

Stds 7.58 4.40 3.43 3.88 4.23 6.72 5.76 5.84 6.36 7.41 7.99 2.56 6.42

t-stats -5.94 7.16 5.25 5.75 0.68 -2.17 6.82 -4.58 -3.24 -2.46 0.56 -2.50 4.07

AG CI IG I/K I/A ACC NOA NS ◆ LV O TO D

Means -1.13 -0.34 -0.73 -0.61 -1.10 -0.57 -1.02 -0.41 -0.67 0.93 -0.71 -0.65 -0.70

Stds 3.70 2.24 2.36 4.19 3.00 2.93 4.05 2.44 4.86 5.44 5.02 5.11 4.38

t-stats -7.30 -3.68 -7.37 -3.48 -8.79 -4.67 -6.02 -4.03 -3.13 4.11 -3.00 -3.06 -3.31

Panel B: Value-Weighted Portfolios

S B/M E/P C/P D/P B MOM LTR IdV ol MAX EIS ROE ROA

Means -1.31 0.65 0.66 0.50 0.07 0.04 1.46 -0.39 -0.85 -0.75 -0.78 -0.20 0.88

Stds 7.24 5.15 4.94 5.01 5.57 7.39 7.17 6.15 7.06 7.64 6.48 3.66 6.05

t-stats -4.33 3.04 3.21 2.39 0.32 0.12 4.87 -1.52 -2.87 -2.36 -2.12 -1.28 3.10

AG CI IG I/K I/A ACC NOA NS ◆ LV O TO D

Means -0.34 -0.29 -0.45 -0.28 -0.63 -0.41 -0.41 -0.42 -0.61 0.54 -0.28 -0.12 -0.34

Stds 3.88 3.53 3.70 6.46 3.24 4.50 4.25 3.01 4.25 5.83 4.93 5.30 5.62

t-stats -2.08 -1.95 -2.91 -1.02 -4.67 -2.19 -2.29 -3.38 -3.27 2.22 -1.20 -0.55 -1.24

Overall, Table 2.3 confirms that the large majority the 26 characteristics contain in-

formation about future returns. Panel A shows that only two variables (D/P and EIS)

fail to produce statistically significant hedge returns on equal-weighted portfolios, whereas

t-statistics of 21 variables exceed 3. The variation in the t-statistics across the character-

istics is driven by the dispersion both in expected returns (they vary from 0.12% for the

dividend-price ratio to 1.88% for size) and in the volatilities of hedge returns (they range

from 2.24% for abnormal capital investments to 7.99% for expected idiosyncratic skewness).
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In the considered sample, the widest dispersion of returns is produced by size, momentum,

and book-to-market ratio.14 Returns on 21 characteristics exceed 50 basis points per month.

Consistent with the literature, Panel B shows that the hedge returns tend to be smaller

when computed for value-weighted portfolios and even become statistically insignificant for

seven variables (B, LTR, ROE, I/K, O, TO, and D). Except ROE, the decrease in t-

statistics is produced by lower expected returns rather than higher volatility of returns. In

contrast to other variables, the absolute value of the spread increases for expected idiosyn-

cratic skewness and it even becomes statistically significant for value-weighted portfolios.

The highest spread in value-weighted returns is again generated by size and momentum.

C. Filtered expected returns: main results

To aggregate information on expected stock returns contained in multiple characteristics,

we apply the HCF procedure. In the baseline analysis, we assume that there is only one

factor in the characteristic space that is related to expected returns, so the estimates of

expected returns µ̂it are constructed using the two-step procedure described in Section

2.2.A. These estimates can be viewed as new firm characteristics and we refer to them as

filtered expected returns.

We introduce two types of filtered expected returns. First, we construct a variable that

aggregates information from all 26 characteristics discussed above and denote it as AFER

(the abbreviation stands for “aggregate filtered expected returns”). Under our assumptions

this is exactly the characteristic that investors should use to build portfolios with the highest

dispersion of expected return.

By construction, HCF reveals the common component in the characteristics that is re-

lated to stock returns. Hence, it helps to examine whether a group of anomalies have a

common origin (in the absence of a common component filtered expectations cannot predict

14Note that the size premium is larger than usually reported in the literature (e.g, Fama and
French, 1992; Fama and French, 2008) because for consistency with other anomalies the size deciles
are based on all stocks, not only the NYSE stocks. As a result, the bottom portfolio contains
predominantly tiny stocks and delivers particularly high returns.
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returns). We conduct such an analysis on the growth-related firm characteristics to investi-

gate whether various growth anomalies capture di↵erent aspects of the same phenomenon.

Our list of growth-related variables includes total asset growth, abnormal capital invest-

ments, investment growth, investment-to-capital ratio, investment-to-assets ratio, accruals,

net operating assets, net stock issues, and composite stock issuance.15 The resulting char-

acteristic is dubbed GFER, which is an abbreviation for growth-based filtered expected

returns.

In the practical implementation, we augment the two-step procedure with several ad-

ditional conventions. First, we use averaged �a
s in Step 2 that are adjusted for a seasonal

variation in the strength of anomalies, i.e., for predicting returns in a particular calendar

month we average �a
s computed for the same calendar months in the past and the most

recent �a
s from the previous month.16 Second, we run the regression at Step 2 only if the

sample of available characteristics of firm i contains at least four data points. Otherwise, the

expected return for firm i in the given period is deemed unavailable. The average returns on

decile portfolios formed by AFER and GFER are reported in Table 2.4. As for individual

anomalies, we compute both equal-weighted and value-weighted portfolio returns.

Table 2.4 provides several observations. Most importantly, it shows that the returns on

the AFER portfolios monotonically increase with the portfolio number and the di↵erence

in returns on top and bottom portfolios is highly statistically significant. In particular,

the spread is 3.51% per month with the t-statistic of 11.18 for equal-weighted portfolios

and 2.29% per month with the t-statistic of 7.02 for value-weighted portfolios. This result

has two implications. First, it indicates that the characteristics indeed have a common

component related to expected stock returns, so there is commonality in the considered

anomalies. Second, the hedge returns on AFER substantially exceed those on individual

anomalies (cf. Table 2.3) and tend to have higher t-statistics, implying that high expected

15We recognize that our asymptotic results are not directly applicable in a setting with nine char-
acteristics. The obtained estimates of expected returns are likely to be noisy and su↵er from various
finite sample biases. Nevertheless, the ability of the constructed estimates to predict returns out of
sample would indicate the presence of the common returns-related component in the characteristics.

16We examine the sensitivity of our results to this assumption in Section 2.3.D..
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Table 2.4: Decile Portfolio Returns on AFER and GFER Portfolios

This table shows averages of monthly equal-weighted and value-weighted stock returns on decile

portfolios formed by sorting firms on the filtered expectations. The last two columns report the

di↵erence between returns on portfolio 10 and portfolio 1 and its t-statistic. AFER and GFER

stand for aggregate filtered expected returns and growth-based filtered expected returns, respectively.

The sample is from January 1970 to December 2012. All returns are reported in percentage points.

Panel A: Equal-Weighted Portfolios

1 2 3 4 5 6 7 8 9 10 (10-1) t-stat

AFER -0.66 0.10 0.64 0.95 1.14 1.39 1.68 1.96 2.16 2.84 3.51 11.18

GFER 0.47 0.88 1.11 1.15 1.37 1.38 1.54 1.63 1.68 1.66 1.19 7.05

Panel B: Value-Weighted Portfolios

1 2 3 4 5 6 7 8 9 10 (10-1) t-stat

AFER -0.54 0.06 0.51 0.70 0.94 1.16 1.15 1.44 1.57 1.75 2.29 7.02

GFER 0.62 0.84 0.85 1.02 0.94 1.00 1.02 1.09 1.11 1.08 0.46 2.34

returns are generated without a commensurate increase in the volatility of returns. This

means that various firm characteristics indeed contain complementary information about

stock returns, and the HCF procedure reveals it.

Similar to AFER, the dispersion of returns produced by GFER is statistically de-

tectable using both equal-weighted and value-weighted portfolios. Thus, the chosen charac-

teristics do have a common returns-related component, so various growth-associated anoma-

lies are likely to have the same origin. However, GFER does not generate hedge returns

that are larger than those on its individual components. For example, the spread on equal-

weighted decile portfolios for GFER is 1.19%, whereas the spread produced by total asset

growth alone is 1.13%. A similar pattern is observed for value-weighted portfolios: the

hedge returns on GFER are 0.46%, so they are comparable to those on AG (0.34%) and

even lower than on I/A (0.63%) and ◆ (0.61%). This lack of improvement can occur for

several reasons. First, di↵erent components of growth might not contain complementary

information about future returns. Second, the model may be misspecified due to nonlinear-

ities in the relations between characteristics and returns, and the misspecification reduces

the forecasting power of filtered expected returns. Third, the HCF procedure may be im-
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precise due to a small number of growth characteristics and noisy estimates of expected

returns do not reveal complementary information from various characteristics. To identify

the exact reason, more research is needed.

D. Robustness tests

Our baseline analysis shows that HCF does a good job aggregating information from

various firm characteristics. In this section we explore whether this conclusion is sensitive

to details of the HCF procedure.

In the main analysis the slopes �a
s from the first step regressions are averaged across

periods corresponding to the same calendar month to take into account the seasonal vari-

ation in the risk premia. Panel A of Table 2.5 shows equal-weighted and value-weighted

hedge returns for alternative specifications in which we average �a
s obtained i) in the past 5

years, ii) in the past 10 years, and iii) in all past years. For GFER, the hedge returns are

consistent across the specifications indicating again that the growth-related characteristics

have a common returns-related component but do not contain complementary information.

In contrast, the results for AFER are weaker for alternative specifications, although the

hedge returns are still highly statistically significant. This observation suggests that the

commonality in anomalies inherits seasonal variation from the factor risk premia and the

averaging of slopes from the same calendar month takes this into account. The hedge re-

turns and t-statistics tend to increase with the length of the averaging period for �a
s , so the

procedure clearly benefits from time series averaging at Step 1.

The next modification of the estimation procedure pertains to the specification of cross-

sectional regressions that we run at Step 1. In the baseline case, we use individual stocks.

However, extreme realizations of characteristics or returns may a↵ect the estimated slopes

�a
t and, as a result, decrease the precision of µ̂t obtained at Step 2. One of possible remedies

is to sort stocks into P portfolios with respect to each characteristic and then run a regression

of average portfolio returns on average values of the characteristics in the portfolios.17 We

17The idea to run cross-sectional regressions on portfolios goes back to Black et al. (1972) and
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Table 2.5: Alternative Specifications

This table shows the di↵erences in monthly returns on top and bottom equal-weighted (EW) and

value-weighted (VW) decile portfolios formed by the filtered expectations constructed in several

alternative ways. In Panel A the estimates are constructed using alternative averaging of �a over

time. In Panel B the expectations are constructed by running cross-sectional regressions at Step

1 on P portfolios rather than on individual stocks. In Panel C observables include K lags of each

characteristic. In Panel D the observables include characteristics as well as all possible quadratic

terms constructed from them. AFER and GFER stand for aggregate filtered expected returns and

growth-based filtered expected returns, respectively. All returns are reported in percentage points.

The sample is January 1970 – December 2012 in Panels A, B, and D and January 1975 – December

2012 in Panel C.

Panel A: Alternative time series averaging of �a

Hedge returns t-stats

5 years 10 years all same month 5 years 10 years all same month

AFER, EW 1.87 2.11 2.36 3.51 7.28 9.59 9.93 11.19

AFER, VW 1.30 1.28 1.60 2.29 4.62 4.85 6.10 7.02

GFER, EW 1.03 0.97 0.97 1.19 5.56 5.56 5.88 7.06

GFER, VW 0.48 0.38 0.37 0.46 2.51 1.95 1.97 2.34

Panel B: Cross-sectional regressions on portfolios

Hedge returns t-stats

P = 20 P = 50 P = 100 P = 200 P = 20 P = 50 P = 100 P = 200

AFER, EW 3.49 3.47 3.44 3.46 11.15 10.99 10.89 10.96

AFER, VW 2.32 2.26 2.22 2.22 7.08 6.89 6.89 6.96

GFER, EW 1.25 1.30 1.29 1.23 7.30 7.57 7.31 7.00

GFER, VW 0.55 0.55 0.61 0.59 2.81 2.66 3.09 2.81

Panel C: Alternative number of lags

Hedge returns t-stats

K = 1 K = 6 K = 12 K = 24 K = 1 K = 6 K = 12 K = 24

AFER, EW 3.51 3.27 3.16 3.12 11.19 9.99 9.92 9.78

AFER, VW 2.29 2.34 2.00 1.94 7.02 7.17 6.12 6.13

GFER, EW 1.19 1.15 1.16 1.22 7.06 8.34 8.56 9.11

GFER, VW 0.46 0.79 0.75 0.81 2.34 4.56 4.52 4.92

Panel D: Nonlinear specification

Hedge returns t-stats

AFER, EW 3.51 12.94

AFER, VW 2.27 7.67

GFER, EW 1.17 8.65

GFER, VW 0.73 4.43
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consider the cases P = 20, P = 50, P = 100, and P = 200. To ensure that each portfolio

contains at least several stocks, the sample starts in January 1975. The hedge returns and

their t-statistics are presented in Panel B of Table 2.5.

Our results show that regressions on portfolios at Step 1 produce almost the same

decile hedge returns and their t-statistics as regressions on individual stocks. For example,

the spread on AFER for equal-weighted portfolios in the case P = 20 is 3.49%, which is

almost identical to 3.51% reported in Table 2.4. Similar conclusions hold for value-weighted

portfolios. The GFER value-weighted portfolios tend to produce slightly higher hedge

returns and t-statistics when portfolios are used at Step 1, although the improvement is

small. Thus, either outliers do not distort Step 1 regressions or the robustness gain brought

by portfolios is o↵set by the loss in e�ciency produced by decrease in the characteristic

dispersion that results from portfolio formation (Ang et al., 2008).

In general, not only current characteristics can contain information about future returns

but also their lags.18 To take this possibility into account, we consider all characteristics

from K previous periods as signals about future returns, where K = 6, K = 12, and

K = 24. The baseline specification corresponds to K = 1. Note that many variables are

revised quarterly or annually, so when taking characteristics from K periods we have less

than 26K di↵erent signals. Overall, Panel C of Table 2.5 demonstrates that the choice of K

only weakly a↵ects the size of hedge returns and its statistical significance. In particular, the

dispersion of returns produced by AFER slightly decreases with K, whereas the returns on

GFER are stable for equal-weighted portfolios and increase for value-weighted portfolios.

The former e↵ect is likely to be explained by the increase in the number of weak signals

about expected returns when distant lags of characteristics are added to the model. As a

result, the dispersion of characteristic loadings ⇤t, t shrinks, and this makes the estimates

µ̂it less precise. In contrast, the growth-related characteristics are more stable over time

Fama and MacBeth (1973), where portfolios are formed to mitigate the errors-in-variables problem
in the estimated betas.

18For example, Novy-Marx (2012) argues that momentum is largely driven by returns realized
7–12 months prior to portfolio formation.
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and preserve their informativeness about expected returns on longer horizons.

The theoretical literature suggests that one of the reasons why both betas and char-

acteristics appear to be related to stock returns is a nonlinear relation between them. To

take into account this possibility, we consider a specification of the model in which observ-

ables include the characteristics and all possible quadratic terms formed from them. Thus,

AFER and GFER are constructed from 377 and 54 observables, respectively. The corre-

sponding hedge returns are presented in Panel D of Table 2.5. It shows that the presence

of nonlinearities does not change the ability of AFER to predict returns: hedge returns are

almost identical to their counterparts in the baseline specification. The same conclusion

holds for GFER and equal-weighted portfolios although for value-weighted portfolios the

quadratic terms increase hedge returns and the t-statistic. Thus, including the higher order

terms does not hurt our analysis and in some cases may even help to increase the precision

of the estimates.

So far we constructed estimates for expected raw returns. However, many of the consid-

ered characteristics became prominent due to their ability to predict returns adjusted for

risk using the Fama-French three factor model. Because of that, we also consider versions

of aggregate expected returns that are built as predictors of risk-adjusted returns. Such

expectations are denoted as AFER(a) and GFER(a), where a stands for “adjusted”. We

compute risk-adjusted returns r̃it on security i in month t following Brennan et al. (1998)

and Avramov and Chordia (2006):

r̃it = rit � rft � �MKT
i ⇥MKTt � �HML

i ⇥HMLt � �SMB
i ⇥ SMBt.

Individual stock betas are estimated every month by regressing excess stock returns on a

constant and the Fama-French factors. We use the previous 60 months of observations,

requiring that at least 24 months of return data are available. The risk-adjusted portfolio

returns on AFER(a) and GFER(a) are reported in Table 2.6.

Overall, the hedge returns produced by risk-adjusted expectationsAFER(a) andGFER(a)
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Table 2.6: Decile Portfolio Returns on AFER(a) and GFER(a) Portfolios

This table shows averages of monthly equal-weighted and value-weighted stock returns adjusted for

risk using the Fama-French three-factor model for decile portfolios formed by sorting firms on the

filtered expectations AFER(a) and GFER(a). Two last columns report the di↵erence between

returns on portfolio 10 and portfolio 1 and its t-statistic. The sample is from January 1970 to

December 2012. All returns are reported in percentage points.

Panel A: Equal-Weighted Portfolios

1 2 3 4 5 6 7 8 9 10 (10-1) t-stat

AFER(a) -1.49 -0.72 -0.33 -0.14 0.09 0.32 0.47 0.63 0.88 1.49 2.97 12.26

GFER(a) -0.51 -0.24 -0.02 0.07 0.21 0.25 0.32 0.45 0.53 0.31 0.82 6.91

Panel B: Value-Weighted Portfolios

1 2 3 4 5 6 7 8 9 10 (10-1) t-stat

AFER(a) -1.14 -0.68 -0.39 -0.22 -0.08 -0.09 0.07 0.15 0.36 0.53 1.67 7.70

GFER(a) -0.21 -0.13 -0.04 0.09 0.03 0.09 0.09 0.22 0.11 -0.09 0.12 0.87

are smaller than those on AFER and GFER. Nevertheless, the hedge returns on AFER(a)

are still statistically significant for both equal-weighted and value-weighted portfolios and

their t-statistics are even higher than in the case of raw returns. The results are di↵erent for

GFER(a): although the spread in returns is still statistically significant for equal-weighted

portfolios, it almost disappears for value-weighted portfolios. Thus, the Fama-French three

factor model betas largely subsume the explanatory power of growth-related firm charac-

teristics on large stocks.

Although by construction HCF identifies the common component in characteristics that

is related to future returns, there still may exist a concern that high hedge returns on the

AFER portfolios are largely produced by one particulary strong anomaly. To address it, we

sequentially exclude one of the characteristics from the analysis and construct the filtered

expectations using the rest of them. The hedge returns produced by various combinations

of 25 characteristics are reported in Table 2.7.

As expected, the hedge returns on the modified filtered expectations and their t-statistics

are almost the same as in the baseline case with 26 characteristics and this result holds for

both equal-weighted and value-weighted returns. Among all characteristics, the largest
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Table 2.7: Sensitivity of Returns on AFER Portfolios to Individual Characteristics

This table reports the means and t-statistics of equal-weighted and value-weighted hedge returns

defined as a di↵erence in monthly returns on top and bottom decile AFER portfolios formed by

various sets of 25 firm characteristics. The column names indicate the excluded variables. All returns

are reported in percentage points. The sample is from January 1970 to December 2012.

Panel A: Equal-Weighted Portfolios

S B/M E/P C/P D/P B MOM LTR IdV ol MAX EIS ROE ROA

Means 3.21 3.42 3.55 3.53 3.57 3.63 3.45 3.54 3.56 3.28 3.60 3.52 3.56

t-stats 11.68 11.00 11.47 11.37 11.60 11.64 10.96 11.34 11.53 10.36 11.79 11.23 11.50

AG CI IG I/K I/A ACC NOA NS ◆ LV O TO D

Means 3.55 3.54 3.55 3.54 3.53 3.56 3.56 3.51 3.55 3.55 3.40 3.57 3.58

t-stats 11.48 11.47 11.36 11.36 11.32 11.38 11.54 11.22 11.38 11.47 11.33 11.49 11.56

Panel B: Value-Weighted Portfolios

S B/M E/P C/P D/P B MOM LTR IdV ol MAX EIS ROE ROA

Means 1.94 2.34 2.38 2.33 2.42 2.46 2.16 2.48 2.42 2.14 2.34 2.39 2.38

t-stats 6.44 7.32 7.46 7.33 7.56 7.66 6.69 7.57 7.58 6.95 7.35 7.44 7.39

AG CI IG I/K I/A ACC NOA NS ◆ LV O TO D

Means 2.34 2.42 2.39 2.42 2.31 2.38 2.35 2.37 2.41 2.42 2.41 2.40 2.38

t-stats 7.27 7.45 7.46 7.51 7.27 7.29 7.35 7.36 7.51 7.50 7.69 7.51 7.37

impact is produced by exclusion of size but even in this case the decrease in hedge returns

does not exceed 15%. For other characteristics the e↵ect is much weaker. In particular, there

is almost no sensitivity to exclusion of growth-related characteristics and this is consistent

with our previous conclusion that all of them contain very similar information about future

returns.

E. Filtered expected returns in subsamples

Next, we explore the dispersion of expected returns produced by AFER and GFER

within subsamples based on time period, firm capitalization, and idiosyncratic volatility of

stock returns. Each partitioning is motivated by recent literature. Fama and French (2008)

highlight the potential for microcaps to dominate any regression and recommend testing

anomalies with separate regressions for microcaps, small stocks, and big stocks. Ponti↵

(1996, 2006) argues that idiosyncratic volatility can be thought of as a proxy for arbitrage
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costs that dissuade rational arbitrageurs from exploiting mispricing, and that anomalies

therefore are more likely to exist among stocks with high idiosyncratic volatility. Finally,

the consideration of anomalies in di↵erent time periods is motivated by their likely tendency

to become weaker or even disappear after their academic discovery. A number of recent

papers look at these issues and conclude that some anomalies indeed are more pronounced

on small stocks, on stocks with high idiosyncratic volatility, and in earlier time periods.19

Following the literature, we measure the idiosyncratic volatility as the standard deviation

of the error term in the time series regression of daily returns on the Fama-French three

factors. We split all stocks into three groups based on idiosyncratic volatility (low, medium,

high). As breakpoints, we use the 30th percentile and 70th percentile, i.e., the stocks whose

idiosyncratic volatility are below the 30th percentile are in a low group, etc. Because

idiosyncratic volatility is measured on a monthly basis, we rebalance the volatility groups

each month. To form size portfolios, we follow Fama and French (2008) and classify stocks as

microcaps, small stocks, and big stocks. The breakpoints are the 20th and 50th percentiles

of end-of-June market capitalization for NYSE stocks.

Table 2.8 shows the di↵erence in equal-weighted and value-weighted returns on top and

bottom decile portfolios formed by AFER and GFER within various subsamples. The

three panels correspond to the subsamples based on time period, size, and idiosyncratic

volatility, respectively.

Most importantly, the aggregate filtered expected returns preserve their statistical sig-

nificance in all subsamples. In particular, the hedge returns on AFER are remarkably

stable across sample periods, although the t-statistics are lower in the late period. On the

one hand, this result implies that the cross-sectional predictability of returns by AFER is

a real phenomenon, not a statistical fluke specific to a particular time period. On the other

19Fama and French (2008) find that the size anomaly, the value anomaly, the profitability anomaly,
and the asset growth anomaly are mainly produced by small stocks whereas the net stock issues
anomaly, the accruals anomaly, and the momentum anomaly are pervasive across size groups. The
idiosyncratic volatility has been found to a↵ect the strength of book-to-market (Ali et al., 2003),
accruals (Mashruwala et al., 2006), and asset growth (Lipson et al., 2011). A decrease in returns on
various anomalies in the recent period is reported in Horowitz et al. (2000), Schwert (2003), Green
et al. (2011), McLean and Ponti↵ (2012), Chordia et al. (2013), among others.
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Table 2.8: Filtered Expected Returns in Subsamples

This table reports the di↵erences in monthly equal-weighted (EW) and value-weighted (VW) returns

on top and bottom decile portfolios and their t-statistics for the filtered expectations in subsamples.

To denote subsamples we use the following notation. Sample periods: (1) – full sample (January 1970

– December 2012), (2) – early sample (January 1970 – December 1995), (3) – late sample (January

1996 – December 2012); size portfolios: (1) – microcap stocks, (2) – small stocks; (3) – large stocks;

idiosyncratic volatility portfolios: (1) – low volatility, (2) – medium volatility, (3) – high volatility.

AFER is aggregate filtered expected return, GFER is growth-based filtered expected return. All

returns are reported in percentage points.

Sample periods

Hedge returns t-stats

(1) (2) (3) (1) (2) (3)

AFER, EW 3.51 3.51 3.50 11.19 10.12 5.94

AFER, VW 2.29 2.40 2.13 7.02 6.73 3.43

GFER, EW 1.19 1.03 1.43 7.06 6.29 4.16

GFER, VW 0.46 0.51 0.38 2.34 2.41 1.02

Size portfolios Idiosyncratic volatility portfolios

Hedge returns t-stats Hedge returns t-stats

(1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3)

AFER, EW 3.91 1.74 1.09 12.60 6.68 3.97 1.16 2.45 4.43 3.35 10.24 13.18

AFER, VW 3.43 1.71 0.92 11.87 6.49 3.46 0.84 2.00 3.47 3.81 7.01 8.89

GFER, EW 1.18 0.69 0.48 6.63 3.84 3.14 0.40 0.76 1.35 3.28 5.24 5.53

GFER, VW 0.90 0.74 0.20 5.63 4.08 1.16 -0.08 0.64 1.66 -0.48 2.91 5.15

hand, the lower t-statistic is consistent with the evidence in the literature that it is more

di�cult to detect individual anomalies in the recent sample.

Table 2.8 also demonstrates that AFER has more power to predict actual returns for

microcap stocks than for large stocks: it generates 3.91% per month for microcaps and equal-

weighted portfolios but hedge returns drop to 1.09% for large stocks. A similar pattern

is observed for value-weighted portfolios and t-statistics. Also, the dispersion of returns

produced by AFER appears to be wider among high volatility stocks (it reaches 4.43%

for equal-weighted portfolios) than among stocks with low volatility (it is only 1.16% for

equal-weighted portfolios). These results are consistent with the studies that demonstrate

the prevalence of anomalies in small and highly volatile stocks.

The results are partially di↵erent for GFER portfolios. Although hedge returns are

statistically significant in all subsamples for equal-weighted portfolios and demonstrate the
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same dependence on size and idiosyncratic volatility as those produced by AFER, they

become undetectable when computed for value-weighted portfolios in the late period, for

large stocks, and for low volatility stocks. Thus, in contrast to AFER, GFER is a less

robust predictor of returns and its power is likely to be confined to relatively small and

volatile stocks.

F. Estimation of expected stock returns using the Fama-MacBeth regression

As mentioned above, HCF can be inferior to aggregation by the Fama-MacBeth regres-

sion when individual characteristics contain information about future returns that is not

captured by the common component µit. To examine this possibility, we run the Fama-

MacBeth regressions in each month using the history of characteristics and returns available

in that month and construct estimates for expected returns as fitted values. As before, we

separately aggregate all characteristics and only those related to firm growth. For construc-

tion of the Fama-MacBeth fitted values we use four types of averaging of regression slopes

over time that involve data from i) 5-year rolling window, ii) 10-year rolling window, iii)

all history, and iv) the same calendar months. Equal-weighted and value-weighted hedge

returns on decile portfolios formed on the fitted values are presented in Panel A of Table

2.9.

The results for the fitted values are strikingly di↵erent from those for AFER andGFER.

Except for equally-weighted returns on growth-based estimates, the hedge returns produced

by the Fama-MacBeth regression are statistically insignificant and their point estimates can

even become negative. The key reason for this result is a small number of firms for which all

characteristics used in the regression are available, and this problem is particularly severe

when the fitted values are constructed from all characteristics. For example, in the cross-

sectional regression on all characteristics the average number of observations per period is

around 300, which is less then 10% of all firms in the sample. The number of firms for which

all growth-related characteristics are available is larger and on average contains around 1,900

observations. This explains why the fitted values in this case have more predictive power
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Table 2.9: Aggregation with Fama-MacBeth Regressions

This table shows the di↵erences in monthly equal-weighted (EW) and value-weighted (VW) returns

on top and bottom decile portfolios formed by fitted values from Fama-MacBeth regressions of

returns on characteristics. The rows “All” and “Growth” report the results for all characteristics

and growth-related characteristics, respectively. The columns indicate how the regression slopes are

averaged (5-year window, 10-year window, all history, all history with the same calendar month).

Panel A shows the results without imputation of missing data; Panel B shows the results for data

in which cross-sectional averages of the characteristics are substituted for their missing values. All

returns are reported in percentage points.

Panel A: Data without imputation

Hedge returns t-stats

5 years 10 years all same month 5 years 10 years all same month

All, EW 0.20 0.16 0.25 0.20 0.79 0.69 0.96 0.80

All, VW -0.03 0.07 0.32 0.59 -0.10 0.21 0.98 1.81

Growth, EW 0.81 1.13 1.09 0.59 3.22 4.55 4.75 2.24

Growth, VW -0.05 0.05 -0.04 0.19 -0.19 0.19 -0.15 0.59

Panel B: Data with imputation

Hedge returns t-stats

5 years 10 years all same month 5 years 10 years all same month

All, EW 2.03 2.33 2.42 1.32 6.98 9.55 10.90 3.02

All, VW 0.95 1.08 1.24 0.46 2.42 2.81 3.45 1.11

Growth, EW 1.36 1.48 1.45 0.84 5.63 6.72 6.73 3.27

Growth, VW 0.64 0.57 0.46 0.32 2.54 2.38 2.06 1.27

and illustrates an important limitation of the regression compared to HCF, which deals

with missing values much more e�ciently.

The standard solution to the problem of missing observations is imputation of their

values. Following the literature (e.g., Haugen and Baker, 1996; Green et al., 2014), we

assign each missing characteristic its cross-sectional average across all firms for which the

characteristic is available in the same period. The hedge returns produced by the Fama-

MacBeth fitted values based on data with imputations are presented in Panel B of Table

2.9. After the imputation, the hedge returns appear to be much closer to those produced

by AFER and GFER and in the case with all characteristics they have the same order

of magnitude as in Lewellen (2013) and Green et al. (2014). The hedge returns produced

by AFER in our baseline specification are higher than those produced by fitted values,
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although this comparison is ambiguous for GFER. In both cases the comparison is sensitive

to how �a
s is averaged across time periods and the di↵erences in hedge returns are likely to

be statistically insignificant.

Overall, the comparison of HCF and aggregation by the Fama-MacBeth regression re-

veals that the latter heavily relies on imputation of missing values and even after that it

does not produce better estimates of expected returns than HCF. This is another evidence

in favor of our assumption that the characteristics share a common priced component, which

is estimated by HCF.

G. Application: testing asset pricing models

The constructed filtered expected returns can be used for testing asset pricing theories.

Because they produce a high dispersion of expected returns, quintile or decile portfolios

based on them are likely to be good test assets whose returns are hard to explain. Thus,

AFER-based portfolios may help to increase the power of asset pricing tests. To demon-

strate that this is indeed the case, we test the CAPM, the Fama-French three-factor model

(Fama and French, 1993), and the Carhart model (Carhart, 1997) by using the Gibbons

et al. (1989) F -statistic (GRS test) computed for the decile value-weighted AFER portfo-

lios.20 The results are presented in Table 2.10.

Table 2.10: GRS Test

This table shows the results of the GRS test applied to the CAPM, the Fama-French three-factor

model (Fama and French, 1993), and the Carhart model (Carhart, 1997) when the AFER-based

decile portfolios are used as test assets. The first ten columns contain portfolio alphas (in percentage

points); the last two columns report the value of the GRS statistic and its p-value. The sample is

from January 1970 to December 2012.

1 2 3 4 5 6 7 8 9 10 GRS p-value

CAPM -1.69 -1.05 -0.56 -0.35 -0.06 0.18 0.21 0.52 0.69 0.84 8.22 0.0000

FF3 -1.61 -1.08 -0.63 -0.41 -0.17 0.08 0.08 0.40 0.58 0.79 8.15 0.0000

Carhart -1.36 -0.88 -0.45 -0.32 -0.05 0.16 0.16 0.50 0.62 0.88 6.50 0.0000

20The null hypothesis of the GRS test is that all alphas in the time series regressions of excess
returns on the factors are jointly equal to zero.
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Table 2.10 reports alphas from the time series regressions of excess portfolio returns on

the excess market returns (CAPM), on the excess market returns, HML, and SMB (FF3),

and on the excess market returns, HML, SMB, and the momentum factor (Carhart). Also

the table shows the GRS statistics and their p-values. Overall, the patterns in alphas for

all models are similar to those in expected portfolio returns, so the factor betas do not help

to explain the cross section of returns. This conclusion is supported by the GRS statistics

whose p-values show that all three models are unambiguously rejected. More importantly,

the values of the GRS statistics are much higher than those reported in the literature

when the test assets are portfolios formed on the book-to-market ratio, size (e.g., Fama

and French, 1996; Fama and French, 2012), earnings-to-price ratio, cash flow-to-price ratio,

sales rank (e.g., Fama and French, 1996), dispersion of analysts’ forecasts (Diether et al.,

2002) or portfolios of mutually correlated stocks (Ahn et al., 2009).21 Thus, the AFER

portfolios help to increase the power of the GRS test and the considered models are rejected

much more reliably than when more standard test assets are used.

2.4 Conclusion

The analysis of asset pricing anomalies is an important step towards understanding the

cross section of stock returns. However, this analysis is complicated by the large variety of

firm characteristics that appear to be related to future returns. In this paper, we propose a

simple and powerful approach to aggregation of information from these characteristics and

construct new variables (filtered expected returns) whose sorts produce hedge returns that

exceed those on individual anomalies.

Our paper makes both methodological and empirical contributions. On the method-

ological side, we propose a new econometric technique for estimation of expected returns

that explicitly takes into account that the characteristics are proxies for one or several be-

tas and that benefits from a large number of the characteristics. Our approach has several

advantages over the Fama-MacBeth regression (it is more e�cient, it does not require all

21Typically, the GRS statistics do not exceed 4.
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characteristics for all stocks, it easily incorporates highly correlated characteristics) and may

be particularly valuable for analysis of foreign markets with a small number of stocks and

poor information on firm characteristics, where the fitted values from the Fama-MacBeth

regression are likely to be imprecise estimates of expected returns.

On the empirical side, we apply our technique to the US market and find that the hedge

returns produced by expected returns filtered from 26 characteristics are large, highly statis-

tically significant, and exceed the hedge returns produced by individual characteristics. This

result implies that i) there is strong commonality in the considered asset pricing anomalies,

ii) the relations between characteristics and returns are not a statistical fluke (otherwise the

common component in them would not have predictive power), iii) individual characteristics

are likely to contain complementary information about future returns (otherwise the hedge

returns on our estimates would be comparable to those on individual characteristics).

Although our framework and the HCF estimator are developed for aggregation of infor-

mation about expected returns, they may have a much broader applicability. Conceptually,

we propose a general way to uncover cross-sectional attributes of multiple objects having a

large number of signals about each of them. For example, it may be interesting to aggregate

various characteristics of mutual fund or hedge fund managers that are known to be related

to their skill and may contain some information about their future performance. In the

accounting research, our approach can be used for predicting earnings from a large number

of fundamental signals. The application of the HCF estimator in alternative settings is

likely to be an interesting direction for future research.
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APPENDIX A

PROOFS OF ALL PROPOSITIONS

Proof of Proposition 1. The cross-sectional standardization of the characteristics

implies that V ar(Xa
it) = 1 for all a, a = 1, . . . , A. Hence, the slope in the cross-sectional

regression of Rit on Xa
it�1 obtained at Step 1 is

�a
t =

Cov(Rit, Xa
it�1)

V ar(Xa
it�1)

= Cov(Rit, X
a
it�1).

Taking the first limit N ! 1, we have

Cov(Rit, X
a
it�1) = Cov(µit�1 + "it, �

a
t�1(µit�1 � µ̄t�1) + uait�1)

p�! �at�1Vt�1,

where we use Assumptions 1 and 3 along with the independence of "it from all variables

available at time t� 1.

At Step 2, the characteristics Xa
it are regressed on �a

t in the characteristic space for each

stock and the obtained slopes are

µ̂it =
gCov(Xa

it,�
a
t )

gV ar(�a
t )

.

Using the Slutsky’s theorem,

gCov(Xa
it,�

a
t ) = gCov(�at (µit � µ̄t) + uait,�

a
t )

p����!
N!1

gCov(�at (µit � µt) + uait, �
a
t�1Vt�1)

= (gCov(�at�1, �
a
t )(µit � µt) + gCov(uait, �

a
t�1))Vt�1,
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gV ar(�a
t )

p����!
N!1

gV ar(�at�1Vt�1) = gV ar(�at�1)V
2
t�1.

Taking the second limit A ! 1 and applying the rules for probability limits we get

plim
A!1

plim
N!1

µ̂it = plim
A!1

plim
N!1

gCov(Xa
it,�

a
t )

gV ar(�a
t )

= plim
A!1

gCov(�at�1, �
a
t )(µit � µt) + gCov(uait, �

a
t�1)

gV ar(�at�1)Vt�1

=
⇤t�1,t

⇤t�1,t�1Vt�1
(µit � µt).

The computation of the last limit uses Assumptions 2 and 4. After denoting the factor

⇤t�1,t/(⇤t�1,t�1Vt�1) as Ft, we get the statement of the proposition. Q.E.D.

Proof of Proposition 2. The slope in the first step regression is

�a
t = Cov(Rit, X

a
it�1) =

1

N
Xa

t�1
0MNRt,

or in the matrix form,

�t =
1

N
X 0

t�1MNRt.

The slope in the second step regression is

µ̂it = (�0
tMA�t)

�1�0
tMAX

0
it.

Rewriting it in the matrix form and plugging in �t, we get the result:

µ̂t = (�0
tMA�t)

�1XtMA�t = N(R0
tMNXt�1MAX

0
t�1MNRt)

�1XtMAX
0
t�1MNRt.

This completes the proof. Q.E.D.
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APPENDIX B

LIST OF ANOMALIES

This Appendix describes the characteristics used in our analysis.

Size (S). The tendency of small stocks to have higher returns than large stocks was initially

documented by Banz (1981) and Reinganum (1981). Following Fama and French (1992),

S is defined as a logarithm of market capitalization of the firm. The latter is the product

of the share price (CRSP variable PRC) and the number of shares outstanding recorded at

the end of the previous month (CRSP variable SHROUT).

Book-to-market (B/M). The value anomaly is a tendency of value stocks characterized

by high ratios of fundamentals to price to have on average higher returns than growth

stocks, i.e., the stocks with low fundamentals-to-price ratios (i.e., Basu (1977); Rosenberg

et al. (1985)). The book-to-market ratio B/M is one of the value indicators and following

Fama and French (1992) we compute it as a logarithm of the ratio of Book Value over

Market Value. Market Value is equal to CSHO ⇥ PRCH C where CSHO is the number

of shares outstanding and PRCH C is the stock price at the end of the calendar year

t� 1. Book Value is defined as SEQ� (PSTKL, or PSTKRV , or PSTK in this order of

availability) + TXDITC (if not missing), where SEQ is stockholders’ equity (Compustat

item 216), PSTKL is the preferred stock liquidating value (Compustat item 10), PSTKRV

is the preferred stock redemption value (Compustat item 56), PSTK is the preferred stock
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par value (Compustat item 130), and TXDITC is the balance sheet deferred taxes and

investment tax credit (Compustat item 35). If SEQ is missing, CEQ + PSTK is used,

where CEQ is common equity (Compustat item 60). If all previous variables are missing,

AT � LT is used, where AT is total assets (Compustat item 6), and LT is total liabilities

(Compustat item 181).

Earnings-to-price (E/P ). This is another value indicator. Following Basu (1977) and

Basu (1983),

E/P =
IB

ME

where IB is the total earnings before extraordinary items, and ME is the market value

of equity, ME = PRC ⇥ SHROUT , where PRC is the stock price, and SHROUT is

the number of shares outstanding, which are measured at the end of the December of the

previous year. Only firms with positive earnings are included in the sample.

Cash flow-to-price (C/P ). This is one more value indicator. Following Ball (1978),

C/P =
IB + EDP + TXDI

ME

where IB is the total earnings before extraordinary items, EDP is the equity’s share of

depreciation, TXDI is the deferred taxes (if available), and ME is the market value of

equity. EDP = ME
ME+AT�BEDP , where DP is the depreciation and amortization, AT is

the total assets, and BE is the book value of equity, described in the definition of the book-

to-market ratio. ME = PRC ⇥ SHROUT , where PRC is the stock price, and SHROUT

is the number of shares outstanding, which are measured at the end of December of the

previous year. Only firms with positive earnings are considered.
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Dividend-to-price (D/P ). This is the last value indicator that we consider. Following

Litzenberger and Ramaswamy (1982),

D/Pt =

Pt�1
s=t�12(DIV AMTs ⇥ SHROUTs)

MEt�1
,

where DIV AMTs is the dividend per share paid in month s, SHROUT is the number

of shares outstanding, and ME is the market value of equity, ME = PRC ⇥ SHROUT ,

where PRC is the stock price. Only firms with non zero ordinary dividends are considered

(DISTCD = 12XX). D/P is updated annually at the end of June.

Market beta (B). According to the CAPM, market beta is the only predictor of stock

returns and should be positively related to them. Following Black et al. (1972), B is defined

as the slope in the daily time series regression

Rt �Rf
t = ↵+ �(RM

t �Rf
t ) + "t,

where Rt is the daily stock return, Rf
t is the risk-free rate, and RM

t is the market factor. B is

estimated using the daily data over the previous year for firms with at least 200 non-missing

observations.

Momentum (MOM). Jegadeesh and Titman (1993) documented the ability of stocks

with relatively high past returns (winners) to outperform stocks with relatively low past

returns (losers). We construct the sorting variable MOMt as a cumulative return over the

previous thirteen months excluding the last month, i.e.,

MOMt =
t�1Y

s=t�13

(1 +RETs)
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where RETs is the stock return in month s (CRSP item RET). MOMt is recalculated for

each stock every month. For consistency with the other characteristics, we deviate from

Jegadeesh and Titman (1993) and interpret MOMt as an anomalous characteristic: every

month stocks are sorted on the most recent MOMt and all portfolios are rebalanced (in

Jegadeesh and Titman (1993) only a part of the portfolio is revised every month). In order

to reduce the e↵ect of microstructure biases, we consider only stocks with prices above $5

at the end of previous month.

Long-term reversal (LTR). DeBondt and Thaler (1985) document that stock returns

demonstrate a mean-reverting property at horizons longer than one year. Following this

paper,

LTRt =
t�14Y

s=t�61

(1 +RETs),

where RETs is the stock return in month s. Months t � 13 through t � 2 are excluded to

separate the long-term reversal e↵ect from the Jegadeesh and Titman (1993) short-term

momentum e↵ect, already captured by the MOM characteristic.

Idiosyncratic volatility (IdV ol). The idiosyncratic volatility anomaly documented by

Ang et al. (2006) is the tendency of stocks with high idiosyncratic volatility deliver low

future returns. Following Ang et al. (2006), we define IdV ol as the standard deviation of

residuals in the regression of daily CRSP returns on daily Fama-French factors. In month t

the idiosyncratic volatility is computed using daily data for the previous month, so IdV ol

is updated on a monthly basis. Similar to momentum, we consider only stocks with prices

above $5 at the end of previous month.
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Maximum daily return over the past month (MAX). This characteristic is suggested

by Bali et al. (2011), who find that it negatively predicts returns.

Expected idiosyncratic skewness (EIS). Boyer et al. (2010) document that stocks with

high expected idiosyncratic skewness tend to have lower expected returns than stocks with

low expected idiosyncratic skewness. We use data on expected idiosyncratic skewness pro-

vided on Brian Boyer’s website (http://marriottschool.net/emp/boyer/Research/skewdata.html).

Return on equity (ROE). The relation between this profitability measure and future

returns is discussed in Haugen and Baker (1996), Fama and French (2006), and Fama and

French (2008), among others. Following Fama and French (2008), we define ROE as

ROE =
IB �DV P + TXDI

BE
,

where IB is the total earnings before extraordinary items, DV P is the preferred dividends

(if available), TXDI is the deferred taxes (if available), and BE is the book value of equity,

described in the definition of the book-to-market ratio. Only firms with positive earnings

are included in the sample.

Returns on assets (ROA). This is another profitability measure whose relation to future

returns is considered in Balakrishnan et al. (2010), Wang and Yu (2010), and Novy-Marx

(2013). We define ROA as

ROAt =
IBQt�1

ATQt�2
,

where IBQt is income before extraordinary items (Compustat quarterly item 8) in quarter

t, and ATQt is total assets (Compustat quarterly item 44) in quarter t. This characteristic
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is available starting from year 1975.

Total asset growth (AG). Cooper et al. (2008) find a strong negative correlation between

firm’s asset growth and its future stock returns. Following this paper, AG is defined as

AGt =
ATt�1 �ATt�2

ATt�2
,

where ATt�1 is total assets (Compustat annual item 6) in fiscal year ending in calendar

year t � 1. In order to reduce the e↵ect of erroneous database entries, we winsorize the

characteristic at the one percent level.

Abnormal capital investments (CI). The investments anomaly is the tendency of firms

that recently experienced high capital investments to have low subsequent stock returns.

It was documented in Titman et al. (2004) and further explored in Polk and Sapienza

(2009) and Wei and Xie (2009). Following Titman et al. (2004), we define abnormal capital

investments CI as

CIt =
CEt�1

(CEt�2 + CEt�3 + CEt�4)/3
� 1,

where CEt is the firm’s capital expenditures (Compustat annual item 128) scaled by its

sales: CEt = CAPXt/SALEt. Similar to total asset growth, we winsorize abnormal capital

investments at the one percent level.

Investment Growth (IG). Another way to measure investment growth is to use explicitly

the relative change in the firm’s capital expenditures. Following Xing (2008),

IGt =
CAPXt � CAPXt�1

CAPXt�1
,
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where CAPX is the capital expenditures.

Investment-to-capital (I/K). Another investments-based firm characteristic related to

returns is the investment-to-capital ratio. Following Xing (2008),

IK =
CAPX

PPENT
,

where CAPX is the capital expenditures and PPENT is the property, plant, and equip-

ment.

Investment-to-assets (I/A). Alternatively, investments can be normalized by assets.

This characteristic is from Lyandres et al. (2008) and defined as

INV/ASSETt =
INV Tt�1 � INV Tt�2 + PPEGTt�1 � PPEGTt�2

ATt�2
,

where INV Tt is inventories (Compustat annual item 3), PPEGTt is gross property, plant,

and equipment, and ATt is total assets (Compustat annual item 6) in fiscal year ending in

calendar year t.

Accruals (ACC). Sloan (1996) discovered that firms with high accruals tend to have lower

returns in future. Following this study, we define accruals as

ACCt =
(�ACTt�1 ��CHEt�1)� (�LCTt�1 ��DLCt�1 ��TXPt�1)�DPt�1

ATt�2
,

where ACTt is total current assets (Compustat annual item 4), CHEt is cash and short-

term investments (Compustat annual item 1), LCTt is total current liabilities (Compustat

annual item 5), DLCt is debt in current liabilities (Compustat annual item 34), TXPt is

income taxes payable (Compustat annual item 71), DPt is depreciation and amortization
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(Compustat annual item 14), ATt is total assets (Compustat annual item 6). Each account-

ing variable Xt is from the annual report with the fiscal year ending in calendar year t and

�Xt = Xt �Xt�1.

Net operating assets (NOA). This characteristic is suggested by Hirshleifer et al. (2004)

who find that it is negatively related to future stock returns. Following Hirshleifer et al.

(2004), we define NOA as

NOAt =
Operating Assetst�1 �Operating Liabilitiest�1

ATt�2
,

where

Operating Assetst = ATt � CHEt,

Operating Liabilitiest = ATt �DLCt �DLTTt �MIBt � PSTKt � CEQt.

ATt is total assets (Compustat annual item 6), CHEt is cash and short-term investments

(Compustat annual item 1), DLCt is debt in current liabilities (Compustat annual item

34), DLTTt is total long term debt (Compustat annual item 9), MIBt is minority interest

(Compustat annual item 38), PSTKt is preferred stock (Compustat annual item 130),

CEQt is total common equity (Compustat annual item 60).

Net stock issues (NS). This is the anomaly highlighted in Fama and French (2008) and

Ponti↵ and Woodgate (2008). The authors document that the change in the number of

outstanding shares is negatively related to future stock returns. NS is defined as

NSt = log

✓
SASOt�1

SASOt�2

◆
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where SASOt is the split-adjusted shares outstanding from the fiscal year-end in year t:

SASOt = CSHOt ⇥ AJEXt where CSHOt is the shares outstanding (Compustat annual

item 25) and AJEXt is the cumulative factor to adjust shares (Compustat annual item 27).

The characteristic is assigned only for the firms with non-zero values of NS.

Composite stock issuance (◆). This anomaly is documented in Daniel and Titman

(2006) and conceptually similar to the previous one. Composite stock issuance is defined as

◆t = log

✓
MEt�1

MEt�6

◆
� r(t� 6, t� 1),

whereMEt is the Market Equity at the end of calendar year t and r(t�⌧, t) is the cumulative

log return between the last trading day of calendar year t � ⌧ and the last trading day of

calendar year t. E↵ectively, composite stock issuance is net stock issues computed for a

five-year period.

Leverage (LV ). Bhandari (1988) documents that firms with high leverage tend to have

high returns. Following this paper, we measure leverage as

LV =
AT � CEQ

ME
,

where AT and CEQ are the book value of total assets and the book value of common equity,

respectively, and ME is the market value of equity, which is equal to the product of price

and shares outstanding. ME is taken from monthly data corresponding to the end of the

annual accounting period. We accommodate changes to the accounting period by allowing

the data to be more than 12 months old, but we eliminate all firms whose most recent data

is more than 18 months pas
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O-score. O-score measures the likelihood of financial distress. Several studies (e.g., Dichev,

1998; Gri�n and Lemmon, 2002; Campbell et al., 2008) show that firms in financial distress

tend to have low average stock returns. O-score is calculated using the model of Ohlson

(1980) who defines it as

O-Scoret = �1.32� 0.407 log(Sizet) + 6.03TLTAt � 1.43WCTAt + 0.076CLCAt

� 1.72OENEGt � 2.37NITAt � 1.83FUTLt + 0.285 INTWOt � 0.521CHINt.

The inputs of the formula are as follows. Sizet = ATQt/CPIt is total assets adjusted

for inflation, where ATQt is total assets (Compustat quarterly item 44), and CPIt is the

consumer price index from the U.S. Bureau of Labor Statistics. TLTAt = (DLCQt +

DLTTQt)/ATQt�1 is total liabilities divided by lagged total assets, where DLCQt is debt

in current liabilities (Compustat quarterly item 45), DLTTQt is total long term debt

(Compustat quarterly item 51), and ATQt is total assets (Compustat quarterly item 44).

WCTAt = (ACTQt � LCTQt)/ATQt�1 is working capital divided by lagged total assets,

where ACTQt is current assets (Compustat quarterly item 40), LCTQt is current liabili-

ties (Compustat quarterly item 49), ATQt is total assets (Compustat quarterly item 44).

CLCAt = LCTQt/ACTQt is current liabilities divided by current assets, where ACTQt is

current assets (Compustat quarterly item 40), and LCTQt is current liabilities (Compustat

quarterly item 49). OENEGt is one if total liabilities exceeds total assets and zero oth-

erwise, where LTQt is total liabilities (Compustat quarterly item 54), and ATQt is total

assets (Compustat quarterly item 44). NITAt = NIQt/ATQt�1 is net income divided by

lagged total assets, where NIQt is net income (Compustat quarterly item 69), and ATQt
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is total assets (Compustat quarterly item 44). FULTt = PIQt/LTQt�1 is funds provided

by operations divided by lagged total liabilities, where PIQt is pretax income (Compustat

quarterly item 23), and LTQt is total liabilities (Compustat quarterly item 54). INTOWOt

is one if net income was negative for the last two years and zero otherwise, whereNIQt is net

income (Compustat quarterly item 69). CHINt = (NIQt�NIQt�1)/(|NIQt|+ |NIQt�1|)

is level adjusted change in net income, where NIQt is net income (Compustat quarterly

item 69). Each accounting variable Xt is from the quarterly report with the fiscal quarter

ending in calendar month t, and portfolios are constructed at the end of month t + 3 to

allow for the late filing.

Turnover (TO). Datar et al. (1998) and Lee and Swaminathan (2000) show that low

turnover stocks earn higher returns than high turnover stocks. TO is the moving average of

daily turnover over the past 3–12 months, where daily turnover is the ratio of the number

of shares traded each day to the number of shares outstanding at the end of the day.

Analysts’ forecasts dispersion (D). Diether et al. (2002) demonstrate that firms with

higher dispersion in analysts’ forecasts of future earnings tend to have lower future returns.

D is defined as the standard deviation of I/B/E/S next quarter earnings forecast divided

by mean earnings forecast.
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