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Abstract
We study how the launch of an electronically traded fund (ETF) that holds firms in 
a specific industry changes the behavior of analysts who follow that firms in that 
industry. An industry ETF allows investors to trade the firm-specific payoff sepa-
rately from the industry payoff. This causes significant changes in the value of dif-
ferent types of information. In particular, following an increase in a firm’s industry 
ETF coverage, the firm’s analyst coverage increases in the following year, and this 
holds after controlling for changes in institutional investment and other characteris-
tics. We also find that, following an increase in ETF coverage, analyst recommenda-
tions are more likely to include an industry recommendation separate from the firm-
specific recommendation, and the latter is more likely to be stated in relative terms. 
Our results strengthen when the new ETF is a better hedge against the industry pay-
off factor and when we introduce a plausible control for endogeneity.

Keywords  Financial statement analysis · Analyst recommendations · Analyst 
coverage · Electronically traded funds

JEL Classification  G1 · G14 · G41

1  Introduction

The creation of exchange traded funds (ETFs) is arguably the most significant finan-
cial innovation of the past two decades. Over 2,000 ETFs trade on North Ameri-
can exchanges, giving investors a means of trading categories as broad as the world 
stock market index (iShares MSCI World ETF) and as narrow as water purification 
(Invesco Global Water ETF). These funds have attracted massive capital flows, first 
outstripping mutual funds for net inflows in 2003 and by the end of 2019 having an 
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estimated $4 trillion in assets under management (Blackrock 2020). In the face of 
this substantial shift in tradable assets, a natural question arises: how does the pro-
duction of information by analysts respond to such changes? We examine how the 
number of analysts covering a firm and the content of their recommendations change 
after changes in the availability of an industry ETF that holds the firm and other 
firms in the same industry.

A key feature of an industry ETF is that it gives investors exposure to a common 
industry payoff while diversifying away exposure to the idiosyncratic payoffs of the 
individual firms. Further, ETFs are highly liquid, making them easily tradable for 
both long and short positions. Consequently, they are excellent vehicles for hedged 
trading strategies. For example, one use of industry ETFs is to trade the strategy 
“long the firm, short the ETF” to concentrate the long position on the idiosyncratic 
portion of the firm payoff without risking exposure to industry price movements 
(Bloomberg Intelligence 2017). Numerous other strategies are also available, all tak-
ing advantage of the ability to separate the common payoff factor of the ETF from 
the idiosyncratic payoff factors of the individual firms.

With the common and idiosyncratic components of the payoff effectively trad-
ing separately, information about each component may become more valuable. For 
instance, knowing that the common source of payoff variation can be hedged away, 
one possibility is that analysts focus their attention on collecting information that 
pertains only to the idiosyncratic portion of the firm’s payoff. They might focus on 
answering the question, “What makes this firm better or worse than other firms in its 
industry?” And, at the same time, other analysts might specialize in writing industry 
reports. More generally, with a richer set of trading opportunities, the demand for 
analysts’ services may change, and the nature of the information they provide may 
also change.

The popular media has made claims that ETFs are ruining traditional financial 
analysis by syphoning off liquidity from individual stocks and thus lowering the 
value of being privately informed about individual firms. For instance, an article 
in Financial News reports that “Analysts think the ‘relentless’ appetite for passive 
investing means stock trades are based on fund flows rather than company funda-
mentals (Vlastelica 2017).” And, consistent with this claim, Israeli et al. (2017) find 
that an increase in the percentage of a firm’s shares held by all types of ETFs col-
lectively is associated with higher bid-ask spreads and lower liquidity. However, 
the impact on the value of analysts’ services is much less clear.1 Lundholm (2021) 
shows that the introduction of an ETF creates two competing forces on the value 
of being privately informed about a firm’s idiosyncratic payoff: the hedging oppor-
tunity allows investors to remove the common source of payoff variation, making 

1  Israeli, Lee, and Sridharan (2017) find limited evidence of a negative relation between the percentage 
of shares held by all ETFs and future changes in analyst coverage. As discussed later, our measure of 
ETFs is much more focused on industries than their broad measure of ETF holdings. And, as Bhojraj, 
Mohanram and Zhang (2020) show, industry and sector ETFs have very different informational proper-
ties than broad market ETFs. Further, we use the introduction or dissolution of an industry ETF, rather 
than percentage of shares held, as our treatment variable because we are interested in changes in trading 
opportunities.
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their idiosyncratic information more valuable and their equilibrium demand more 
extreme, but the resulting extreme investment positions also increase the informa-
tiveness of prices, making their idiosyncratic information less valuable. To under-
stand how these two forces trade off in the data, we examine how the number of 
analysts making firm recommendations changes around changes in the availability 
of an industry ETF. The premise is that analysts produce private information about 
firm outcomes and this information may become more or less valuable as a result of 
the introduction of an industry ETF. As a consequence, a firm’s analyst following 
might reasonably change as a result of the ETF introduction.

In addition to studying the number of analysts following a firm, we also exam-
ine changes in the raw content of analysts’ recommendations submitted to IBES. 
In 2002 IBES began keeping track of whether an analyst’s firm recommendation 
included a recommendation about the firm’s industry (Glushkov 2010). For analyst 
reports that include both a firm and an industry recommendation, the firm recom-
mendation can easily be interpreted as a relative statement about the firm inside 
its industry.2 Placing a firm in the context of its industry has long been a staple of 
detailed analyst reports; the IBES database provides an objective way to identify and 
quantify this activity. Our question is, do analysts change the content of their reports 
to include an industry recommendation in response to changes in the availability of 
industry ETFs. An analyst report about a firm that also contains a recommendation 
about the firm’s industry is precisely the information needed to trade on idiosyn-
cratic firm information and then use the industry ETF to hedge out the common 
industry component.

Analysts use varying language to summarize their final recommendation for 
IBES. Our second measure of the content of analysts’ firm recommendations is 
whether the recommendation is stated in absolute or relative terms. For instance, 
comparing the two negatively toned recommendations—sell and ‘underperform—
the first is an absolute statement while the second is relative to some benchmark. 
Kadan, Madureira Wang, and Zach (2020) examine a sample of detailed analyst 
reports and find wide variation in what analysts list as their benchmark, including 
the industry, the market, or some fixed percentage return.3 Our question is, do ana-
lysts change their recommendations from being absolute to relative in response to 
changes in the availability of industry ETFs? Even if the analyst recommendation 
doesn’t include an industry report, if the firm recommendation is stated in relative 
terms, it still provides the necessary information for a trade that takes opposite posi-
tions in the firm and the benchmark ETF.4

2  The addition of industry recommendation data in IBES follows rule changes prompted by the Global 
Settlement. Among other things, these rules required brokers to “clearly define in each research report 
the meaning of each rating in the system, including the time horizon and any benchmarks on which a rat-
ing is based (FINRA Rule 2241 C(2)).”.
3  Specifically, Kadan et al. (2020, p. 3) report that the 24 percent of stated benchmarks are the industry, 
15 percent are the market, and 20 percent are some fixed total return, leaving 41 percent of the bench-
marks to be either too complex or confusing to categorize.
4  Our proxy for whether the analyst communicates in a relative or absolute manner is certainly noisy. 
Some analysts could simply be known to forecast relative performance without explicitly communicating 
this through the IBES system.
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While analysts certainly gave some attention to industry or relative observations 
prior to the introduction of ETFs, as an empirical matter, most did not state their 
opinions in a relative manner, nor did their reports express explicit views about the 
industry.

The number of industry ETFs has fluctuated significantly since their introduc-
tion in 1999; in the 21 years covered in our data, the total number of industry ETFs 
increases in 15 years and decreases in six years. As a consequence, the number of 
firms held by an industry ETF also fluctuates significantly over time. We find that 
the number of analysts making recommendations for a firm increases in the year 
following an increase in the number of industry ETFs holding the firm. This result 
remains robust after controlling for changes in institutional ownership and other firm 
controls, after including year and industry fixed effects, and after removing observa-
tions most likely to be affected by endogeneity. We also find that the number of firm-
specific recommendations that include an industry recommendation and the number 
of recommendations stated in relative terms both increase in the year following an 
increase in the number of ETFs. For instance, the launch of a new industry ETF is 
followed the next year by an estimated 15 percent increase in the number of analysts 
following the firm, a magnitude comparable to a 13 percent increase in institutional 
ownership. And the launch of a new industry ETF is followed in the next year by 
a 10 percent increase in the frequency of analyst recommendations with industry 
recommendations and a 25 percent increase in the frequency of recommendations 
stated in relative terms. Together these results strongly and consistently show that 
analysts change their behavior in response to changes in the investment opportunity 
set of their clients. Our final test is necessarily circumstantial, as it links the new 
style of relative analyst recommendations to hedge fund behavior, completing the 
chain of association that links investment opportunities to investor behavior.

2 � Related literature

Our work contributes to the literature on analysts’ coverage decisions. Jegadeesh 
et  al. (2004) show that sell-side analysts tend to follow “glamour stocks,” charac-
terized by high market-to-book ratios, high sales growth rates, high momentum, 
and high turnover.5 Analysts also appear attracted to large firms (Bhushan 1989), 
firms with intangible assets (Barth et  al. 2001), firms with less readable 10-K fil-
ings (Lehavy et  al. 2011), and firms with good disclosure practices (Lang 1996). 
All of these attributes are likely to reflect the types of firms institutional investors 
find attractive. Consistent with this, Brown et  al. (2015) survey analysts and find 
that client demand drives analyst coverage. We add to this literature by showing that 
analyst coverage responds to changes in the investment opportunities of their clients.

5  Jegadeesh et al. (2004) find that the analysts’ focus on glamour stocks causes the level of recommenda-
tion to poorly predict future returns. However, they show that changes in recommendations do predict 
future returns.
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Our results also add to the literature on what type of information analysts provide 
to their clients. Bradshaw (2011, p. 40) evaluates the rankings by institutional inves-
tors and concludes: “Clearly, analysts are valued for their ability to see individual 
companies within the context of the industry as a whole.” Consistent with this, Law-
rence et al. (2016) find that the demand for analyst information on Yahoo!Finance 
increases around firm-specific events, such as earnings announcements or manage-
ment guidance. Much research in this area has studied the investment value of ana-
lysts’ firm recommendations. Boni and Womack (2006) show that changes in analyst 
recommendations predict the relative performance of stocks within an industry. Sim-
ilarly, Liu (2011) decomposes the source of value in analyst recommendations, find-
ing that their primary contribution is their firm knowledge rather than their industry 
knowledge.6 However, Howe et al. (2009) aggregate individual stock recommenda-
tion changes into industry and market predictors and find that these aggregate statis-
tics help predict industry and market returns. Rather than build an aggregate recom-
mendation from individual ones, Kadan et al. (2012, p. 95) exploit the new industry 
recommendations in IBES. They find: “Analysts exhibit across-industry expertise, as 
portfolios based on industry recommendations generate abnormal returns over both 
short and long horizons, beyond what would be explained by industry momentum.”

In sum, there is strong evidence that analysts’ recommendation changes predict 
relative returns within the industry and some evidence that they have predictive abil-
ity across industries. While we study recommendations, our interest is not in how 
valuable the recommendations are; rather we contribute to the literature by showing 
that an increase in the availability of industry ETFs increases the demand for analyst 
recommendations and changes how the recommendations are framed.7

Finally, our work contributes to the literature on the impact of ETFs on market 
efficiency. As already discussed, Israeli et al. (2017) find that changes in liquidity 
are negatively related to changes in the percentage of a firm’s shares collectively 
held by all ETFs. They conclude that this reduction in liquidity lowers analysts’ 
incentives to collect private information about the firm. However, Huang, O’Hara, 
and Zhong (2021) find evidence that, when hedge funds expect a positive earnings 
surprise, they trade the strategy of going long in the firm and short in the firm’s 
industry ETF. Further, they show this activity serves to lower the subsequent post-
earnings-announcement drift. The results of Bhojraj et al. (2020) are consistent with 
this view. They find that firms held by sector ETFs exhibit more efficient pricing of 
the constituent firms’ earnings news when compared to firms held only by broad-
based ETFs. These results suggest that the existence of an industry ETF serves to 
improve the market’s efficiency. We contribute to this literature by showing that 
increases in the availability of industry ETFs tend to attract analyst coverage and 
focus their attention on relative statements of value. Both results are consistent with 

6  Crawford, Roulstone, and So (2012) add nuance to this observation, showing that the first analyst to 
follow a firm tends to collect industry-level information, with the mix of information switching to firm 
level as more and more analysts follow the firm.
7  There are myriad reasons why an analyst recommends a stock. For a comprehensive list, see Huang, 
Lehavy, Zang, and Zheng (2018).
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a market for analyst services that responds to changes in their clients’ investment 
opportunities.8

3 � Hypothesis development

Define the payoff to an investment in firm i as Fi = Fc + Fs
i
 , where Fc is the com-

mon industry component and Fs
i
 is the firm-specific component, Fc and Fs

i
 are inde-

pendent, and Fs
i
 is mean zero. An analyst recommendation for the firm can then be 

characterized as the sum of her noisy signals about the industry payoff, Yc = Fc + ε, 
and the firm payoff: Ys

i
= Fs

i
+ Fs

i
 , so that the firm recommendation is Yi = Yc + Ys

i

.
To this setup, add an industry ETF asset whose payoff is the average of the con-

stituent firm payoffs: FETF =
1

n

∑

Fi = Fc +
1

n

∑

Fs
i
≈ Fc , where the last 

approximation is valid because the average of the firm payoff components goes to 
zero as n increases.9 The possibility of trading the Fc payoff separately from the total 
Fi payoff means that a hedged position can be formed by taking opposite positions 
in Fi and FETF, thereby attaining the payoff Fi – FETF ≈ Fs

i
 . The analyst now has the 

choice to augment her firm recommendation Yi with an industry recommendation 
Yc . This is effectively the same as adding the firm recommendation Ys

i
 . Similarly, 

a recommendation that is stated in relative terms can be characterized as issuing 
Yi − Yc = Ys

i
 . Note that this is effectively what happens when analysts state that 

their recommendations are relative to industry benchmarks. The question then is, 
when an industry ETF market opens and effectively makes Fc and Fs

i
 separately trad-

able, do analysts begin making recommendations on Ys
i
 , either by making recom-

mendations on both Yi and Yc or by stating the recommendation in relative terms, as 
in Yi − Yc = Ys

i
.

In the simple framework above, the signal Ys
i
 can be recovered either from a 

relative recommendation or a firm recommendation that includes an industry rec-
ommendation. However, the two types of recommendations are not identical. An 
analyst who provides an industry recommendation may be doing so to provide an 
extra service beyond the firm recommendation. In this case, the analyst feels she 
or he knows something about the industry payoff. However, providing a relative 
recommendation says nothing about the industry payoff; rather it presumes the cli-
ent doesn’t need to know anything about the industry payoff because she or he will 

8  The results of Israeli et al. (2017) are consistent with our results or the other cited papers. The intro-
duction of an industry ETF could lower noise trading in the firm asset, consistent with their finding of a 
reduction in liquidity and, at the same time, increase trading opportunities on firm-specific information, 
with conflicting impacts on the value of analysts’ information and equilibrium price efficiency.
9  We are assuming equal weighting of firms in the ETF. Our argument would still hold with value-
weighting or any other weighting scheme that allows large numbers to eliminate exposure to individual 
firm variation. In addition, there is not a clear optimal number of firms to hold in an ETF, hence the vari-
ation in the data. The number of firms in an ETF trades off two forces—a few firms allows the sponsor 
to select those firms with the most exposure to the industry component, while many firms is better for 
averaging over unknown firm-specific noise.
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hedge it out using the industry ETF.10 As summarized above, there is accumulated 
evidence that analysts have some skill in identifying relative value within an indus-
try and recent evidence that they can identify across-industry value.

With this simple framework we can pose a number of questions about how ana-
lysts might respond when a new industry ETF launches. First, do analyst recom-
mendations (Yi, Yc or Ys

i
 ), become more valuable and hence do more analysts provide 

them once the ETF launches? Lundholm (2021) shows that, if the informativeness of 
the firm price remains the same, then the ability to trade the ETF increases the value 
of Yi or equivalently of Ys

i
 . However, trading in the ETF market generally increases 

the informativeness of price, which lowers the value of private information about 
the firm payoff, and so the net result depends on the trade-off between these two 
forces. In other words, it is an empirical question.

Second, if indeed there is an increase in the demand for analyst services follow-
ing the launch of an industry EFT, are the analyst recommendations more likely to 
be stated in relative terms ( Yi − Yc = Ys

i
 ) or include an industry report ( Yc)?

Third, if the increase in demand for analyst services and the change in the nature 
of their recommendations respond to the launch of an ETF, is the response stronger 
for firms with payoffs that depend more on the industry payoff component? In par-
ticular, is the response larger when the beta from the firm’s returns regressed on 
the ETF’s returns is larger? To see this prediction, modify the firm payoff to be 
Fi = �iF

c + Fs
i
 , so that firms in the ETF have varying degrees of exposure to the 

industry payoff component. With this, the ETF payoff becomes FETF = �Fc + Fs , 
where the last term is the average of the Fs

i
 terms which, by definition, are mean 

zero and the average goes to zero as n grows.11 Because the firm-specific payoffs 
vary with �i , the optimal hedge also varies with �i . By weighting the ETF payoff by 
(

�i∕�
)

 , the hedge payoff is Fi −
(

�i∕�
)

F
ETF

= Fs
i
−
(

�i∕�
)

Fs . The last term goes 
to zero as n increases, leaving only Fs

i
 , which is the exact payoff the informed inves-

tor is informed about. Comparing the unhedged payoff ( Fi ) with the hedged payoff 
( Fs

i
 ) gives a measure of how important it is to be able to hedge and consequentially 

how important relative information is to investors. Taking the difference in pay-
outs gives Fi − Fs

i
≈ �iF

c for large n. Perhaps not surprisingly, the bigger the firm’s 
exposure to the industry payoff, the more important it is to be able to hedge out the 
industry component. To estimate �i , regress Fi on FETF. If we define Var(Fc) = g and 
Var(Fs

i
) = h, then the population beta is given by

10  While analysts in the IBES system make recommendations at the firm level Yi, Bradshaw, Ertimur, 
and O’Brien (2017) argue that their historical comparative advantage is in finding Ys

i
 . They state: “The 

key to success, then, will be the analyst’s ability to extract idiosyncratic information that they can use to 
distinguish the mispricing opportunities in a field of generally well-priced companies (p. 15).”.
11  How many firms an ETF holds trades off two forces: 1) a few firms allows the ETF sponsor to pick 
only those firms that have a large exposure to the industry factor, but 2) many firms provides more power 
to average out the firm noise in each firm’s payoff. Relatedly, the math above assumes equal weighting, 
but in practice ETFs deploy many different weighting schemes. We have no predictions regarding the 
optimal size or weighting system for an ETF.
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The righthand side approaches �i
/

�  as n gets large. Thus how important it is 
to hedge increases with �i , and so we predict that the analyst response to the ETF 
launch strengthens as �i grows.

While our hypotheses about analyst behavior are based on a change in the 
investment opportunity set of their clients, we do not actually observe investor 
behavior. However, Huang et al. (2021) find that short interest in industry ETFs 
increases simultaneously with hedge fund holdings of the constituent stocks just 
before those stocks report a positive earnings surprise. This is consistent with 
the ETF trading strategy “long the firm, short the industry.” Anecdotally, in a 
2017 interview with etf.com, Eric Balchunas, senior ETF analyst at Bloomberg, 
noted that short positions in ETFs amount to $104 billion as compared to only 
$30 billion for long positions. Balchunas remarked: “A lot of people think hedge 
funds are out there trying to swing for the fences and return 100% every year. 
But most of them are looking to isolate certain things in the market, whether 
they’re using merger arbitrage, event-driven, or long/short strategies. To do the 
short side of those trades, they’ll use ETFs so they can cancel out the beta of 
the market and isolate their positions.” While our results do not depend on iden-
tifying exactly how each trader uses analyst recommendations, this evidence 
shows that at least some important investors trade in the way that supports our 
hypotheses.

4 � Sample and data items

The first industry ETFs were sponsored by State Street in December 1998, so we 
begin our sample period in 1999 and collect data through 2020. The first industry 
recommendations were not recorded in IBES until September 2002, so tests involv-
ing industry recommendations are based on this somewhat smaller sample. We 
begin with the CRSP mutual fund database and identify all equity ETFs. From this 
list, we manually identify all ETFs with an industry or sector focus and then iden-
tify all firms ever held by these ETFs.12 The result is 265 distinct industry ETFs 
and 3,723 distinct firms over the sample period. These numbers are resemble those 
reported by Bhojraj et  al. (2020), who also manually identify industry and sector 
ETFs. Then, for each of these firms, we collect their history of analyst recommenda-
tions in IBES from all analysts and all years in our sample period. After eliminating 
duplicate observations and requiring data for our eight control variables (discussed 

�i =
Cov(�iF

c + Fs
i
, �Fc + Fs)

Var(�Fc + Fs)
=

�i�g + h∕n

�
2
g + h∕n

.

12  Firms not included in an industry ETF might nonetheless still be part of a hedged strategy with an 
ETF if they have exposure to the ETF’s industry component. However, we have no way of identifying 
these firms. Hence we create our sample using those firms that are actually held by an ETF at some point.
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later), we have a sample of 307,040 firm-date-analyst observations.13 There is con-
siderable variation on the availability of ETFs over time; Fig. 1 shows the number 
of new industry ETF offerings and dissolutions by year. For example, in 2008 there 
were 19 new industry ETFs launched, while four were dissolved, and in 2009 there 
were three new industry ETF launched, while 13 were dissolved. Thus, while ETFs 
are relatively new, it is important to remember that their numbers have fluctuated 
over time, and so our tests are not simply picking up a secular trend. Further, all our 
tests include year fixed effects.

4.1 � Variable definitions

4.1.1 � Dependent variables

Denote the number of analysts who provide at least one recommendation for the 
firm during the calendar year as Analysts_ctt. From these annual counts, we create 
the annual change in analyst following as.

13  As discussed by Kadan, Madureira, Wang, and Zach (2009), we eliminate duplicate recommendations 
that were re-issued in 2002 when brokerages changed their rating systems from five categories to three. 
We also eliminate duplicate recommendations that were re-issued by Barclays when it took over Lehman 
in 2008.
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Fig. 1   Industry ETF Offering and Dissolutions
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ΔAnalystst = Analysts_ctt—Analysts_ctt-1.14

The next two dependent variables focus on the content of analyst recommenda-
tions. For each firm-analyst-date recommendation, we create two indicator variables:

Industry_It = 1 if the recommendation includes a recommendation for the indus-
try and is 0 otherwise; and.
Relative_It = 1 if the recommendation is stated in relative terms and is 0 otherwise.

Glushkov (2010) provides the SAS code to identify when the firm-specific rec-
ommendation also contains an industry recommendation. Basically, if the firm 
recommendation in the etext field has a “/,” then the content after the “/” is the 
industry recommendation. Who makes this recommendation is not shown in the 
database; it could be the analyst who is making the firm recommendation or it 
could be a strategy or macro analyst employed for this purpose. The distinction is 
not important to our analysis—in either case, the analyst includes the industry rec-
ommendation as part of her or his firm-specific recommendation and puts her or his 
name on it. We simply describe this situation as a firm-specific recommendation 
that also contains an industry recommendation. Note also that we are not interested 
in the tone or direction of the industry recommendation, only in its existence.

We manually classify Relative_It as absolute (0) or relative (1) based on the words in 
the etext field of the IBES firm recommendation. This most basic text exists for every 
recommendation, regardless of whether there is an industry recommendation in the etext 
field. A firm recommendation is classified as relative if it implies that it is in reference 
to some benchmark, even though the benchmark itself is not identified. For example, 
“undervalued” is absolute while “underweight” is relative; “buy” or “sell” are absolute 
while “under-perform” or “overperform” are relative. The complete recommendation 
word lists and associated classifications are given in Appendix A. To validate our cod-
ing of Relative_It, we asked three fellow faculty to independently code this variable. The 
average correlation between their coding and the coding in Appendix A is 95 percent.

For each firm, we sum Industry_It and Relative_It over the calendar year to create 
annual count variables:

Industry_ctt = number of industry recommendations for the firm during the calen-
dar year; and.
Relative_ctt = number of firm recommendations worded as relative for the firm 
during the calendar year.

We then use these annual count variables to create the annual change variables 
that, along with ΔAnalystt, are the dependent variables in our main tests15:

15  This is a slight abuse of notation because in the recommendation-level data time t is the specific date 
the recommendation was made, while in the aggregated data time t refers to a calendar year.

14  As is often the case, the change in analyst following may suffer from endogeneity issues. We address 
this issue in Section 5.2.1 but acknowledge that we do not have a classic identifying event to control for 
endogeneity. The other two dependent variables are less likely to suffer from this problem.
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ΔRelativet = Relative_ctt—Relative_ctt-1, and.
ΔIndustryt = Industry_ctt—Industry_ctt-1.

Table 1 Panel A shows that a firm recommendation is stated in relative terms 
35.3 percent of the time and includes an industry recommendation 13.1 per-
cent of the time. Over a calendar year, the median number of analysts making 

Table 1   Descriptive Statistics

Panel A presents descriptive statistics for the dependent variables. Panel B reports descriptive sta-
tistics for the independent variables

Panel A. Dependent variables
Variable N 25%tile Median 75%tile Mean SD
ΔAnalystst-1 33,978 -2.000 0.000 2.000 -0.120 3.155
ΔRelativet-1 33,881 -1.000 0.000 1.000 -0.022 2.905
ΔIndustryt-1 25,809 -1.000 0.000 0.000 -0.141 1.530
Relative_It 307,040 0 0 1 0.353 0.478
Relative_ctt 33,937 1 2 4 3.008 3.284
Industry_It 242,172 0 0 0 0.131 0.337
Industry_ct t 27,902 0 0 2 1.084 1.736
Analysts_ctt 33,978 3 5 8 6.172 4.861
Panel B. Independent variables
Variable N 25%tile Median 75%tile Mean SD
# of ETFs 33,978 1 2 4 2.812 2.744
Hedge3t 33,978 1 1 2 1.232 0.741
ΔHedge3t-1 33,978 0 0 0 0.114 0.366
Hedge2t 33,978 1 1 1 0.814 0.389
ΔHedge2t-1 33,978 0 0 0 0.113 0.364
Hedge3Zt 33,978 1 2 2 1.449 0.725
ΔHedge3Zt-1 33,978 0 0 1 0.383 0.979
Sizet 33,978 6.294 7.263 8.406 7.422 1.581
Instpctt 33,978 0.587 0.765 0.893 0.725 0.235
Chg_Instpctt-1 33,978 -0.023 0.013 0.058 0.020 0.098
BTMt 33,978 0.277 0.472 0.749 0.605 0.691
Chg_BTMt-1 33,978 -0.090 0.001 0.101 0.010 0.316
Turnovert 33,978 0.436 1.148 3.191 3.853 12.381
Chg_Turnovert-1 33,978 -0.021 0.004 0.034 0.008 0.081
Volatilityt 33,978 0.060 0.086 0.127 0.104 0.072
Chg_Volatilityt-1 33,978 -0.027 -0.002 0.021 -0.003 0.053
Intangiblet 33,978 0.010 0.086 0.272 0.167 0.195
Chg_Intangiblet-1 33,978 -0.008 0.000 0.007 0.007 0.057
R&Dt 33,978 0.000 0.000 0.066 0.070 0.165
Chg_R&Dt-1 33,978 0.000 0.000 0.000 0.000 0.022
Momentumt 33,978 -0.138 0.093 0.346 0.159 0.518
GoodHedget 33,978 0.000 1.000 1.000 0.574 0.494
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recommendation is five per firm, with two of their recommendations stated in 
relative terms, and, at the median, they do not have an industry recommenda-
tion. The median annual changes in our three dependent variables, ΔAnalystst, 
ΔRelativet, and ΔIndustryt, are all zero and roughly symmetric. ΔAnalystst 
decreases two at the 25th percentile and increases two at the 75th percentile, 
and ΔRelativet decreases one at the 25th percentile and increases one at the 75th 
percentile.

4.1.2 � Treatment variables

Our primary variable of interest is the change in a firm’s industry hedgeabil-
ity—how easy it is to form an investment position that takes opposite positions 
in the firm and its industry ETF. For each firm-year, we count the number of 
ETFs that hold the firm on the last day of the year; Table 1 Panel B shows the 
distribution of this variable, labeled # of ETFs. The median firm is held by two 
industry ETFs, and 19 percent of the firm-years are not held by any ETF (unt-
abulated). The distribution of the # of ETFs is very skewed, with the 75th per-
centile at four and a maximum of 20 (untabulated). For our purposes, there is 
no meaningful difference between being held by 19 or 20 ETFs; in either case, 
the industry payoff component is easily hedged. For this reason, we severely 
damp the right side of the distribution by creating the following variable that 
takes only three values:

Hedge3t  =  0 if at the end of year t there are no industry ETFs that hold the 
firm,
1.	 if at the end of year t either one or two industry ETFs hold the firm, or
2.	 if at the end of year t three or more industry ETFs hold the firm.

The idea is that, with zero ETFs, the industry factor is unhedgeable; with one 
or two ETFs, the industry factor is potentially hedgeable, but the trade may not be 
priced competitively or the ETF might not capture the industry factor effectively; 
and with three or more ETFs, the industry factor can definitely be identified and 
hedged at a competitive price. The damping of the right tail in Hedge3t resembles 
what we would get using the log of one plus the number of ETFs, but it is easier 
to interpret. Table 1 Panel B shows the distribution of Hedge3t; the median is one, 
and the 75th percentile is two.

For our changes tests, we construct the lagged annual change of Hedge3t. We 
use the prior year’s change in Hedge3t as the primary treatment variable because 
we expect it to take some time for analysts to adapt to the newly available hedg-
ing instrument and change their recommendation style or following decisions 
accordingly. By using a treatment variable that is measured a year before our 
outcome variables, we provide stronger evidence that the treatment caused the 
outcome. Our primary treatment variable for all the changes specifications is 
therefore:

ΔHedge3t-1  =  the annual change in Hedge3t from year t-2 to year t-1.
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As expected, Table  1 Panel B shows that a firm’s hedgeability doesn’t change 
much from year to year; ΔHedge3t-1 is zero through the 75th percentile. However, 
because of our sample composition, ΔHedge3t-1 has to increase at least once over the 
sample period, at the inception date of the first industry ETF to hold it.

We also consider two variations on Hedge3t and ΔHedge3t-1. Hedge2t is a binary 
variable based solely on whether an industry ETF exists; it takes the value of 0 if 
Hedge3t is 0 and takes the value 1 if Hedge3t is 1 or 2. We then construct the lagged 
annual change as before to get ΔHedge2t-1. The correlation between ΔHedge2t-1 and 
ΔHedge3t-1 is 0.744.

Hedge3Zt adds to the list of industry ETFs all the short/inverse ETFs with an 
industry focus. These ETFs use options, futures, and leverage to gain a negative 
exposure to some factor. While in theory a hedged position could be formed by 
going long in the firm and long in the short/inverse ETF, in practice these ETFs are 
only used for very brief investment strategies. The tracking error on short/inverse 
ETFs relative to their stated benchmark is very poor after only a day or two, mak-
ing them poor substitutes for shorting the ETF with direct exposure to the factor 
(Dulaney et al. 2012). There are 39 inverse industry ETFs in existence at some point 
in our sample period, offering negative exposure to each of the 12 Fama/French 
industries. We create a new hedging variable, Hedge3Zt, that adds one to the count 
of ETFs for all firms in the same Fama–French 12 industry as the short/inverse ETF 
during the period that it exists. From this count variable we create Hedge3Z and 
ΔHedge3Zt-1. This variable is noisy, as many firms in the FF12 industry will have lit-
tle exposure to the factor but still get counted as being hedgeable, unlike the obser-
vations in ΔHedge3t-1, where the firm is actually held as part of the ETF. The cor-
relation between ΔHedge3Zt-1 and ΔHedge3t-1 is 0.581.

4.1.3 � Control variables

We collect control variables based on other studies of analyst following. It is 
less clear what control variables are necessary in our models of ΔIndustryt and 
ΔRelativet, but we include the same control variables in all tests for ease of compari-
son. The levels of the control variables (before we construct changes) are computed 
at the end of the prior calendar year (i.e., they are lagged to the same period as 
ΔHedge3t-1). We begin with the control variables as Israeli et al. (2017):

Sizet-1 =  log of market capitalization,
Instpctt-1 =  the percentage of shares held by institutional investors,
BTMt-1 = book-to-market ratio,
Turnovert-1 = average monthly trading volume divided by shares outstanding,
Volatilityt-1 = standard deviation of monthly returns computed over the prior cal-
endar year,
Intangiblest-1 = ratio of intangible assets to total assets,
R&Dt-1 = ratio of R&D expense to total expense, and.
Momentumt-1 = cumulative return over prior calendar year.
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Numerous studies, beginning with Bhushan (1989), have shown that analyst cov-
erage is related to Sizet-1 and institutional ownership (Instpctt-1); larger firms and 
firms with more institutional coverage present a larger market for analysts to sell 
their services. Analysts have also been shown to be attracted by glamour stocks, 
proxied here by the BTMt-1 ratio and Momentumt-1 (Jegedeesh et  al. 2004), and 
high share Turnovert-1 (Brennan and Hughes 1991), presumably because trading in 
these firms generates higher commissions. The literature has found mixed results 
on the association between analyst following and return Volatilityt-1; Brennan and 
Hughes (1991) find a positive relation, Jegedeesh et al. (2004) find a negative rela-
tion, and Israeli et al. (2017) and Lee and So (2017) find no relation. Finally, Barth 
et al. (2001) find that analyst services are more valuable for firms where the standard 
accounting measures are less relevant, as proxied by firms with high Intangiblest-1 
and high R&Dt-1.

Like Israeli et  al. (2017), we construct the changes in Instpctt-1, BTMt-1, 
Volatilityt-1, Turnovert-1, Intangiblest-1, and R&Dt-1. We leave Sizet-1 as a levels 
variable because the change would be almost the same thing as Momentumt-1, and 
Momentumt-1 is already defined as a change variable. Table 1 Panel B gives sum-
mary statistics for the levels and changes in control variables. Comparing some 
of our control variables to those of Israeli et al. (2017), our firm size is somewhat 
smaller, with a median log of market value of 7.2 rather than theirs of 12.9. This 
makes sense because the requirement to be part of an industry ETF necessarily rules 
out large conglomerate firms. The percentage institutional ownership is noticeably 
higher in our sample, at 76.8 (untabulated), as compared to 62.5 in their sample. 
Thus, as compared to a sample of firms held by all types of ETFs, our sample of 
firms held by industry ETFs is smaller but more heavily owned by institutional 
investors.

Table 2 reports the correlations between our variables of interest. The depend-
ent variables are positively correlated at significant levels, giving some assurance 
that they are measuring the same underlying forces. The highest correlation is for 
∆Analystst and ∆Relativet, which are correlated at the 0.607 level (p-value < 0.01). 
All three dependent variables are significantly correlated with the primary treatment 
variable ΔHedge3t-1. While some of the control variables are significantly related to 
the dependent variables, none have a correlation higher than 10 percent.

5 � Research design and results

Our results are organized as follows. We first present results for changes in analyst 
following. A change in this variable represents a significant change in the effort allo-
cation of analysts. We then present results for changes in the two variables derived 
from the content of the recommendations. These variables capture specific ways an 
analyst may change her or his behavior. These three tables form our main results. 
We follow this with three different specification checks that limit the data in some 
way. Finally, we consider two very different model designs, repeating the analysis on 
quarterly periods, and examining the level of the recommendation data (rather than 
changes).
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5.1 � Annual change model and results

Our primary treatment variable is ΔHedge3t-1, the lagged change in hedgeability. A 
change specification is a natural way to make the firm its own control. And by lag-
ging the main treatment variable, we increase our confidence that the changes in the 
dependent variables are in response to the change in the hedgeability of the firm. 
Below we show the specification for ΔAnalystst and ΔHedge3t-1. The specifications 
for the other two dependent variables, ΔIndustryt and ΔRelativet,, and when the treat-
ment variable is ΔHedge2t-1 or ΔHedge3Zt-1, is the same16:

The first two columns of Table  3 present the regressions for ΔAnalystst on 
ΔHedge3t-1, with and without the control variables. The coefficient of interest is 
β0. All models include year and industry fixed effects, and t-statistics are computed 
with standard errors clustered at the firm level.17 The first two columns show that, 
after an increase in the number of industry ETFs holding the firm, there is a signifi-
cant increase in the number of analysts following the firm. The estimated effect in 
column 1 is 0.148, relative to the median analyst following of five and the median 
change in following of zero. For the ΔAnalystst model with controls, the estimate 
increases to 0.182. In terms of the control variables, the change in institutional own-
ership, the change in volatility, and momentum are significant. Comparing estimates 
across variables in column 2, an increase of one ETF in the prior year is estimated 
to result in a 0.182 increase in the number of analysts, which is the same effect as 
increasing institutional ownership by 13.1 percent (1.384*0.131 = 0.182).

The regressions in columns 3 and 4 of Table 3 are based on changes in Hedge2t, 
a binary variable that equals zero if no ETF exists and one otherwise. As seen in 
columns 3 and 4, the coefficient on ΔHedge2t-1 is slightly higher for both the simple 
regression and the regression with controls added. The coefficients on the control 
variables also remain very similar. The regressions in columns 5 and 6 are based 
on ΔHedge3Zt-1, the measure of hedgeability that includes short/inverse industry 
ETFs. As seen in the table, the coefficient is lower than the other two versions of this 

△Analystt = 𝛽0 △ Hedge3t−1 + 𝛽1Sizet−1 + 𝛽2Chg_Instpctt−1 + 𝛽3Chg_BTMt−1

+𝛽4Chg_Turnovert−1 + 𝛽5Chg_Volatilityt−1 + 𝛽6Chg_Intangiblest−1 + 𝛽7 △ Chg_R&Dt−1

+𝛽8Momentumt−1 + 𝛼t + 𝛿k + 𝜀t, where t = 1 to 21 is the number of year fixed effects and

k = 1 to 12is the number of industry fixed effects.

16  An alternative definition of the annual variables would be as the percentage of the firm’s recommen-
dations that are relative or include an industry recommendation. However, the total number of recom-
mendations in a year is highly correlated with the number of analysts following the firm in the year, 
which is our third dependent variable. Consequently, scaling by the number of recommendations would 
essentially be scaling by the number of analysts. Despite these concerns, our results are very similar for 
ΔRelativet and ΔIndustryt if we define them as changes in the percentage of recommendations that are 
relative or include an industry recommendation.
17  Our results across all dependent variables and models have similar levels of significance when cluster-
ing by analysts rather than by firms. Note also that brokerage-level clustering is not available for data at 
the firm-year level; some firm-years have no analyst coverage and hence are not associated with any bro-
kerage, while others are associated with multiple analysts at a number of different brokerages. However, 
the finer data used in the levels analysis in Table 10 can and does cluster by brokerage.
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variable but still significant both with or without the controls. As discussed earlier, 
we conjecture that the lower coefficients are due to the noise in ΔHedge3Zt-1.

To summarize Table 3, an increase in the hedgeability of the firm leads to an 
increase in the number of analysts providing recommendations for the firm. This 
conclusion holds in the presence of industry and year fixed effects, with or with-
out control variables, and for three different definitions of hedgeability.

The next two tables examine the relation between changes in hedgeability and 
changes in the use of relative and industry recommendations. We consider all three 
definitions of hedgeability and present results with and without the control vari-
ables. Table  4 gives the results for ΔRelativet. As seen in column 1, an increase in 
ΔHedge3t-1 is associated with a significant increase in the use of relative words in ana-
lyst recommendations. Recall that, for the full sample, the median firm has two relative 

Table 3   Changes in Analyst Following

This table presents the OLS estimation of ΔAnalystst = β0Vart + β1Sizet + β2Chg_Instpctt + β3Chg_BTMt + β4Chg_
Turnovert + β5Chg_Volatilityt + β6Chg_Intangiblest + β7Chg_R&Dt + β8Momentumt + αt + δk + εt, where αt 
and δk represent year and industry fixed effects, respectively. The Var is one of ΔHedge3t-1, ΔHedge2t-1, and 
ΔHedge3Zt-1. Variable definitions are included in Appendix B. Standard errors are clustered by firm and reported 
in brackets. *, **, and *** denote significance at the 0.1, 0.05, and 0.01 levels, respectively

Var ΔHedge3t-1 ΔHedge2t-1 ΔHedge3Zt-1

(1) (2) (3) (4) (5) (6)

Var 0.148*** 0.182*** 0.150*** 0.184*** 0.104*** 0.116***

[0.054] [0.054] [0.055] [0.054] [0.024] [0.025]

Sizet 0.003 0.003 -0.006
[0.006] [0.006] [0.006]

Chg_Instpctt 1.384*** 1.384*** 1.380***
[0.210] [0.210] [0.210]

Chg_BTMt -0.092 -0.092 -0.087
[0.079] [0.079] [0.079]

Chg_Turnovert 0.185 0.185 0.142
[0.267] [0.267] [0.268]

Chg_Volatilityt -3.188*** -3.188*** -3.148***
[0.396] [0.396] [0.396]

Chg_Intangiblet 0.46 0.459 0.48
[0.344] [0.344] [0.344]

Chg_RNDt 0.243 0.241 0.222
[0.870] [0.870] [0.872]

Momentumt 0.665*** 0.665*** 0.671***
[0.052] [0.052] [0.052]

Observations 33,978 33,978 33,978 33,978 33,978 33,978
Industry FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Adj. R-squared 0.049 0.066 0.049 0.066 0.050 0.066
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recommendations, and so the 0.246 increase shown in column 1 is meaningful. The 
estimated effect increases slightly when we add the control variables, as given in col-
umn 2. The results for ΔHedge2t-1, shown in columns 3 and 4, are virtually identi-
cal to the results for ΔHedge3t-1. The coefficients on ΔHedge3Zt-1 are smaller than in 
the other regressions but are still significant. Across all definitions of hedgeability, the 
three control variables that were significant in the ΔAnalystst regressions—the change 
in institutional ownership, the change in volatility, and momentum—are significant in 
these regressions as well. In addition, Sizet is also significant in all regressions.

Table  5 gives the results for ΔIndustryt. As seen in column 1, an increase in 
ΔHedge3t-1 is associated with an increase in the provision of industry recommen-
dations. The overall median number of firm recommendations that include industry 

Table 4   Changes in Use of Relative Terms in Recommendations

This table presents the OLS estimation of ΔRelativet = β0Vart + β1Sizet + β2Chg_Inst-
p c t t  +  β 3 C h g _ B T M t  +  β 4 C h g _ T u r n o v e r t  +  β 5 C h g _ Vo l a t i l i t y t  +  β 6 C h g _ I n t a n g i -
blest + β7Chg_R&Dt + β8Momentumt + αt + δk + εt, where αt and δk represent year and industry fixed 
effects, respectively. The Var is one of ΔHedge3t-1, ΔHedge2t-1, and ΔHedge3Zt-1. Variable definitions are 
included in Appendix B. Standard errors are clustered by firm and reported in brackets. *, **, and *** 
denote significance at the 0.1, 0.05, and 0.01 levels, respectively

Var ΔHedge3t-1 ΔHedge2t-1 ΔHedge3Zt-1

(1) (2) (3) (4) (5) (6)

Var 0.246*** 0.255*** 0.246*** 0.255*** 0.078*** 0.071***

[0.049] [0.049] [0.049] [0.049] [0.022] [0.023]

Sizet 0.028*** 0.028*** 0.023***
[0.005] [0.005] [0.005]

Chg_Instpctt 0.659*** 0.660*** 0.659***
[0.178] [0.178] [0.178]

Chg_BTMt 0.026 0.026 0.03
[0.070] [0.070] [0.070]

Chg_Turnovert 0.335 0.336 0.32
[0.251] [0.251] [0.252]

Chg_Volatilityt -2.527*** -2.527*** -2.512***
[0.362] [0.362] [0.363]

Chg_Intangiblet -0.047 -0.048 -0.022
[0.288] [0.288] [0.289]

Chg_RNDt 1.319 1.317 1.322
[0.820] [0.820] [0.820]

Momentumt 0.309*** 0.309*** 0.308***
[0.042] [0.042] [0.042]

Observations 33,881 33,881 33,881 33,881 33,881 33,881
Industry FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Adj. R-squared 0.103 0.108 0.103 0.108 0.103 0.108
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recommendations is 0 (with a mean of one), so the 0.102 increase shown in column 
1 is meaningful. The results for ΔHedge2t-1 are slightly larger and equally significant. 
The result for ΔHedge3Zt-1 is smaller but significant when the control variables are 
present but is not significant in the simple regression shown in column 5.

To summarize Tables 3, 4, and 5, an increase in the ability to hedge the firm in year 
t-1 is greeted in year t with an increase in the number of analysts who follow the firm 
and an increase in their use of relative recommendations and industry recommenda-
tions. These results hold in the presence of industry and year fixed effects, with or with-
out controls, and for three different measures of the hedgeability of the firm. We depict 
our results in Fig. 2. The figure plots the level of our three dependent variables over 

Table 5   Changes in Provision of Industry Recommendations

This table presents the OLS estimation of ΔIndustryt = β0Vart + β1Sizet + β2Chg_Inst-
p c t t  +  β 3 C h g _ B T M t  +  β 4 C h g _ T u r n o v e r t  +  β 5 C h g _ Vo l a t i l i t y t  +  β 6 C h g _ I n t a n g i -
blest + β7Chg_R&Dt + β8Momentumt + αt + δk + εt, where αt and δk represent year and industry fixed 
effects. The Var is one of ΔHedge3t-1, ΔHedge2t-1, and ΔHedge3Zt-1. Variable definitions are included in 
Appendix B. Standard errors are clustered by firm and reported in brackets. *, **, and *** denote signifi-
cance at the 0.1, 0.05, and 0.01 levels, respectively

Var ΔHedge3t-1 ΔHedge2t-1 ΔHedge3Zt-1

(1) (2) (3) (4) (5) (6)

Var 0.102*** 0.092*** 0.104*** 0.095*** 0.018 0.034***

[0.029] [0.029] [0.029] [0.029] [0.012] [0.013]

Sizet -0.048*** -0.047*** -0.051***
[0.003] [0.003] [0.003]

Chg_Instpctt 0.360*** 0.360*** 0.360***
[0.122] [0.122] [0.122]

Chg_BTMt 0.062 0.062 0.066
[0.048] [0.048] [0.048]

Chg_Turnovert -0.214 -0.214 -0.23
[0.145] [0.145] [0.145]

Chg_Volatilityt -0.687*** -0.687*** -0.669***
[0.233] [0.233] [0.233]

Chg_Intangiblet -0.18 -0.181 -0.167
[0.168] [0.168] [0.168]

Chg_RNDt 0.473 0.473 0.468
[0.520] [0.520] [0.520]

Momentumt 0.155*** 0.155*** 0.158***
[0.030] [0.030] [0.030]

Observations 25,809 25,809 25,809 25,809 25,809 25,809
Industry FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Adj. R-squared 0.016 0.021 0.016 0.021 0.016 0.021
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Fig. 2   Mean number of analysts, industry recommendations, and relative recommendations over time. 
(Date -1 is when the change in Hedge3 is measured. Date 0 is the year of the response.)
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time, separately for observations with increasing Hedge3t-1 or decreasing Hedge3t-1 at 
date t-1. For all three plots, there is little difference between the increasers and decreas-
ers prior to the change in hedgeability. However, starting with date 0 and continuing for 
the next three years, the difference between increasers and decreasers grows.

5.2 � Robustness tests

In all the tables that follow, we only report results for Hedge3t-1, but in all cases, the 
results are very similar with either of the other two variations on hedgeability. The three 
different tests in this section are all based on subsets of the data.

5.2.1 � Removing hot ETF offerings

One concern with our results so far is that some industries become hot for unmod-
eled reasons and this attracts analysts and ETF sponsors; that is, our results could be 
driven by an unobserved endogenous event. The lagged timing between the change 
in hedgeability and the changes in our analyst variables gives us some assurance of 
causality. However, we do not have a classic exogenous identifying event that could 
be used to remove a hot industry effect. Nonetheless, we can exploit the way that 
sponsors issue ETFs to increase the likelihood that we have identified a causal event. 
ETFs are issued by sponsoring banks, and they are frequently issued in batches. In 
our sample period, there are 54 industry ETF launching events with either a unique 
sponsor or from the same sponsor but separated by more than six months, with a 
median of four ETFs included in a given launch (untabulated). We reason that, when 
the sponsor offers ETFs in many different industries at the same time, it is less likely 
to be responding to a hot industry effect—not all industries can be hot at the same 
time. Thus, to create a treatment variable that is less likely to be influenced by this 
effect, we eliminate all ETF offerings that are part of a launch that has fewer than 
four ETFs. We then create a new treatment variable, ΔHedge3Xt-1, that mirrors the 
construction of ΔHedge3t-1 but only counts ETFs using this modified database. The 
results for all three dependent variables are in Table 6. For the ΔAnalystst model, 
comparing the first two columns of Table 3 with the first two columns of Table 6, we 
see that the coefficients on ΔHedge3Xt-1 in Table 6 are larger than the correspond-
ing coefficients on ΔHedge3t-1 in Table 3.18 For the ΔAnalystst model with controls 
(column 2), the coefficient goes from 0.182 in Table  3 to 0.254 in Table  6, a 40 
percent increase. Similarly, for all specifications of ΔRelativet and ΔIndustryt, the 
coefficient is larger using the sample with hot offers removed in Table 6 than in the 
corresponding models shown in Tables 4 and 5. If an endogenous hot industry effect 
was driving our results, then we would expect that eliminating the most suspicious 
observations would weaken our findings. The fact that the results strengthen in all 
cases is added evidence that the change in hedgeability is causing the change in ana-
lyst behavior.

18  Of our three dependent variables, it seems less likely that ΔRelativet or ΔIndustryt are affected by a hot 
industry effect, but we include them in Table 6 for completeness.
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5.2.2 � Removing cases where the ETF is not a good hedging instrument

For the next test, we measure how good the industry ETF is as a hedging instru-
ment, as derived in our hypothesis section. We regress the firm’s monthly stock 
returns on the ETF’s monthly returns for the two years ending in the current year 
and record the beta. Recall that the usefulness of the ETF as a hedge increases with 
the exposure the firm has to the ETF, as measured by the beta from this regression. 
We then create the variable GoodHedget, which equals one if the beta is greater 
than or equal to one and zero otherwise, and then only study the subsample where 
GoodHedget = 1. As shown in Table 1 Panel B, 57.4% of the observations qualify 
as having a good hedge by this rule. As before, we estimate models with and with-
out the control variables. The first two columns in Table  7 show the results for 

Table 6   Annual Changes Excluding Hot-offerings

This table presents the OLS estimation of DV = β0 ΔHedge3Xt-1 + β1Sizet + β2Chg_
I n s t p c t t  +  β 3C h g _ B T M t  +  β 4C h g _ Tu r n o ve r t  +  β 5C h g _ Vo l a t i l i t y t  +  β 6C h g _ I n t a n g i -
blest + β7Chg_R&Dt + β8Momentumt + αt + δk + εt, where αt and δk represent year and industry fixed 
effects, respectively. The DV is either ΔAnalystst ΔRelativet, or ΔIndustryt. Variable definitions are 
included in Appendix B. Standard errors are clustered by firm and reported in brackets. *, **, and *** 
denote significance at the 0.1, 0.05, and 0.01 levels, respectively

DV ΔAnalystst ΔRelativet ΔIndustryt

(1) (2) (3) (4) (5) (6)

ΔHedge3Xt-1 0.225*** 0.254*** 0.284*** 0.296*** 0.103*** 0.096***

[0.057] [0.056] [0.052] [0.052] [0.030] [0.030]

Sizet 0.005 0.028*** -0.048***
[0.006] [0.005] [0.003]

Chg_Instpctt 1.448*** 0.679*** 0.360***
[0.223] [0.193] [0.122]

Chg_BTMt -0.027 0.054 0.063
[0.085] [0.076] [0.048]

Chg_Turnovert 0.178 0.255 -0.214
[0.278] [0.263] [0.145]

Chg_Volatilityt -3.184*** -2.646*** -0.691***
[0.422] [0.393] [0.234]

Chg_Intangiblet 0.453 -0.104 -0.182
[0.364] [0.308] [0.168]

Chg_RNDt -0.029 1.507 0.467
[0.924] [0.944] [0.523]

Momentumt 0.700*** 0.347*** 0.155***
[0.057] [0.049] [0.030]

Observations 31,071 31,071 31,012 31,012 25,775 25,775
Industry FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Adj. R-squared 0.050 0.066 0.110 0.115 0.016 0.021
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Table 7   Subsample where Hedge is Good

This table presents the OLS estimation of DV = β0ΔHedge3t-1 + β1Sizet + β2Chg_Inst-
p c t t  +  β 3 C h g _ B T M t  +  β 4 C h g _ Tu r n o v e r t  +  β 5 C h g _ Vo l a t i l i t y t  +  β 6 C h g _ I n t a n g i -
blest + β7Chg_R&Dt + β8Momentumt + αt + δk + εt, where αt and δk represent year and industry fixed 
effects, respectively. The DV is either ΔAnalystst ΔRelativet, or ΔIndustryt. We use a subsample of firms 
where the beta from a regression of the firm’s monthly returns on the ETF’s monthly returns for the two 
years ending in the current year is greater or equal to one (i.e., GoodHedge = 1). Variable definitions are 
included in Appendix B. Standard errors are clustered by firm and reported in brackets. *, **, and *** 
denote significance at the 0.1, 0.05, and 0.01 levels, respectively

DV ΔAnalystst ΔRelativet ΔIndustryt

(1) (2) (3) (4) (5) (6)

ΔHedge3t 0.155* 0.207*** 0.376*** 0.388*** 0.095** 0.092**

[0.079] [0.078] [0.068] [0.068] [0.038] [0.038]

Sizet 0.004 0.030*** -0.059***
[0.012] [0.011] [0.008]

Chg_Instpctt 1.373*** 0.595*** 0.294**
[0.242] [0.209] [0.146]

Chg_BTMt -0.121 0.003 0.025
[0.087] [0.080] [0.056]

Chg_Turnovert 0.577* 0.753** 0.01
[0.318] [0.306] [0.177]

Chg_Volatilityt -2.804*** -2.523*** -0.593**
[0.451] [0.415] [0.266]

Chg_Intangiblet 0.887** 0.271 0.055
[0.429] [0.364] [0.202]

Chg_RNDt 0.432 1.606* 0.372
[1.063] [0.953] [0.575]

Momentumt 0.685*** 0.321*** 0.127***
[0.060] [0.048] [0.034]

Observations 19,509 19,509 19,437 19,437 13,461 13,461
Industry FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Adj. R-squared 0.0472 0.071 0.094 0.102 0.014 0.02

ΔAnalystst when Goodhedget = 1. Comparing columns 1 and 2 from Table 7 with 
columns 1 and 2 from Table 3, we see that the coefficients on ΔHedge3t-1 increase 
when the sample is restricted to Goodhedget = 1. For example, in the ΔAnalystst 
regression with controls, the coefficient increases from 0.184 in the full sample 
to 0.207 in the restricted sample, a 13 percent increase. Similarly, comparing the 
results for the ΔRelativet regression shown in column 4 of Table 7 with column 2 in 
Table 4 shows that the coefficient on ΔHedge3t-1 increases dramatically, going from 
0.255 in the full sample to 0.388 in the restricted sample, a 52 percent increase. 
And finally, comparing columns 5 and 6 from Table 7 with columns 1 and 2 from 
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Table  5 shows that the coefficients in the ΔIndustryt regression stay the same or 
increase. As hypothesized, as the usefulness of the ETF increases, the analyst fol-
lowing and the use of relative statements and industry recommendations increase in 
response.

5.2.3 � Removing cases around the global settlement

The next robustness test we consider restricts the sample to 2003 and beyond. 
The Global Settlement and all the associated exchange rule changes caused 
a significant shake-up in how analysts work, including the requirement that 
they explain what their benchmark is when they make a recommendation. The 
majority of these changes took effect in 2002, which is in our sample period 
for ΔRelativet and ΔAnalystst. (ΔIndustryt does not start until 2003.) Recall 
that, if these rule changes caused a change in our dependent variables in 2002, 
it would be captured by the year fixed effect. However, to be sure that our 
results are not driven by this regulatory change, in Table  8, we restrict the 
sample to 2003 and beyond. The results for ΔAnalystst are very similar to the 
results from the full sample in Table 3, with a somewhat larger coefficient in 
column 1 and a somewhat smaller one in column 2. The results for ΔRelativet 
are smaller than in Table 4 but still significant. While the changes following 
the Global Settlement were significant, our results are not driven by these 
changes.

5.3 � Additional tests

5.3.1 � Analysis of quarterly changes

The last two tests we present are based on more dramatic changes in our research 
design. First, we redo the entire analysis using quarters as our unit of time, rather 
than years. The tests are now about how a change in the ETF hedgeability in 
quarter t-1 is related to changes in our dependent variables in quarter t. The 
advantage of this test is that it is less likely to include unknown effects in the 
event window; the disadvantage is that it assumes analysts change their behavior 
in response to the change in hedgeability relatively quickly. The results are given 
in Table 9. As seen in the table, ΔHedge3t-1 is significant for all three dependent 
variables and all specifications. For instance, column 2 shows that an additional 
ETF in quarter t-1 is associated with 0.196 more analyst coverage in quarter t. 
The results for ΔRelativet and ΔIndustryt, for all specifications, are similarly sig-
nificant when using quarterly data.

5.3.2 � Analysis based on recommendation levels

Our last test changes the unit of analysis for the two recommendation-based 
dependent variables to be at the firm-analyst-date level. This is the most basic 
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level of the analyst recommendation data, with 307,040 observations for Rela-
tive_It and 242,172 observations for Industry_It. While we believe our previ-
ous changes analysis is a much stronger research design, it is interesting to see 
whether our hypothesis about hedgeability predicts whether each recommendation 
will be stated in relative terms (Relative_It = 1) or will include an industry recom-
mendation (Industry_It = 1). In addition, with data at this level of detail, we can 
use brokerage-level clustering for our significance tests. This is important because 
brokerage houses might make policy changes that cause all their analysts to issue 

Table 8   After the Global Settlement

This table presents the OLS estimation of DV = β0ΔHedge3t-1 + β1Sizet + β2Chg_Inst-
p c t t  +  β 3 C h g _ B T M t  +  β 4 C h g _ Tu r n o v e r t  +  β 5 C h g _ Vo l a t i l i t y t  +  β 6 C h g _ I n t a n g i -
blest + β7Chg_R&Dt + β8Momentumt + αt + δk + εt, where αt and δk represent year and industry fixed 
effects, respectively. The DV is either ΔAnalystst ΔRelativet, or ΔIndustryt. We use a subsample after the 
global settlement (i.e., year 2003 and beyond). Variable definitions are included in Appendix B. Standard 
errors are clustered by firm and reported in brackets. *, **, and *** denote significance at the 0.1, 0.05, 
and 0.01 levels, respectively

DV ΔAnalystst ΔRelativet ΔIndustryt

(1) (2) (3) (4) (5) (6)

ΔHedge3t 0.169*** 0.165*** 0.146*** 0.142*** 0.102*** 0.092***

[0.057] [0.056] [0.050] [0.050] [0.029] [0.029]

Sizet -0.074*** -0.074*** -0.048***
[0.007] [0.006] [0.003]

Chg_Instpctt 1.638*** 1.005*** 0.360***
[0.228] [0.201] [0.122]

Chg_BTMt -0.096 0.022 0.062
[0.084] [0.081] [0.048]

Chg_Turnovert -0.403 -0.636** -0.214
[0.292] [0.275] [0.145]

Chg_Volatilityt -2.862*** -2.331*** -0.687***
[0.445] [0.407] [0.233]

Chg_Intangiblet 0.179 -0.369 -0.18
[0.363] [0.316] [0.168]

Chg_RNDt -0.217 1.311 0.473
[0.945] [0.975] [0.520]

Momentumt 0.705*** 0.495*** 0.155***
[0.058] [0.053] [0.030]

Observations 28,250 28,250 28,210 28,210 25,809 25,809
Year FE Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes
Adj. R-squared 0.023 0.041 0.018 0.029 0.016 0.021
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industry recommendations or to state their recommendations using specific lan-
guage. Such a policy would cause the residuals from firms covered by the same 
brokerage to be correlated. Brokerage-level clustering addresses this concern.19

Table 9   Quarterly Changes Analyses

This table presents the OLS estimation of DV = β0∆Hedge3t-1 + β1Sizet + β2Chg_Inst-
p c t t  +  β 3 C h g _ B T M t  +  β 4 C h g _ Tu r n o v e r t  +  β 5 C h g _ Vo l a t i l i t y t  +  β 6 C h g _ I n t a n g i -
blest + β7Chg_R&Dt + β8Momentumt + αt + δk + εt, where αt and δk represent year and industry fixed 
effects, respectively. The DV is either ∆Analystst, ∆Relativet, or ∆Industryt. The unit of analysis is at firm-
quarter level. Variable definitions are included in Appendix B. We multiply the coefficients of Chg_BTM 
by 1,000 for ease of interpretation. Standard errors are clustered by firm and reported in brackets. *, **, 
and *** denote significance at the 0.1, 0.05, and 0.01 levels, respectively

DV ΔAnalystst ΔRelativet ΔIndustryt

(1) (2) (3) (4) (5) (6)

ΔHedge3t-1 0.194*** 0.196*** 0.269*** 0.270*** 0.087*** 0.082***

[0.051] [0.051] [0.047] [0.047] [0.027] [0.027]

Sizet-1 0.037*** 0.049*** -0.034***
[0.006] [0.005] [0.003]

Chg_Instpctt-1 0.126*** 0.089*** 0.024***
[0.021] [0.017] [0.009]

Chg_BTMt-1 0.025 -0.018 0.082
[0.000] [0.000] [0.000]

Chg_Turnovert-1 0.002 0.002 -0.006
[0.008] [0.007] [0.007]

Chg_Volatilityt-1 0.395*** 0.421*** 0.087**
[0.084] [0.076] [0.034]

Chg_Intangiblet-1 1.018*** 0.784*** 0.524***
[0.211] [0.180] [0.127]

Chg_RNDt-1 0.038 0.001 -0.026
[0.044] [0.038] [0.021]

Momentumt-1 0.054 -0.093** 0.003
[0.038] [0.037] [0.020]

Observations 133,622 133,622 133,420 133,420 113,069 113,069
Industry FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
R-squared 0.053 0.054 0.108 0.109 0.016 0.018

19  Anecdotal evidence suggests that brokerages do not impose these types of constraints on their ana-
lysts. Of the 20 largest brokerages (by number of recommendations issued), only the analysts at Bar-
clays uniformly stated all recommendations in relative terms, and only the analysts at Sidoti uniformly 
stated all recommendations in absolute terms. Much more common are the examples of JP Morgan, First 
Boston, and Raymond James, where the fraction of relatively stated recommendations bounced around 
between 40 and 80 percent of analyst recommendations in any given year. We find similar variation in 
the mix of recommendations that include an industry recommendation. Of the 20 largest brokerages, only 
the analysts at Morgan Stanley uniformly provided industry recommendations. It does not appear that the 
style and industry content of analyst recommendations is commonly a brokerage-level decision.
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Recall from Table 1 that 35.3 percent of the observations are stated in relative terms 
and 13.1 percent of the observations include an industry recommendation. The correla-
tion between these two indicator variables is 0.22, and the correlation between either 
variable and any of the control variables is less than 10 percent (untabulated). Below 
we show the model for Relative_It for the OLS regression with control variables, where 
a recommendation observation is for a given firm at a given date by a given analyst; the 
model is the same for Industry_It (firm and analyst subscripts are supressed):

The coefficient of interest is β0. αt are the year fixed effects that capture het-
erogeneity across years that is firm invariant, and δk are the industry fixed effects 
that capture heterogeneity across the Fama and French 12 industries that is time 
invariant. We estimate two types of models: conditional logit models because 
our dependent variables are dichotomous and standard OLS models because 
the estimates of β0 are easier to interpret. Because we include industry and year 
fixed effects, the results should be interpreted as explaining variation within the 
industry and year. The year fixed effects are particularly important, as they con-
trol for any unobserved differences across years that might influence our depend-
ent variables. For instance, if there is a secular trend over time or specific policy 
changes in a certain year, the year fixed effects control for this. We estimate 
the models with and without the previously discussed control variables, and all 
models compute standard errors clustered at the firm and brokerage levels.20

The first four columns of Table 10 shows that, for all specifications, the likeli-
hood of the analyst recommendation being stated in relative terms is significantly 
higher the more hedgeable the firm is. For instance, the model in column 3 estimates 
that, within a given year and industry, a one-unit higher value of Hedge3t is associ-
ated with a 2.5 percent increase in the likelihood that the recommendation is stated 
in relative terms. The results using either the conditional logit or OLS model are 
significant, with and without the control variables present. The last four columns 
of Table 10 show that, for all specifications, the likelihood that the recommenda-
tion includes an industry recommendation is significantly higher, the more hedge-
able the firm is. For instance, the model in column 7 shows that a one-unit higher 
value of Hedge3t is associated with a 4.7 percent increase in the likelihood of having 
an industry recommendation. These results are significant for both types of models, 
with year and industry fixed effects, with or without the control variables.

The control variables are mainly significant. The likelihood that the recommen-
dation is stated in relative terms or that it includes an industry recommendation 
increases with the size of the firm and the number of institutional investors. This 
makes sense, as it is more likely that large firms with a heavy institutional owner-
ship will be part of a hedged investment strategy. All the glamour proxies are also 

Relative_It = �0Hedge3t + �1Sizet + �2Instpctt + �3BTMt + �4Turnovert

+ �5Volatilityt + �6Intangiblest + �7R&Dt + �8Momentumt

+ �t + �k + �t,where.

20  The control variables are measured once, at the beginning of the calendar year, to be consistent with 
our firm-year regressions in the previous sections.
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significant (BTM, Turnover, and Momentum) with the signs suggesting that value 
stocks are more likely to receive recommendations that are relative or include an 
industry recommendation. This would in turn suggest that value firms are also more 
likely to be part of a more sophisticated investment strategy that calls for a hedged 
position, and so analysts provide information to aid in that type of strategy. Return 

Table 10   Recommendation Level Analysis

This table presents logit and OLS estimations of Relative_It or Industry_It = β0Hedge3t + β1Sizet + β2Ins
tpctt + β3BTMt + β4Turnovert + β5Volatilityt + β6Intangiblest + β7R&Dt + β8Momentumt + αt + δk + εt, where 
αt and δk represent year and industry fixed effects, respectively. The unit of analysis is at the analyst-
recommendation level. Variable definitions are included in Appendix B. Standard errors are clustered 
by firm and reported in brackets. Panel B reports the OLS estimation of Model (1) where standard errors 
are clustered by firm and brokerage. *, **, and *** denote significance at the 0.1, 0.05, and 0.01 levels, 
respectively

DV Relative_It Industry_It

Logit OLS Logit OLS

(1) (2) (3) (4) (5) (6) (7) (8)

Hedge3t 0.114*** 0.021* 0.025*** 0.005** 0.450*** 0.127*** 0.047*** 0.013***

[0.011] [0.012] [0.002] [0.003] [0.022] [0.025] [0.002] [0.002]

Sizet 0.066*** 0.014*** 0.245*** 0.026***
[0.006] [0.001] [0.013] [0.001]

Instpctt 0.168*** 0.036*** 0.498*** 0.042***
[0.033] [0.007] [0.070] [0.007]

BTMt 0.023** 0.006** 0.111*** 0.014***
[0.011] [0.003] [0.027] [0.003]

Turnovert -0.001*** -0.000*** -0.006*** -0.001***
[0.000] [0.000] [0.001] [0.000]

Volatilityt 0.556*** 0.118*** 1.014*** 0.102***
[0.096] [0.021] [0.175] [0.021]

Intangiblet 0.05 0.011 0.197*** 0.018**
[0.037] [0.008] [0.067] [0.007]

R&Dt 0.015 0.003 -0.078 -0.002
[0.041] [0.009] [0.090] [0.009]

Momen-
tumt

-0.074*** -0.013*** -0.087*** -0.008***

[0.008] [0.001] [0.018] [0.002]
Observa-

tions
307,040 307,040 307,040 307,040 242,172 242,172 242,172 242,172

Industry 
FE

Yes Yes Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes Yes Yes
R2 (Adj. 

or 
Pseudo)

0.025 0.026 0.031 0.033 0.041 0.052 0.031 0.039
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volatility is significantly positive in all models, which also points to the use of a 
hedged strategy to lower the payoff volatility.

The results in Table 10 are consistent with our hypothesis that relative infor-
mation is more valuable when investors have the ability to hedge out the industry 
factor. Consequently, when a firm has a hedgeable industry payoff component, 
analysts produce information that is most useful to an investor who is interested 
in hedging out the industry factor. The control variables suggest that this is most 
valuable for large, institutionally held value firms, with relatively volatile returns.

5.3.3 � Analysis based on recommendation levels

To investigate whether investors trade based on the relative information in an 
analyst recommendation, we seek evidence that hedge funds increase their hold-
ings before an analyst recommendation upgrade and, at the same time, hedge their 
industry exposure with a short position in an ETF. This evidence is necessarily 
indirect, as hedge funds do not disclose their strategies at this level of detail. Our 
method closely follows that of Huang et al. (2021), who document that hedge funds 
appear to use a long-short strategy around positive earnings announcements.

From the large collection of 13F filers we identify hedge funds using the hand-col-
lected data provided by Jiang (2019).21 Following Huang et al. (2021), we create an indi-
cator for when the data suggest that hedge funds are going long in a stock and short in the 
associated ETF. For firm i at quarter-end t, we measure abnormal hedge fund holdings 
(AHF) t as the aggregate hedge fund holdings of the stock less the average of the past four 
quarters’ holdings, scaled by shares outstanding at quarter end. We measure abnormal 
short interest (ASI) as the short interest in all ETFs that hold the stock less the average of 
the past four quarters’ short interest, scaled by shares outstanding. The indicator I_long-
short equals one if both AHF and ASI are in the top quintile and equals zero otherwise. 
In this case, the data are consistent with hedge funds trading the hypothesized long-short 
strategy. The second step is to create an indicator for when it is likely that the hedge fund 
has private information at quarter-end t about an upcoming analyst recommendation 
upgrade or about the underlying event that causes the upgrade. The indicator I_upgrade 
equals one if there is at least one analyst recommendation increase between quarter-end t 
and quarter-end t + 1 that is stated in relative terms or provides an industry recommenda-
tion and equals zero otherwise. This procedure replicates the Huang et al. (2021) method 
but replaces positive earnings announcements with analyst upgrades. As with their study, 
there are repeated firm-quarter observations because a stock could be included in multiple 
ETFs. The final sample is 235,702 ETF-firm-date observations.

To test for evidence that hedge funds are informed and trading the hypothesized 
strategy, we estimate the regression:

I_long − shortt = �0I_upgradet + �1Sizet + �2BTMt + �3Reversalt

+ �4Instpctt + �5Momentumt + at + bk + ck + dk + et,where

21  We thank Professor Jiang for sharing this data with us.
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at, bk, cj, and di are year, quarter, industry and ETF fixed effects. The standard errors 
are clustered by ETF and year-quarter.

The results presented in Table 11 consistently demonstrate a positive asso-
ciation, with or without controls, between an analyst upgrade stated in rela-
tive terms during a quarter and a hedge firm adopting a long position in the 
upgraded firm while simultaneously going short in an associated industry ETF. 
These findings not only corroborate our hypotheses but also form a crucial link 
in the logical chain, connecting the presence of an industry ETF to the stylis-
tic evolution of analyst recommendations and subsequently influencing investor 
behavior.

Table 11   Relation between Analyst Upgrades and Hedge Fund Behavior

This table presents OLS estimations of I_long-shortt = β0I_upgra-
det + β1Sizet + β2BTMt + β3Reversalt + β4Instpctt + β5Momentumt + at + bk + ck + dk + et, where at, bk, cj, and 
di are year, quarter, industry, and ETF fixed effects. The standard errors are clustered by ETF and year-
quarter. Analysis is at the ETF-firm-quarter level. The dependent variable is I_Long-Short, indicating 
that the hedge fund increased its holdings in the firm, and, at the same time, there was an increase in the 
ETF short position. I_Upgrade is an indicator for an analyst upgrade stated in relative terms or with an 
industry recommendation, occurring in quarter t + 1. Size is the natural log of market capitalization. BM 
is the book-to-market ratio, where the book value is measured as the preceding fiscal year and the market 
value is measured at the end of the quarter. Reversal is the one-month raw return preceding the quarter. 
Instpct is the institutional ownership. Momentum is the cumulative raw return over the 12-month period 
ending one month before the quarter. Standard errors are clustered by ETF and year-quarter. Variable 
definitions are included in Appendix B. *, **, and *** denote significance at the 0.1, 0.05, and 0.01 lev-
els, respectively

(1) (2)
I_Upgrade 0.004*** 0.005***

[0.001] [0.001]

Size -0.008***
[0.001]

BTM 0.004
[0.003]

Reversal 0.035**
[0.013]

Instpct 0.023***
[0.004]

Momentum -0.001
[0.005]

Constant 0.038*** 0.090***
[0.000] [0.009]

Observations 235,702 235,702
R-squared 0.033 0.037
Industry FE Yes Yes
Year FE Yes Yes
Quarter FE Yes Yes
ETF FE Yes Yes
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6 � Conclusion

Analysts play a crucial role in gathering and disseminating information in finan-
cial markets. Our study shows that changes in the investment opportunity set of 
analysts’ clients causes changes in the type of information they gather and dis-
seminate. When an industry ETF launches, the analyst following of firms in that 
ETF increases in the following year, and the resulting recommendations are more 
often stated in relative terms and more often include an industry recommendation. 
This behavior is consistent with the view that the primary value of analyst recom-
mendations comes from analysts’ ability to understand the firm relative to other 
firms in the same industry. The advent of ETFs, offering a cost-effective method 
to hedge out factors where analysts lack a comparative advantage in forecasting, 
enhances the value of analysts’ firm knowledge. Thus, rather than concluding that 
ETFs are destroying the value of analysts’ research, our evidence suggests the 
opposite: after removing exposure to the common payoff component that the ana-
lyst has little advantage in forecasting, the value of firm knowledge grows.

An unanswered question is where do the resources come from to fulfill this 
new demand for relative information. Are more total resources devoted to pro-
viding recommendations both at the firm and industry level? Or do analysts shift 
resources away from other activities to provide this new type of information?
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Appendix A

Unabridged list of etext values from IBES firm recommendations

etext from IBES recommendation Coded as absolute 
(0) or relative (1)

1-STARS (STRONG SELL 0
2-STARS (SELL) 0
AVOID 0
CAUTIOUS 0
EDGE POSITIVE 0
FOCUS BUY 0
HIGHLY OVERVALUED 0
LEAST ATT​RAC​TIVE 0
NEGATIVE 0
NOT RECOMMENDED 0
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etext from IBES recommendation Coded as absolute 
(0) or relative (1)

REDUCE 0
REDUCE 2 0
SELL 0
SELL (3) 0
SELL—STRENGTH 0
SELL ON STRENGTH 0
SELL SHORT 0
SHORT 0
SHORT SELL 0
STRONG SELL 0
TRADING SELL 0
TRIM 0
UNATT​RAC​TIVE 0
UNDER VALUED 0
3-STARS (HOLD) 0
CONSERVER(HOLD) 0
CORE HOLD 0
FAIR VALUE 0
FAIRLY VALUED 0
FULLY VALUE 0
FULLY VALUED 0
FULLY-PRICED 0
HOLD 0
HOLD (2) 0
HOLD FOR SALE 0
MAINTAIN 0
MAINTAIN POSITION 0
NEUTRA​ 0
NEUTRAL 0
NEUTRAL 2 0
NEUTRAL VALUE 0
NEUTRE 0
NO ACTION 0
NO CASE 0
NO POSITION 0
PERFORM 0
WATCH 0
1-BUY 0
4-STARS (BUY) 0
5-STARS (STRONG BUY) 0
ACC​ 0
ACCMULATE 0
ACCUM 0
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etext from IBES recommendation Coded as absolute 
(0) or relative (1)

ACCUM 0
ACCUMULATE 0
ACQUIRE 0
ACTION LIST BUY 0
ADD 0
AGGRESSIVE BUY 0
AGGRESSIVE PURCHASE 0
ATTR-LT 0
ATT​RAC​TIV 0
ATT​RAC​TIVE 0
ATT​RAC​TIVE LONG TERM 0
BUY 0
BUY (1) 0
BUY (S) 0
BUY +  0
BUY 1 0
BUY 2 0
BUY ON WEAKNESS 0
BUY SPECULATIVE 0
BUY TODAY 0
BUY* 0
BUY-ACCUMULATE 0
BUY-LONG-TERM 0
BUY-ON-WEAKNESS 0
CONVICTION BUY 0
CURRENT BUY 0
DLJ BUY 0
EDGE NEGATIVE 0
GRAD. ACCUMULATE 0
GRADUALLY ACCUM 0
GRADUALLY ACCUMULATE 0
HIGHLY UNDERVALUED 0
LONG 0
LONG TERM ACCUMULATE 0
LONG TERM BUY 0
LONG-TERM ATT​RAC​TIVE 0
LONG-TERM BUY 0
LONGTERM BUY 0
LT BUY 0
LT-BUY 0
LTB 0
MOD APPRECIATION 0
MODERATE BUY 0
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etext from IBES recommendation Coded as absolute 
(0) or relative (1)

MOST ATT​RAC​TIVE 0
POSITIVE 0
PURCHASE 0
RECOMMENDED LIST 0
RL BUY 0
SELECT LIST BUY 0
SPEC BUY 0
SPEC. BUY 0
SPECULATE BUY 0
SPECULATIVE BUY 0
STRG BUY 0
STRONG BUY 0
STRONG SPEC BUY 0
TOP PICK 0
TRADING BUY 0
UNDERVALUED 0
VALUE BUY 0
VRY ATT​RAC​T 0
OVER VALUED 0
OVERVALUED 0
BELOW AVERAGE 1
AVERAGE 1
IN LINE 1
IN-LINE 1
PERFORM IN LINE 1
3 UNDERPERFORM 1
3-UNDERWEIGHT 1
3-UNDERWGHT 1
4 UNDERWEIGHT 1
INDUSTRY UNDERPERFOR 1
MARKET UNDERPERFORM 1
MARKETUNDERPERFORM 1
MKT UNDERPERFORM 1
MKT UNDERPERFORMER 1
MKT UNDRPRFRMR 1
SECTOR UNDERPERFORM 1
SIGNIFICANT UNDERPER 1
UNDER PERFORM 1
UNDER WEIGHT 1
UNDERPERF 1
UNDERPERFORM 1
UNDERPERFORM (S) 1
UNDERPERFORMER 1
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etext from IBES recommendation Coded as absolute 
(0) or relative (1)

UNDERPERFRMR 1
UNDERWEIGHT 1
UNDERWT​ 1
UNDRPRFRM 1
2 MARKET PERFORM 1
2-EQUALWEIGHT 1
2-EQUALWGHT 1
3 EQUAL-WEIGHT 1
EQUAL WEIGHT 1
EQUAL-WEIGHT 1
EQUALWEIGHT 1
EQUALWT 1
INDUSTRY PERFORM 1
MARKET AVERAGE 1
MARKET NEUTRAL 1
MARKET PERFORM 1
MARKET PERFORM (S) 1
MARKET PERFORMANCE 1
MARKET PERFORMER 1
MARKET WEIGHT 1
MARKET WEIGHTING 1
MARKETPERFORM 1
MKT PERFORMANCE 1
MKT PERFORMER 1
MP 1
MRKT PERFORM 1
NEUTRAL WEIGHT 1
PEER PERFORM 1
SECTOR PERF 1
SECTOR PERFORM 1
SECTOR PERFORM (S) 1
SECTOR PERFORMER 1
SECTOR WEIGHT 1
1 OUTPERFORM 1
1 OVERWEIGHT 1
1-OVERWEIGHT 1
1-OVERWGHT 1
ABOVE AVERAGE 1
ABOVE AVERAGE MARKET 1
ABOVE AVG 1
BEST REL VALUE 1
BUY-OVERWEIGHT 1
INDUSTRY OUTPERFORM 1
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etext from IBES recommendation Coded as absolute 
(0) or relative (1)

MARKET OUT PERFORM 1
MARKET OUTPERFORM 1
MARKET OUTPERFORMER 1
MARKET OVERWEIGHT 1
MARKETOUTPERFORM 1
MKT OUTPERFORM 1
MKT OUTPERFORMER 1
MODERATE OUTPERFORM 1
OUTPERF 1
OUTPERFORM 1
OUTPERFORM (S) 1
OUTPERFORM SIGNIFIC 1
OUTPERFORMER 1
OVER WEIGHT 1
OVERPERFORMANCE 1
OVERWEIGHT 1
OVERWT​ 1
SECTOR OUTPERFORM 1
SECTOR OUTPFRM 1
SIGNIF. OUTPERF 1
SIGNIFICANT OUTPERFO 1
STRNG OUTPERF 1

Appendix B

Variable definitions

Variable Name Definition

Relative_It An indicator variable that equals 1 if the recommendation is stated in relative terms 
and 0 otherwise

Industry_It An indicator variable that equals 1 if the recommendation includes a recommenda-
tion for the industry and 0 otherwise

Relative_ctt Number of firm recommendations worded as relative for the firm during the year
Industry_ctt Number of industry recommendations for the firm during the year
ΔRelativet Changes in the number of firm recommendations worded as relative for the firm 

(Relative_ctt) from year t-1 to t
ΔIndustryt Changes in the number of industry recommendations for the firm (Industry_ctt) from 

year t-1 to t
ΔAnalystst Changes in the number of unique analysts who provided at least one recommendation 

for the firm from year t-1 to t
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Variable Name Definition

Hedge3t Equals 0 if at the end of year t there are no industry ETFs that hold the firm, 1 if at 
the end of year t either 1 or 2 industry ETFs hold the firm, or 2 if at the end of year 
t 3 or more industry ETFs hold the firm

ΔHedge3t-1 The annual change in Hedge3 from year t-2 to year t-1
ΔHedge2t-1 The annual change in Hedge2 from year t-2 to year t-1, where Hedge2 is a binary 

variable equaling one if an industry ETF exists and zero otherwise
ΔHedge3Zt-1 The annual change in Hedge3Z from year t-2 to year t-1, where Hedge3Z is 

constructed the same as Hedge3 but includes short/inverse ETFs in the count of 
available ETFs

ΔHedge3Xt-1 We first calculate Hedge3X the same as how we construct Hedge3, but when count-
ing the number of ETFs that hold a firm at a particular date, we eliminate all the 
ETFs that were part of an offering where the sponsor offered less than four ETFs at 
the same. ΔHedge3Xt-1 is the change in Hedge3X from year t-2 to year t-1

GoodHedget An indicator variable equals one if beta is greater or equal to one and zero otherwise. 
We estimate beta by regressing the firm’s monthly returns on the ETF’s monthly 
returns for the two years ending in the current year

Sizet Natural log of market capitalization. Market capitalization is price (prc in 
CRSP)*shares outstanding (shrout in CRSP, measured in thousands)*cumulative 
factor to adjust shares (cfacshr in CRSP)/1,000

Instpctt The percentage of shares held by institutional investors. We obtain data on institu-
tional holdings from Thomson-Reuters 13F database

BTMt Book-to-market ratio. Book value is the sum of shareholder’s equity (SEQ in Com-
pustat), deferred taxes (TXDB in Compustat) and investment tax credit (ITCB in 
Compustat), minus preferred stocks. Preferred stocks take the nonmissing value 
of preferred stock redemption value (PSTKRV in Compustat), preferred stock 
liquidating value (PSTKL in Compustat) or preferred stock (PSTK in Compustat), 
whichever nonmissing value comes first. Market capitalization is price (prc in 
CRSP)*shares outstanding (shrout in CRSP, measured in thousands)*cumulative 
factor to adjust shares (cfacshr in CRSP)/1,000

Turnovert Average monthly trading volume (vol in CRSP) divided by shares outstanding 
(shrout in CRSP)

Volatilityt Standard deviation of monthly returns (ret in CRSP), adjusted for delisting returns, 
computed over the year

Intangiblest Ratio of intangible assets (INTAN in Compustat) to total assets (AT in Compustat)
R&Dt Ratio of R&D expense (XRD in Compustat) to total expense (XOPR in Compustat)
Momentumt Cumulative returns over the year t
Chg_Instpctt-1 Changes in the percentage of shares held by institutional investors from year t-2 to 

year t-1
Chg_BTMt-1 Changes in the book-to-market ratio from year t-2 to year t-1
Chg_Turnovert-1 Changes in the average monthly trading volume divided by shares outstanding from 

year t-2 to year t-1
Chg_Volatilityt-1 Changes in Volatility from year t-2 to year t-1
Chg_Intangiblet-1 Changes in the ratio of intangible assets to total assets from year t-2 to year t-1
Chg_RNDt-1 Changes in the ratio of R&D expense to total expense from year t-2 to year t-1
I_Long-Short A dichotomous variable indicating that the hedge fund increased its holdings in the 

firm, and, at the same time, there was an increase in the ETF short position
I_Upgrade An indicator variable equals 1 if an analyst upgrade is stated in relative terms or with 

an industry recommendation in quarter t + 1 and 0 otherwise
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