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We use text-based analysis of 10-K product descriptions to examine whether firms exploit
product market synergies through asset complementarities in mergers and acquisitions.
Transactions are more likely between firms that use similar product market language.
Transaction stock returns, ex post cash flows, and growth in product descriptions all in-
crease for transactions with similar product market language, especially in competitive
product markets. These gains are larger when targets are less similar to acquirer rivals and
when targets have unique products. Our findings are consistent with firms merging and
buying assets to exploit synergies to create new products that increase product differentia-
tion. (JELG14, G34, L22, L25)

It has long been viewed that product market synergies are key drivers of merg-
ers. Mergers are a quick way to potentially increase product offerings if syner-
gies arise from asset complementarities. One important dimension of synergies
is the ability of merging firms to create new products and differentiate them-
selves from rivals when merging firms have complementary askbtsles-
Kropf and Robinsor{2008) model similarity and asset complementarities as

a motive for mergers but do not present direct evidence of their importance.
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Little is actually known about the extent to which new product synergies and
asset complementarities impact mergers.

Our article provides evidence of synergies and new product creations us-
ing new methods based on textual analysis. We examine whether firms can
improve profit margins by merging with a target that is (i) similar to itself
and offers asset complementarities, but is also (ii) different frommivtds.

Our new measures of product similarity and new product introductions come

from text-based analysis of 49,408 10-K product descriptions obtained from

the Securities Exchange Commission (SEC) Edgar website. The importance
of synergies and product differentiation to merger success relates to whether
the target has skills or technologies that can help the acquirer differentiate its
product offerings from its rivals and improve profitabiltty.

Usingour new text-based methods, we find evidence consistent with merg-
ing firms that have high ex ante similarity and high ex ante differentiation
from the acquirer’s rivals increasing cash flows and new product introductions.
This evidence is consistent with product market synergies being important for
ex post merger success. Our measures use vector representations of the text
in each firm’s product description to develop a Hotelling-like product loca-
tion space for U.S. firm& Distancesetween firms on this 10-K—based prod-
uct location space measure the degree to which firms are different from rivals
(within and across industries), allowing independent measurement of the simi-
larity between acquirers and targets. Henceforth, we classify firms as “similar”
when they are close to each other in distance in this product location space and
“different” when a potential target is far away from a potential acquirer.

Our new measures allow us to test how asset complementarities (measured
using acquirer and target similarity) interact with product market competition
(measured using the relative crowding of rivals around a firm), to give firms
the incentive to conduct mergers to differentiate their products from their ri-
vals. Our new measures are unique in that they capture the relatedness of firms
in the product market space, and they have the ability to measure both within
and across industry similarity. In contrast, neither the Standard Industry Classi-
fication (SIC) nor the North American Industry Classification System (NAICS)
has a corresponding spatial representation or a continuous representation of the
pairwise similarity of any two firms.

We first report two new stylized facts. First, merger pairs are far more sim-
ilar than SIC- or NAICS-based measures would suggest. Even merger pairs
in different two-digit SIC codes (which are common) generally have high

Marny papers show that related mergers have higher ex post cash flowsr(desde, Mitchell, and Stafford

2001 and Betton, Eckbo, and Thorburn 20368r two surveys). Potential explanations also include increased
cost-efficiencies, decreased agency costs, increased pricing power, and synergies. The methodology in our article
can help distinguish among these explanations.

In addition to Hotelling’s (1929) linear representation of product differentiatiamcaster(1966) andSalop
(1979) show that product differentiation can be represented in a multidimensional spatial framework, and that
the degree of differentiation is fundamental to profitability and theories of industrial organization.
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similaritieswith each other. Second, we detect a high degree of heterogeneity
in the degree of similarity across merger pairs, allowing substantial power to
test our hypotheses. We emphasize that all of our results are robust to controls
for horizontal and vertical relatedness used in the existing literdture.

We report three central findings. First, transaction incidence is higher for
firms that are more broadly similar to all firms in the economy and lower for
firms that are more similar to their local rivals. We interpret the first incidence
result as an “asset complementarity effect,” since a firm that is more broadly
similar has more opportunities for pairings that can generate synergies. We re-
fer to the second incidence result as a “competitive effect,” since firms with
very near rivals must compete for restructuring opportunities given that a po-
tential partner can view its rivals as substitute partners. These incidence results
are significant economically and statistically for both large and small firms.

Second, long-term real outcomes are better (higher profitability, sales, and
evidence of new product introductions) when the target and the acquirer are
more pairwise similar. Our results, especially those related to new product in-
troductions and sales growth, suggest that merging firms with similar assets
use synergies from asset complementarities to introduce new products and im-
prove cash flows.

Third, outcomes are better when acquirers reside in ex ante competitive
product markets, and when the transaction increases the acquirer’s differen-
tiation relative to its rivals.

We differ from the existing literature in two major ways. First, the literature
has not focused on how asset complementarities and product differentiation
jointly affect acquisition choices, subsequent performance, and new product
development. Second, we present an innovative new methodology based on
text analysis that allows us to examine hypotheses that cannot be tested using
the SIC-code-based approach taken by existing studies. Our work is related to
that ofHoberg and Phillip§2009), who employ the same text-based empirical
framework to form dynamic industry classifications, which significantly out-
perform existing classifications in explaining firm characteristics in cross sec-
tion. Measures of product market competition based on these industries also
dominate alternatives in explaining observed firm profitability (central to theo-
ries of industrial organization). These findings are relevant to our own analysis
of mergers, which requires that measures of product market competition based
on our product market space are both powerful and consistent with theory.

Our research contributes to the literature on mergers, similarity, asset com-
plementarity, and industrial organizatiadealy, Palepu, and Ruba¢k992)
and Andrade, Mitchell, and Stafford2001) have documented increased
industry-adjusted cash flows following mergers. However, the literature has

For example Fan and Goya{2006) show that mergers that are vertically related using the input-output matrix
have positive announcement wealth effects in the stock market.
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not been able to identify whether asset complementarities allowing firms to
introduce new products are responsible for gains in cash flegtwsdes-Kropf

and Robinsor{2008) model asset complementarity and synergies as a motive
for mergers. Our evidence is consistent with their model. We discuss the related
literature in greater detail in the next section.

We also add to a new, growing literature that uses text analysis in finance.
Hanley and Hoberd2010) address theories of initial public stock offering
(IPO) pricing by examining prospectus disclosures on the SEC Edgar website,
and separate text into standard and informative contenighran and McDon-
ald (2009) examine the SEC’s Plain English rules on corporate finance out-
comes and disclosure. Outside of corporate finance, other studies that use text-
based analysis to study the role of the media in stock price formation include
those byTetlock (2007),Macskassy, Saar-Tsechansky, and Tetk@&308),Li
(2006), andBoukus and Rosenbe(g006).

The remainder of the article is organized as follows: Section 1 discusses
merger strategies and incentives to merge, Section 2 presents the data and
methodology used in this article and a summary of statistics, Section 3 in-
troduces our new empirical measures of product market similarity, Section 4
presents determinants of the likelihood of restructuring transactions, Section
5 discusses ex post outcomes upon the announcement of a merger and in the
long term, and Section 6 offers our conclusions.

. Incentives to Merge and Merger Outcomes

This section discusses the existing literature on mergers, and develops our hy-
potheses of how potential changes to product differentiation and competition
may affect both a firm’s decision to merge and its post-merger performance.

1.1 Relation to Previous Literature on Mergers
Our article focuses on how high ex ante product market competition creates
incentives to merge, and how mergers may create profits through synergies
and subsequent product differentiation. The central idea is that firms may wish
to merge with partners with complementary assets that expand their range of
products through new product introductions (enabling them to differentiate
from rival firms), while also picking partners that are related enough so that
they can skillfully manage the new assets.

This rationale for mergers is distinct from the existing motives in the fi-
nance literaturé.Hackbarthand Miao(2009) present a new theory examining

Existing reasons for mergers include technological industry shocks and excess industry cadacil, (
Shleifer, and Vishny 1988Jensen 1993Mitchell and Mulherin 1996;Andrade and Stafford 2004ar-
ford 2005), reduction of agency problemdefisen 1993), agency and empire building (Hart and Moore
1995), demand shocks and efficiency (Maksimovic and Phillips 206¢anovic and Rousseau 200Zng
2008), industry life cycle Maksimovic and Phillips 2008 and to reallocate corporate liquiditAlneida,
Campello, and Hackbarth 2009
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therole of synergies in an oligopoly setting, aRthodes-Kropf and Robinson
(2008) also consider synergies through asset complementarities as a motive for
mergers. Neither explores how competition impacts the motive to merge, and
neither empirically examines the role of ex post new product introductions.
We use text-based methods to directly measure similarity and potential asset
complementarity of merger partners rather than inferring it using market-to-
book ratios. Perhaps more importantly, using new techniques, our article can
measure potential synergies, how similar merging firms are from rivals, and
how product descriptions grow post-merger.

In addition to increases in product differentiation, key to understanding ex
post performance after mergers are measures of relatedness of the target and
acquirer. As emphasized by many authors, related acquisitions have the poten-
tial to perform better, since the acquirer is likely to have existing skill in op-
erating the target firm’s assetéaplan and Weisbac{1992) show that related
mergers are less likely to be divested subsequently by the acquirer, although
they do not find any difference in the performance of diversifying compared
with non-diversifying mergerdiiaksimovic, Phillips, and Prabhafa008) find
that acquirers with more skill in particular industries are more likely to main-
tain and increase the productivity of the assets they acquire and keep in related
industriesFan and Goyaf2006) show that mergers that are vertically related
using the input-output matrix have positive announcement wealth effects in
the stock market (althougKedia, Ravid, and Pons 20G$how that this re-
verses after 1996). While partially informative, SIC codes cannot measure the
degree to which firms are similar within and across industries. Our study shows
that many merging firms have highly related product market text even though
they have different two-digit SIC codes that are not related. Most importantly,
discrete measures of relatedness cannot capture how related rivals are to the
merging firms both within and across industries.

Research in industrial organization has also studied mergers in industries
with existing differentiated productBaker and Bresnahg©985) theoretically
model how mergers can increase pricing power by enabling post-merger firms
to increase prices. The prescribed policy is for acquirers to merge with
firms whose products are close substitutes to their own, where nonmerging
firms produce only distant substitutes. Pricing power is enhanced by merging
because post-merger firms face an increased steepness in their residual (in-
verse) demand curves. More recently, followiBgrry, Levinsohn, and Pakes
(1997), the approach of the product differentiation literature has been to esti-
mate demand and cost parameters in specific markets, including the ready-to-
eat cereal market (Nevo 2000

In this article, however, we focus on the incentives for firms to mergkfio
ferentiatethemselves and to exploit asset complementarities. Using text-based
measures, we examine how firms are related to each other without relying
on predefined industries. We can measure product similarity across arbitrary
firms and in time series, allowing us to test for new product introductions more
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broadly and across multiple industries. Our analysis is related conceptually
to the empirical question raised Berry and Waldfoge(2001), who studied
competition in the radio broadcasting market and showed that the number of
broadcasting formats increased post merger. Our approach is also related to
other recent studies, including thoseMgzzeo(2002) andSeim(2006), who,

while not examining mergers, also focus on the incentives for firms to differ-
entiate themselves.

1.2 Hypotheses

We now develop specific hypotheses based on the aforementioned theories of
merger pair similarity and industrial organization. Our first two hypotheses
concern the probability that a given firm will become part of an acquisition.
Our third hypothesis formulates predictions regarding ex post outcomes.

Hypothesis 1 (H1): Asset SimilarityFirms are more likely to merge with
other firms whose assets are highly similar or related to their own assets.

Hypothesis 2a (H2a): Differentiation from RivalsAcquirers in competitive
product markets are more likely to choose targets that help them to increase
product differentiation relative to their nearest ex ante rivals.

Hypothesis 2b (H2b): Competition for Target&irms with high local prod-
uct market competition are less likely to be targets of restructuring transactions
given the existence of multiple substitute target firms.

Key to testing these hypotheses is the degree of similarity. The rationale for
H1 is that firm management has certain skills or abilities that can be applied
to the similar assets without decreased returns to scope. H2a captures the ef-
fect that acquirers will wish to merge to differentiate themselves from existing
competition. H2b suggests that competition will reduce the likelihood that any
given firm will merge, because it must share the likelihood of participating in
a given opportunity with its highly similar rivals. Key to testing H1 and H2b
is the degree of similarity. The effects of H2b are likely to be stronger where
firms are very similar. For example, identical firms would have to compete in
order to merge with a third firm offering new synergies requiring their tech-
nology. In contrast, the effects of H1 are more likely to hold where firms are
moderately similar, because such firms are less viable substitutes.

Our remaining hypothesis focuses on long-term outcomes.

Hypothesis 3 (H3): Synergies through Asset Complementaritidsguir-
ers buying targets similar to themselves are likely to have asset complementar-
ities and experience future higher profitability, sales growth, and new product
introductions.

The reasons why acquirer and target pairwise similarity should result in pos-
itive outcomes, as in H3, are numerous, as discussed in Section 1.1. Our pri-
mary rationale is that, in addition to these motives, new products developed
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usingtechnology from similar targets with complementary (similar) assets are
also more likely to succeed, as shownRigodes-Kropf and Robinsd2008).

We also note that key to the success of asset complementarities is the abil-
ity to differentiate the acquirer from existing rivalsOverall, key to maxi-
mizing gains is finding a target that is both similar to self and different from
rivals.

We illustrate these hypotheses using the merger of General Dynamics (GD)
and Antheon (the “GDA’ merger). We base our discussion on actual similar-
ity data (described in Section 2). Figure 1 displays the GDA merger and the
ten nearest rivals surrounding both firms. Firms with a label “G” are General
Dynamics’ closest rivals, and firms with an “A’ are Antheon'’s closest rivals.
This merger illustrates a key benefit of our methodology over SIC codes: Al-
though they make highly related products, these firms have different two-digit
SIC codes.

Both firms offer products that are indeed related (Antheon is GD’s eleventh
closest rival and GD is Antheon’s second closest) but are also somewhat dif-
ferent. GD focuses on large “old economy” military equipment, including land
vehicles and ships. Antheon serves the same primary client but focuses on mil-
itary applications based on computing and intelligence. Figure 1 also shows
that GD faced competition from rivals, including Lockheed, United Defense,
and Northrup Grumman.

The GDA merger is consistent with GD choosing Antheon because it is sim-
ilar enough to permit asset complementarities and new product synergies (H3),
as well as successful managerial integration. Here, new products might take the
form of military vehicles that incorporate real-time applications of Antheon'’s
technology, given the growing role of information in defense. This merger also
might help GD to differentiate itself from its rivals and introduce new products,
which in turn will improve profit margins. Importantly, this notion of similar
but different is underscored by comparing the chosen target with a hypothetical
merger between GD and one of its other near rivals, such as Northrup Grum-
man, which likely offers fewer ways to differentiate GD’s products from its
closest rivals.

In addition, in Figure Al of the Online Appendix, we show a visual repre-
sentation of the Disney and Pixar merger. These firms were classified as being
in different two-digit SIC codes. However, our similarity measure shows arich
array of relatedness prior to the merger as they both are in each other's 10
most similar firms and they also share many of the same closest 10 firms. Thus
the Disney-Pixar merger is consistent with Disney choosing Pixar because it is
similar enough to permit asset complementarities and new product synergies.
Following the merger, many Disney computer-animated movies {@gStory,

5 Recent(Mazzeo 2002 Seim 2008 and historical studies in industrial organization beginning with Hotelling
(1929) suggest that firms that differentiate themselves should be more profitable.
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Figure 1

The large dashed circles give a visual depiction of General Dynamics’ and Antheon’s ten closest rival firms
determined using our measure of product similarity described in Section 2.

Antheon is General Dynamics’ eleventh-closest rival, and General Dynamics is Antheon’s second-closest rival.
Each additional firm shown has a header beginning with the letter “G” or “A” followed by a number. This
identifies which firm’s circle of ten nearest rivals the given firm exists in, and also how close the given firm is
to either General Dynamics or Antheon. For example, Alliant has a code “G7” and is thus General Dynamics’
seventh-closest rival. The random firm pairings group is based on the pairwise similarity of two randomly drawn
firms. For consistency with the other groups, we draw the random firms from the set of firms that participated in
acquisitions (results are nearly identical if firms are randomly drawn from the set of firms that did not participate
in acquisitions). For each firm, we also report its primary three-digit SIC code in parentheses.

A Bug's Life, Caryhave been produced using Pixar technology and distributed
by the merged company.

. Data and Methodology

o

2.1 Data Description

A key innovation of our study is that we use firms’ 10-K text product de-
scriptions to compute continuous measures of product similarity for every
pair of firms in our sample (a pairwise similarity matrfVe construct these
text-based measures of product similarity (described later in this section) us-
ing firm product descriptions obtained directly from 10-K filings on the SEC
Edgar website. Our primary sample includes filings associated with firm fis-
cal years ending in calendar years 1997 to 2006. We also compute similarities
for 1996 and 2007 but use the 1996 data to compute only the starting value

We also considered whether variables based on the properties section of the 10-K might help to separate asset
similarities and product similarities. After carefully examining this section for a sample of 100 documents,
however, we concluded that the properties section almost exclusively describes real estate holdings and the
location of the firm’s corporate headquarters, rendering it inapplicable for this purpose.
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of lagged variables and the 2007 data to compute only the values of ex post
outcomes.

We create our primary firm-year database by merging the 10-K database
with the Compustat/Center for Research in Security Prices (CRSP) database
using the central index key (CIK), which is the primary key used by the SEC
to identify the issuef. We then link this firm-level database to the Securities
Data Company (SDC) Platinum database of mergers and acquisitions to create
a transaction-level database.

We electronically gather 10-Ks by searching the SEC Edgar database for fil-
ings that appear as “10-K,” “10-K405,” “10KSB,” and “10KSB40.” The Edgar
database for the years prior to 1997 is less complete because electronic fil-
ing was not required until 1997. Of the 56,540 firm-year observations with
fiscal years ending in 1997-2006 that are present in both CRSP and Com-
pustat, we are able to match (using the CIK number) 55,326 (97.9% of the
CRSP/Compustat sample). We can also report that our database is well bal-
anced over time, since we capture 97.6% of the eligible data in 1997, and
97.4% in 2006, and this annual percentage varies only slightly in the range
of 97.4% in 2006 to 98.3% in 2001. Because we do not observe much time

variation in our data coverage, and because database selection can be deter-

mined using ex ante information (i.e., the 10-K itself), we do not believe that
our data requirements induce any bias. Our final sample size is 50,104 rather
than 55,326 because we additionally require that lagged Compustat data items
(assets, sales, and operating cash flow) be available before observations can b
included in our analysis.

For each linked 10-K, we extract the product description section. This sec-
tion appears as Item 1 or Item 1A in most 10-Ks. We use a combination of
Perl web-crawling scripts and APL [A Programming Language] to extract and
process this section. The web-crawling algorithm scans the Edgar website and
collects the entire text of each 10-K annual report, and APL text-reading algo-
rithms then extract its product description and other identifying information,
including its CIK number. This process is supported by human intervention
when non-standard document formats are encountered. This method is highly
reliable and we encountered only a very small number of firms that we were
not able to process because they did not contain a valid product description or
because the product description had fewer than 1,000 characters.

Althoughwe use data for fiscal-year endings through 2007, we extract documents filed through December 2008,
because many of the filings in 2008 are associated with fiscal years ending in 2007. This is because 10-Ks are
generally filed during the three-month window after the fiscal year ends.

We thank the Wharton Research Data Service (WRDS) for providing us with an expanded historical mapping of
SEC CIK to Compustat gvkey, since the base CIK variable in Compustat contains only current links. Although
somewhat rare, a small number of links have changed over time. Our results are robust to using either the WRDS
mapping or the Compustat mapping.
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2.2 Product Similarity

We consider three measures to evaluate the similarity of the text in product
descriptions: basic cosine similarity, local cosine similarity, and broad cosine
similarity. Basic cosine similarity is a widely used method for evaluating tex-
tual similarity (see, e.gKkwon and Lee 2008 Local cosine similarity is moti-

vated by the concept of “cliques” in social networks and is analogous to the lo-
cal clustering measure (s@éatts and Strogatz 199&ranovetter 1973 Broad

cosine similarity is the complement of local similarity, and focuses on words
that tend to cluster less. The local and broad measures add power to our tests
and improve the focus of our interpretatichs.

Although we provide an overview in this section, we provide a complete
technical description of similarity calculations in the Appendix. We start by
building a list of all unique words used in all documents in a given year. We
then discard all common words (those used in more than 5% of all 10-Ks).
The resulting list ofN non-common words is the “main dictionary.” We then
represent each firm as &trvector summarizing its usage of thewords, and
we normalize each vector to unit length. Intuitively, each firm’s normalized
vector lies on a unit sphere, and hence this method generates an empirical
product market space analogous to a Hotelling grid, with all firms having a
specific address. The cosine similarity of these vectors is bounded in the range
[0,1], and firms having descriptions with more words in common have a higher
similarity. The normalization avoids over-scoring larger documents.

The local and broad cosine similarities are computed in an analogous fash-
ion, except that they use different dictionaries. Local similarity is based on
words that tend to appear with a common group of related words (i.e., they
appear in “word cliques”). Intuitively, product market words are likely to have
this property. For example, the wordsla, beverageanddrink should often
appear together in a 10-K product description if they appear at all. We provide
many examples of words in the “local dictionary” in Section 3. We believe that
words in the local dictionary are strongly represented by words that are unique
to local product markets.

We divide all words in the main dictionary into the local dictionary and the
broad dictionary. The broad words are not common words, which have been
screened out earlier, as discussed. Rather, they are non-common words that do
not generally appear in cliques. Although these words are generally not spe-
cific to a local product market, they are often indicative of a firm having assets
that can be easily redeployed to other product markets. Examples of words
in the broad dictionary consistent with this interpretation incladatainer,
painting, pallet, frames, forecasting, learning, fabrasydsalespeople. On the
other hand, the broad dictionary is far more likely to contain noisy words with

However, we also note that our study’s results are robust to just employing measures based on the basic cosine
similarity measure, as was done in an earlier draft. We thank an anonymous referee for motivating us to consider
more targeted measures.
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lesseconomic content, includingereby, recognizable, instrumental, reflec-
tion, andinsert. We construct the following variables for each firm-year in our
main database:

Product Similarity (10 Nearestlor a given firm, this variable is the average
pairwise similarity (using the local dictionary) between firrand its
ten most similar rivalg. The closest rivals are the ten firms with the
highest local similarity to.

Broad Similarity (All Firms) For a given firmi, this variable is the average
similarity (using the broad dictionary) between fiinand all other
firms j in the sample.

% Neighbor Patent Wordd-or each firmi, this is the percentage of words
in its product description having the word roots “patent,” “copyright,”
and “trademark.”

Last Year 10 Nearest Fraction Restructuréer firmi, this variable is the
fraction of its ten closest rivals (using the local dictionary) that were
either targets or acquirers in the previous year according to the SDC
Platinum database.

We compute the following variables for each transaction in our transaction
database:

Target + Acquirer Product SimilarityFor a given merger pair (target and
acquirer), this is their pairwise similarity (using the local dictionary).

Gain in Product Differentiation: This variable is the target’s average pairwise
distance from the acquirer’s ten nearest rivals, minus the acquirer’s av-
erage distance from its ten nearest rivals, all using the local dictionary.
This variable measures the degree to which an acquirer gains product
differentiation from its rivals by purchasing the given target.

Given our article’s focus on local product markets, we use the local dictio-
nary to construct all but one variable. Because this list has fewer noisy words,
this approach increases the accuracy of our measures, as well as the clarity
of their interpretation. Although the one measure based on the broad dictio-
nary (we interpret broad similarity as asset redeployability) might be subject
to greater noise in its measurement, this concern is offset by the fact that this
variable is also constructed as a similarity averaged over far more firm pairings,
which reduces noise.

In an Online Appendix, we test whether our similarity variables are valid
measures of product market competition. This validation is based on a large
body of theoretical and empirical literature predicting that higher product sim-
ilarity to near rivals will be associated with lower profitability. This litera-
ture includes recent models that endogenize product chMegZeo 2002;
Seim 2006), and historical studies that first considered product differentiation
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(Chamberlin1933; Hotelling 1929). We find strong evidence that our prod-
uct similarity variable is negatively related to profitability. This test is also
related to the study byloberg and Phillipg2009), who employ the same
empirical product market space to form new industry classifications and test
links to profitability. These findings are relevant because our discussion re-
lies on this validated link between 10-K product similarity and product market
competition.

Product similarities are most intuitive when firms have only one segment.
Our computer-based algorithms are not able to separate the text associated
with each segment of conglomerate firfsHowever, we believe that simi-
larities measured relative to conglomerates are still informative regarding the
competition faced by the firm in all of its segments. To the extent that multiple
segments might add noise to our measures, we do not see this as a problem,
since it would only bias our results away from finding significant results. How-
ever, to ensure that our inferences are robust, we also rerun all of our tests us-
ing the subsample of single segment firms. Although not reported to conserve
space, our results change little in this subsample.

2.3 Other Control Variables

Past studies seeking to measure product differentiation have been forced to rely
on industry definitions based on SIC codes. We thus control for the following
standard measures of industry competition and merger similarity based on SIC
codes:

Sales Herfindahl-Hirschman Index (HHI) (SIC-3)Ve use the two-step
method described bidoberg and Phillipg2010) to compute sales-
based Herfindahl ratios for each three-digit SIC code. This method
uses data based on both public and private firms to compute the best
estimate of industry concentration given the limited data available on
private firm sales.

Last Year SIC-3 % Restructureior a given firmi, we compute the percent-
age of firms in its three-digit SIC code that were involved in restruc-
turing transactions in the previous year according to the SDC Platinum
database.

Same SIC-3 Industry Dummy: For a given merger pair, this variable is 1 if the
two firms are in the same three-digit SIC code.

Vertical Similarity Dummy: For a given merger pair, this variable is 1 if the
two firms are at least 5% vertically related. We use the methodology

10 Multiple segments appear in product descriptions, but automated text-reading algorithms cannot separate the
text attributable to each due to the high degree of heterogeneity in how segment descriptions are organized.

11 |n some cases, significance levels decline from the 1% level to the 5% or 10% level due to reduced power.
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describedn Fan and Goyal2006) to construct this variable. In partic-
ular, based on four-digit SIC codes of both the target and the acquirer,
we use the Use Table of Benchmark Input-Output Accounts of the US
Economy to compute the fraction of the inputs that are from the other
firm’s SIC industry. If this percentage exceeds 5% for either firm, then
the dummy is set to 1.

Although SIC codes are informative in many applications, we present ev-
idence that SIC codes only weakly measure competition and merger simi-
larity. We also include controls for the following variables at the transaction
level:

Target and Acquirer ProfitabilityThe pre-announcement profitability for tar-
gets and acquirers is included when we estimate our predicted target
and acquirer regressions. Profitability is defined as operating cash flow
divided by sales.

Target Relative Siz& he pre-announcement market value of the target divided
by the sum of the pre-announcement market values of the target and
the acquirer.

Merger Dummy: A dummy equal to 1 if the given transaction is a merger
and to zero for an acquisition of assets. We examine only these two
transactions.

Merger x Relative Size: The cross product of the above two variables.

Log Total Size The natural logarithm of the sum of the pre-announcement
market values of the target and the acquirer.

3. Mergers and Product Market Similarity

We begin by comparing our similarity measures with historical measures. To
show their uniqueness relative to SIC codes, we consider the set of acquisitions
that are in different two-digit SIC codes. Although past studies would label
them as dissimilar, we show that they are in fact highly similar. Taliks the

35 restructuring pairs in 2005 that are most pairwise similar despite the fact that
they reside in different two-digit SIC codes. All 35 are in the 99th percentile of
similarity relative to the distribution of all firm pairings.Thefirms on the list,

given their business lines, suggest that the high degree of similarity we report
is, in fact, due to real product similarities. For example, petroleum and pipeline
firms are related. Newspapers and radio are also related and can be viewed as

12 Although we report only the top 35 due to space constraints, there are actually 57 acquisitions in different
two-digit SIC codes in the 99th percentile in 2005 and 98 deals in the 95th percentile or better.
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substitutesources of advertising despite their being in different two-digit SIC
codes.

To further illustrate how the algorithm rated these firms, Tabtésplays
the full list of words that were common for the first ten of these related trans-
actions. In the Online Appendix, we present the word lists for the remaining
transactions in Tabl&. Table2 further illustrates the limitations of using SIC
codes as an all-or-nothing classification of merger pair similarity. The word
lists suggest that the similarity calculations are indeed driven by product mar-
ket content. Key to this result is our focus on non-common words and on words
in the local similarity dictionary. These steps help to eliminate document tem-
plates, legal jargon, and other non-product content. The list of similar words
for each pair is also substantial, indicating that our identification of similarity
is informative.

Table 3 displays summary statistics for our firm- and transaction-level
databases. Fifteen percent of the firms in our firm-level database were targets
of either a merger or an acquisition of assets, and 28.7% were acquirers. These
numbers are somewhat larger than some existing studies because (i) our sample
includes more recent years in which transactions were more common; (ii) these
figures include both mergers and partial acquisitions; and (iii) transactions are
included if the counterparty is public or private. We next report the fraction of
targets and acquirers by transaction type, and find that mergers (4.2% targets
and 10.6% acquirers) are less common than asset acquisitions (10.8% targets
and 18.1% acquirers).

Product similarities are bounded in the range [0,1]. The average broad simi-
larity (across all firms) is 0.022 (or 2.2%). The average local similarity between
a firm and its ten closest neighbors is considerably higher at 20.1%. The aver-
age sales-based HHI for firms in our sample is 0.048. The average percentage
of 10-K words having the word roots “patent,” “copyright,” and “trademark”
is 0.255%.

In Panels B and C, we report summary statistics for the transaction-level
database and ex post outcomes. The average acquirer experienced an announce-
ment return very close to zero, and the average target experienced an an-
nouncement return of 5.4%. The average merger pair is 11.4% similar. Panel
C shows that the average acquiring firm experiences little change in industry-
adjusted profitability or industry-adjusted sales growth over one- to three-year
horizons.

Table 4 displays Pearson correlation coefficients between our measures of
product differentiation and other key variables. Broad similarity relative to all
firms is 13.7% correlated with local similarity relative to the ten nearest neigh-
bors13 We also find that the sales HHI variable is rougki0% correlated

Althoughwe focus on the 10 nearest neighbors in most of our analysis, our results change little if we instead
measure similarity relative to the 100 nearest neighbors.
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Table 2
Common words for merging firms from Table | with high similarity

Acquir er (Industry) + Target (Industry): list of common w ords

chemotherapy,chugai,cinacalcet,circumvent,colorectal,cytotoxic,dialysis,disorder,doses,dosing,egfr,
endothelial,endpoint,epidermal,expression,gene,genentech,genmab,glaxosmithkline,hormone,

hyperparathyroidism,idec,immune,immunex,immunology,inducing,infections,inflammation,inflammatj
ingelheim,inhibiting,inhibitor,insulin,interleukin,investigator,kidney,kinase,kirin,malignancies,medicall
merck,metabolic,metastases, metastatic, mimpara,mineral,molecule,monoclonal,monotherapy,myers
neurological,novartis,oncology,outpatient,panitumumab,parathyroid,payers,pdgf, pfizer,pharma, pivot:

transkaryotic,tumor,tumors,vascylayeth

AmgenInc (SIC3=283, Medicinal Chemicals & Botanicals) + Abgenix (SIC3=873, Biological Resedrch):
abbott,abgenix,abnormal,alpha,amgen,antibodies,antibody,appeared,autoimmune,beneficiaries,biogen,
biologic,biologics,biology,biopharmaceutical,boehringer,bone,brain,breast,bristol,calcium,cancers,cdrcinoma,

elevated,

ory,

,

Al

platelet, progression,prostate,psoriasis,radiation,reactions,receptor,receptors,recombinant,refractory,renal,
repligen,roche,sensipar,serum,squibb,statistically,supportive,suppression,symptomatic,systemic,tissues,

Atlas Pipeline Partners LP (SIC3=492, Natural Gas Transmission) + Enogex Arkansas Pipeline (SIC
Crude Petroleum & Natural Gas):
abandonment,anadarko,basin,basins,belvieu,compressors,condensate,continent,conway,cubic,dian

wellhead

=131,

Belo Corp (SIC3=271, Newspapers) + WUPL-TV,New Orleans (SIC3=483, Radio Broadcasting):
advertiser,advertisers,affirmed,attribution,audience,audiences,broadcaster,broadcasters,broadcasti
broadcasts,carriage,compulsory,digitally,distant,dmas,duopolies,duopoly,fare,flag,frequencies,hispal
indecency,indecent,morning,multichannel,netratings,nielsen,norfolk,orleans,piracy,primetime, purpor
reauthorization,remand,remanded,retransmission,revoke,saturday.subscriptions,supreme, syndicate
transmissions,viewer,viewers,voiceaywer

g,
nic,

Chemiconinternational Inc (SIC3=283, Medicinal Chemicals & Botanicals) + Cell & Molecular
Technologies-(SIC3=873, Biological Research):
antibodies,assays,bacteria,biochemical,biology,biomedical,bioreactors,biosciences,chemicon,clonin

reagents,receptor,recombinant,selectivity,sera,serologicals,signaling,stem, visgasi

g,

enzymes,experimental,experiments,expression,fermentation,fractionation,gene,genes,genetically,gpcr,
hormones,infectious,isolate,mammalian,merck,molecule,neuroscience,organisms,purification,purified,

mental,misconduct,odoc,offenders,prison,prisons,privatized,queens,rehabilitative,wackeghut,zole

CorrectionalProperties (SIC3=679, Misc Investing) + Geo Group (SIC3=874, Management Services): ade-
lanto,appropriations,beds,broward,counseling,detainees,detention,falck,hobbs,inmateinmates,lawtgn,male,

EagleHosp Prop (SIC3=679, Misc Investing) + Hilton Glendale (SIC3=701, Hotels & Motels):
accumulates,bookings,contrary,embassy,franchisees,franchisor,guest,guests,hilton,illiquidity,insurin
loyalties,renovation,repositioning,reservation,reservations, rsyis, swimming,upscale

y,lodging,

ExpressScripts (SIC3=874, Management Services) + Priority Healthcare (SIC3=809, Misc Health Se
accreditation,admit,advancepcs,alerts,asthma,beneficiaries,caremark,counseling,dispense,formular

referring,reimbursable,remuneration,scripts,soliciting,stark,subpoena,unclear,unconstitutional,violati
willfully

vices):
es,

formulary,harbors,hipaa,hmos,implicate,inspector,kickback,medco,medication,medications,medicings,nurses,
nursing,outpatient,pbms,pharmacies,pharmacist,pharmacists,pharmacy,ppos,prescribing,prescriptions,

ng,

FirstNiagara Finl (SIC3=603, Savings Institution) + Burke Group (SIC3=874, Management Services)|
accruing,annuities,bureaus,conservator,continuance,creditworthy,disbursement,fnma,gnma,improb

worse

ble,

inadequately,insiders,iras,marketability, mention,negotiable,nonaccrual,obligor,pertinent,pledging,qualifies,
questionable,reckless,repurchases,revising,student,substandard,tying,uncollectible,unimpaired,whighever,

ming):

appropriated,ballistic,battle,cargo,civilian,combatant,commanders, corps,deployments,destroyer,fig
littoral,missile,missions,munitions,naval,reconnaissance,shipbuilding,submarine,submarines, tactical
undersea,unfunded,wark,weapons

GeneralDynamics (SIC3=372, Aircraft & Parts) + Anteon International (SIC3=737, Computer Projram—

ter,

GEOGroup (SIC3=874, Management Services) + Correctional Services (SIC3=922, Miscellaneous);

renovate,renovation,sexual,vocational ,werdhut

accreditation,anger,appropriations,beds,confinement,counseling,custody,detainees,detention,inmate,inmates,
jail,male,marshals,mental,misconduct,offenders,prison,prisoners,prisons,privatized,psychiatric,rehabilitative,

This table presents the common words for the first 10 mergers from Table I. Firms are both (1) in different
two-digit SIC codes; and (2) the first 35 mergers with the highest pair similarities in 2005 (all are in the 99th

percentile). The word lists for the remaining mergers from Table | are presented in Appendix II.
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Table 3
Summary statistics
Std.
Variable Mean Dev. Minimum  Median  Maximum Obs.
Panel A: Firm Variables
Target Dummy 0.150 0.357 0.000 0.000 1.000 50,104
Acquirer Dummy 0.287  0.452 0.000 0.000 1.000 50,104
Target of Merger Dummy 0.042 0.201 0.000 0.000 1.000 50,104
Acquirer in Merger Dummy 0.106  0.308 0.000 0.000 1.000 50,104
Target of Acg. of Assets Dummy 0.108  0.311 0.000 0.000 1.000 50,104
Acquirer of Acq. of Assets Dummy 0.181  0.385 0.000 0.000 1.000 50,104
Broad Similarity (All Firms) 0.022  0.006 0.003 0.022 0.059 50,104
Product Similarity (10 nearest) 0.201  0.088 0.031 0.183 0.740 50,104
Fraction 10 Nearest Restructuring 0.377  0.200 0.000 0.400 1.000 50,104
Fraction SIC-3 Restructuring 0.363 0.144 0.000 0.353 1.000 50,104
Log Assets 5.483  2.108 —2.919 5.405 14.210 50,104
SIC-3 Industry Sales-based HHI 0.048 0.026 0.000 0.044 0.229 50,104
% Patent Words 0.255 0.346 0.000 0.130 5.268 50,104
Panel B: Transaction Level Variables
Target Ann. Return (event day) 0.054 0.172 -0.834 0.006 4.373 6,629
Acquirer Ann. Return (event day) 0.000 0.054 —0.620 —0.000 1.657 6,629
Combined Firm Ann. Return (eventday) 0.004  0.042-0.337 0.001 0.755 6,629
Gain in Product Differentiation 0.005 0.078 -0.658 0.002 0.726 6,629
Merger Pair Similarity 0.114  0.089 0.000 0.097 0.310 6,629
Panel C: Acquirer Ex Post Real Performance
1-YearA Profitability (scaled by assets) —0.005 0.083 —0.873 0.001 0.902 4,779
3-Year A Profitability (scaled by assets) —0.014 0.111 —1.145 —0.002 0.932 4,779

1-Year A Profitability (scaled by sales) —0.004 0.123 —1.148 —0.003 1.321 4,779
3-YearA Profitability (scaled by sales) —0.021 0.175 —1.291 —0.010 1.595 4,779
1-Year Sales Growth 0.035 0.555 -1.859 —0.008 10.000 4,779
3-Year Sales Growth —0.019 1.071 —-4.990 —0.128 10.055 4,779

Summarystatistics are reported for our sample based on 1997 to 2006. Product similarities are measures that lie
in the interval (0,1) based on the degree to which two firms use the same words in their 10-K product descriptions
(see Appendix 1). A higher similarity measure implies that the firm has a product description more closely related
to those of other firms. We compute local product similarities based on the ten nearest firms and a broad similarity
based on all firms excluding the 10 nearest. The fraction of nearest neighbors that were involved in restructuring
transactions in the past year is computed based both on the firm’s ten nearest neighbors and on three-digit SIC
codes. The % patent words variable is the percentage of words in the 10-K product description having the
same word root as the worgatent,copyright, andtrademark Announcement returns are net of the CRSP
value-weighted index and are measured relative to the announcement day. The gain in product differentiation is
the product distance from the target to the acquirer’s ten nearest neighbors, less the acquirer’s distance to its ten
nearest neighbors. We compute three measures of ex post acquirer real performance. All are based on the first set
of accounting numbers available after the transaction is effective (call this the “effective year”), and we consider
one- to three-year changes in industry-adjusted performance thereafter (this method avoids bias from trying
to measure the pre-merger performance of two separate firms). We compute industry-adjusted profitability as
operating income divided by assets or sales in each year, and we then truncate the distribution at (-1,1) to control
for outliers (winsorizing produces similar results). We then compute the change in this variable from the effective
year to one to three years thereafter. We compute industry-adjusted sales growth as the ex post sales divided by
the level of sales in the effective year.

with the product similarity variables. This suggests that firms in concentrated
industries have somewhat lower product similarities, which is consistent with
higher product similarity and lower HHI both being associated with product
market competition. However, this correlation is modest, and both measures
contain distinct information. Overall, we conclude that most correlations are
small and that multicollinearity is unlikely to be an issue.
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3.1 The Similarity Measure

Figure2 displays the distributional properties of our local pairwise similarity
measure. The uppermost graph displays the distribution of local similarities for
all randomly chosen firm pairs (i.e., we do not condition on restructuring). The
vertical axis is the frequency, and the horizontal axis is the pairwise similarity
expressed as a percentage. Randomly chosen firms generally have similarity
percentages ranging from zero to 3, but a relatively fat tail also stretches to
scores of 10%. The second graph displays similarities for firms entering into
restructuring transactions. Our broad conclusions are that restructuring pairs
are highly similar relative to randomly selected firms, and that merger pair
similarities are quite diverse, with considerable mass attached to values ranging
from zero all the way to 40.

Existing studies measure merger pair similarity by asking if the target and
acquirer reside within the same SIC code. The third and fourth graphs con-
firm that product similarities are very high for merger pairs in the same two-
and three-digit SIC codes. However, the high diversity of similarities within
these groups illustrates that SIC codes are too granular to capture all product
heterogeneity.

Perhaps more striking are the high levels of similarity for merger pairs resid-
ing in different two-digit SIC codes in the bottommaost graph. When compared
with the topmost graph, this is striking because studies assessing merger pair
similarity on the basis of SIC groupings would label these pairs as dissitfiilar.
Thefirst and last graphs of Figure 2 suggest that identifying diversifying merg-
ers using two-digit SIC codes is likely inaccurate, since most of these trans-
actions are actually very similar. Many mergers with different two-digit SIC
codes actually have much higher measures of similarity than random firm pairs.
Thus the findings of studies related to thatdgplan and Weisbac1992) that
mergers classified as diversifying perform as well as those classified as related
might now be consistent with the proposition that related mergers perform
better.

. Merger and Asset Acquisition Likelihood

In this section, we use logistic models to test whether firms are more likely to
merge when they are broadly more similar to other firms (H1) and when they
are locally more similar to their nearest rivals (H2b).

4.1 Transaction Incidence

Table5 displays the results of logistic regressions in which one observation is
one firm in one year. All reported figures are marginal effects,tastdtistics

are reported in parentheses. The dependent variable is a dummy equal to 1 if

14 Theseresults are also robust to excluding vertically related industries.
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Random Firm Pairings
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Merger Pairings (All)
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Merger Pairings (Same SIC-3)
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Merger Pairings (Same SIC-2)

R L U O S | A N O S G S L S

Merger Pairings (Different SIC-2)

LA L T R AN R O A I S S

Figure 2

Distribution of product similarity for random firm pairings and merger pairings.

Each plot is an empirical density function, and total probability mass sums to one. The lower axis reflects simi-
larities between zero and 100 (similarities are displayed as percentages for convenience). We truncate displayed
results at 50%. The small number of outliers with values higher than 50% are represented by the probability
mass assigned to the last bin. The random firm pairings group is based on the subsample of firms that merged,
but the differences are taken with respect to a randomly chosen pair of firms in this subsample (results nearly
identical in the set of firms that did not merge). The lower four plots are based on actual merger pairs.
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the given firm is an acquirer of a restructuring transaction in a given year
(Panel A) and a dummy equal to 1 if the given firm is a target (Panel B). In
all specifications, we repottstatistics that account for clustering at the year
and industry level.

Table 5 shows that a firm is more likely to be an acquirer or a target (es-
pecially an acquirer) if its broad product similarity to all firms is high. These
results are consistent with H1. This result is highly significant for acquirers at
the 1% level regardless of specification. It is significant at the 1% level or the
5% level for targets$® Our later tests support the interpretation of these results
through the lens of asset complementarity, and not with cost reductions.

Second, consistent with H2b, firms in highly competitive local product mar-

kets are less likely to restructure either as targets or as acquirers. The local

product similarity relative to a firm’s ten nearest rivals significantly negatively
predicts transaction likelihood at the 1% level for both targets and acquirers.
We interpret this as a “competitive effect,” since firms having very similar ri-
vals must compete for restructuring opportunities. Later in this section, we
confirm that both the asset complementarity effect (H1) and the competitive
effect (H2b) are economically significatft.

Table5 also shows that firms using more patent words in their product de-
scriptions are more likely to be targets. A likely explanation is that patents,

copyrights, and trademarks serve as measures of the potential for unique prod-
ucts. Hence a firm that needs a technology protected by patents has few options

to acquire it outside of merging with the patent holder.

The table also shows that the SIC-baSades HHIvariable is negatively
related to restructuring for acquirers, and generally unrelated for targets. A
possible explanation for the strong negative link for acquirers is that firms
might anticipate federal regulations that block acquiring firms in concentrated
industries. It is also possible that HHIs load on the asset complementarity
effect more than the competitive effect. We conclude that concentration mea-
sures and product similarity measures should be jointly considered in stud-
ies of product market competition because they contain distinct information.
We also find that recent restructuring predicts future restructuring for both

SIC-based and product-similarity—based measures. Moreover, consistent with

Maksimovic and Phillipg2001), we find that more profitable firms are more
likely to be acquirers, and less profitable firms are more likely to be
targets.

Theresults are also not driven by functional form, since they change little in an ordinary least squares linear
probability model.

In the Online Appendix, we separately reproduce the tests in Bdblesmall and large firms and by transaction

type for mergers and acquisitions of asset transactions. Results are broadly robust in most subgroups. Perhaps

the only exception is that most variables do not predict which firms are likely to be the target of a merger,
even though they do explain acquisition of asset transactions. This might be due, at least in part, to the fact that
acquisition of assets is more common, resulting in more power.
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Althoughindustry shocks likely cannot explain our similarity results due to
the fact that firm similarities appear to be stable over time, we examine the
role of shocks to ensure robustness. Our proxy for industry shocks is based on
industrial product shipment data from the Bureau of Labor Statistics (BLS).
We define an industry’s lagged demand shock at the three-digit SIC level as
the logarithmic growth in its shipments from yeas 2 to yeart — 1.17 We
consider two variations: own-industry shock, and downstream industry shock
(downstream industries are identified by the input/output tables previously dis-
cussed), but we report results for only the latter to conserve space. Not surpris-
ingly, both are less than 10% correlated with our similarity variables, and our
results are virtually unchanged when we control for industry shocks. Although
industry shocks do not explain our current findings, we do find that firms in
industries with positive demand shocks are more likely to be acquirers.

4.2 Economic Magnitudes

In this section, we summarize the economic magnitude of our findings regard-
ing transaction likelihood. We examine the effect of changing one of three
key variables on the probability of a given transaction. In later sections, we
also examine economic magnitudes related to announcement returns and real
outcomes. Because some of our models are logistic, and others are based on or-
dinary least squares (OLS), we adopt a general framework based on predicted
values. We first compute a model’s predicted value when all of the indepen-
dent variables are set to their mean values. We set one of our key variables to
its 10th percentile or 90th percentile values and recompute the predicted value
holding all other variables fixed. We then report how a given dependent vari-
able changes when a key independent variable moves from its 10th percentile
value, to its mean value, and to its 90th percentile value. Key benefits of this
approach include its generality and its ability to show a variable’s mean and
variation around it.

Table6 confirms that our findings regarding transaction incidence are eco-
nomically relevant. The effect of changing local similarity (ten nearest) from
the 10th percentile to the 90th percentile changes acquirer incidence from
33.4% to 24.0%. The economic magnitude of our “competitive effect” is thus
substantial, especially for big firms in row 4. This effect is somewhat smaller,
but still large, for targets at 17.2% to 12.9%. TBmad Similarityvariable is
also large, with a range from 26.2% to 31.2% for acquirer incidence. This sim-
ilarity effect is considerably smaller for target incidence with a 1.7% spread.
The% Neighbor Patent Word&riable also has a relevant economic impact on
target incidence (14.3% to 15.7%) but not on acquirer incidence.

17 We also include a dummy variable for industries where BLS shipment data are not available.
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Ex post Outcomes

We now examine ex post outcomes, including combined-firm announcement
returns and long-term real cash flow growth and product description growth.

5.1 Announcement Returns

This section examines the returns of the combined acquirer and target firms
preceding and surrounding transaction announcements. We focus on H3, the
hypothesis that says that total value creation will be larger the more merging
firms are similar. Although this hypothesis has predictions regarding the com-
bined firm’s returns, it is silent on how the gains would be split between the
target and the acquirer. Hence, we focus our analysis on the combined firm.

Table7 reports OLS regressions with the acquirer's and target's combined
abnormal announcement return as the dependent variable. We consider one- to
eleven-day event windows ending on the announcement date (frorn day
—10 to dayt = 0), and we adjust standard errors to reflect possible clustering
at the industry and year levels. The combined firm’'s raw return is the total
market capitalization of both firms (in dollars) at the end of the event window
minus the original market capitalization (in dollars), all divided by the original
market capitalization. Hence, this is a simple value-weighted return for the
combined firm. The abnormal return is this raw return less the return of the
CRSP value-weighted market index. Given the possibility of deal anticipation,
we examine event windows starting at ten days before announcéfent.

We find strong support for the conclusion that more value is created upon
announcement when the acquirer is in a more competitive product market (the
acquirer similarity to its rivals is positive and significant), and the target is
in a less competitive market (the target similarity to its rivals is negative and
significant). Rows 1, 3, and 5 support this conclusion at the 5% level for longer
horizons but are also weaker for the event day itself. This suggests that the
market rewards acquirers buying assets in less competitive markets, because
this permits new product introductions in more profitable markets.

Inrows 2, 4, and 6, we replace the product market competition variables with
two other variables to test whether this finding is linked to target and acquirer
pairwise similarity (H3), and to potential gains in product differentiafidiive
find some support for H3 over the longest event window, since the pairwise
similarity variable is positive and significant at the 5% level in row 6 for the
t = =10 tot = 0 event window. The results also show that tBain in
Product Differentiatiorvariable is positive but not significantin all rows. These

To measure deal anticipation further, we also considered the fraction of a firm’s ten nearest rivals that were in-
volved in restructuring in the past year. Consistent with anticipation, this variable negatively predicts announce-
ment returns, but only at the 10% level or less. We omit this variable to conserve space and because it does not
alter any inferences.

Thefour key variables in the alternating rows cannot be included in the same regression because they are highly
correlated.
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resultssuggest that significant gains accrue as a function of similarity-based
traits, especially variables linked to product market competition, despite the
low power of this test. We also find that tBe Neighbor Patent Word&riable

is positive in many specifications, consistent with larger gains when potential
new products are likely to be unique.

We find that announcement returns are larger when the transaction is a
merger involving a target firm that is large relative to the acquirer, and smaller
when the firms are larger unconditionally. These results likely reflect the lever-
aged gains that should be observed in the combined firm’s returns when trans-
actions involve a larger fraction of the combined firm. Negtical Similarity
variable is negative and significant for short horizons (consistent Kettia,
Ravid, and Pons 2008 but this result becomes insignificant for longer
horizons.

5.2 Real Performance

Although we observe evidence of financial value creation in Section 5.1, it is
important to examine whether value increases are accompanied by real post-
transaction gains in sales and profitability and by new product introductions,
especially in light of the hypothesized role for asset complementarities and
synergies.

An important challenge faced by researchers studying ex post restructuring
performance is that two separate firms exist ex ante, and one or two firms might
exist ex post depending on the transaction type. Measuring ex ante profitabil-
ity or sales is especially confounding for partial asset purchases. We avoid this
issue entirely by considering only the acquirer’s post-effective change in per-
formance measured relative to the first set of numbers available after the trans-
action’s effective date. Our hypotheses thus assume that profitability and sales
growth accrue over time, as should be the case because new products require
time to build. We examine changes from yéar 1 to yeart + 2 ort + 4 (one-
and three-year horizons). As a result, the sample of transactions used in this
section is somewhat smaller than our sample in Section 5.1, because we must
further require that the acquirer have valid Compustat data at least two years
after a given transaction closes. By examining post-effective changes only, we
bias our analysis toward not finding results due to lost power, but we avoid
complications associated with attempts to measuretyear1 performance.

The need to focus on post-effective changes is further underscorbthky
simovic, Phillips, and Prabhal2008), who document that many transactions
also involve selling off divisions at the time of the transaction. Our results are
conservative and likely understate the true relations between our key variables.

We consider three measures of ex post performance: (i) the change in
industry-adjusted operating income divided by assets; (i) the change in
industry-adjusted operating income divided by sales; and (iii) industry-adjusted
sales growth. To mitigate the effect of outliers, we truncate both profitability
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variables to lie in the intervaH1, 1]. For sales growth, we truncate the dis-
tribution to lie in the interval £1,10].2° Changesare computed from year

t + 1 to yeart + 4. To reduce survivorship issues, we assign any missing val-
ues for a given horizon the value of the last known horizon (e.g., if three-year
sales growth is missing, we populate the given observation with two-year sales
growth or one-year sales growth.

Table8 reports the results of OLS regressions where the ex post change in
performance (horizons noted in column 2) is the dependent variable. In each
panel, we first consider acquirer local product similarity. We then consider two
other variables that more directly test H3 (merger pair similarity), and the role
of increasing product differentiation.

We find that acquirers residing in highly competitive product markets expe-
rience positive changes in industry-adjusted profitability and higher industry-
adjusted sales growth. The gains in profitability in Panel A and the sales growth
in Panel C generally appear as significant at the 5% level after one year, and
continue to accrue over three years (generally 1% significant). The weaker
results in Panel B for profitability normalized by sales rather than assets are
likely due to the high sales growth documented in Panel C, which coincides
with the profitability growth in Panel A (sales is in the denominator in Panel
B).

Table 8, rows 3 and 4 in Panel A, and rows 11 and 12 in Panel C, show
strong support for the conclusion that the gains in profitability and sales growth
are related to merger pairwise similarity and, to some extent, the potential for
gains in product differentiation. The positive and highly significaatget +
Acquirer Pairwise Similaritycoefficient supports the conclusion that similarity
is a key driver of real merger gains.

Because gains in profitability are possible for acquirers in ex ante competi-
tive product markets, our results suggest that firms can significantly influence
the degree of competitive pressure they face by restructuring. The mechanism
is linked to the potential introduction of new products through asset comple-
mentarities. The strong results for sales growth are especially consistent with
new product development playing a key role (we provide more supporting ev-
idence in the next section). This result helps to separate our findings from
the hypothesis based on only product market poweBaker and Bresnahan
(1985). We now test the role of new products more directly.

5.3 Product Descriptions

In this section, we consider the prediction that new product development will
accompany positive real outcomes. New product development is especially
likely when the target firm is similar to the acquirer due to complementary
assets (H3), and when additional gains in expected profitability are possible.

20 Thesetruncations are similar to winsorizing at the 1% level.

21 Qurresults are robust to simply discarding these observations rather than using the last value.

29

0T0Z ‘9T 1snBny uo puejkie Jo Ausiaaiun 1e Bio speuinolpioyxosy//:dny woiy papeojumod


http://rfs.oxfordjournals.org

TheReview of Financial Studies/00 n 0 2010

(panunuod)

Downloaded from http://rfs.oxfordjournals.org at University of Maryland on August 16, 2010

(¥8'1-) (68°0) (t0'07 (291) (z172) (erz—)  (sT2r (e0'1) (65°0) (t1°0)
6/.'v TIO0 ¥000— €200 0000—  1T00 8TT0 6€00—  ¥I00—  0T00 9200 5000 Jes) € (8)
(ts'1-)  (vo0Y (¥8°0) (T2 (sv'1) (811-) (€60 (s8°0) (91°1T) (s8°0)
6/L'% 9000 2000—  TOO0—  S000 ¥10°0 6€0°0 ZI100—  ¥00°0— 9000 200 9200 Jeap T )
(68'T-  (16°0) (zo'0) (z9'1) (96'T) (erz-) (922 (TTT) (eL'0)
6/.'v TIO0 ¥00'0— €200 0000 9100 0TT'0 6€00—  ¥T00— TT00 0v0°0 Jesp € (9)
(09'1-)  (T0°0% (g8°0) (802 (Can)] (oz1-) (6609 (96°0) (ov'1T)
6//'v 9000 200'0—  0000—  S000 ¥10°0 €200 ZI00—  ¥00°0— 000 0500 Teap T (q)
safes/awoou| Bunelado paisnipy-Ansnpul :g [aued
(C4%))] (2€0) (rv°0) (2s1) (50°2) (eTe-) (1Y (91°0) (882) (€8°0)
6.L'v €100 1000 5000 2000 6000 6,00 T€00—  L000— TO00 7,00 1200 JeaA € ()
(18'0) (oL0% (g8'1) (e6'T) (99'1) (0g't-) (tvo-)  (L00) (252 (82'T)
6.L'v 1000 T00'0 0T0'0— 9000 8000 0€0°0 8T0'0—  TO00— 0000—  E€¥00 1200 JesA T (€)
(890 (ev0) (69°0) (2] (s21) (zre-) (891 (sz'0) (¥9°2)
6.L'v  2I00 1000 9000 €000 6000 990°0 TEO'0—  9000— 2000 6100 Jesp € (@)
(r¥°0) (290> (202 (06'T) (ov'1) (621-) (0Z0-) (€T0-) (991)
6LL'v 9000 0000 6000— 000 8000 9200 8T0'0—  TO00—  T000— €€0°0 JeaA T (1)
s1assy/awoau| buirelad paisnipy-Aisnpul 1y [aued
Sqo A ozus$ azls Awwng azIs (e-019) Awwng  Awwng SpIo nwis sfeny (resNQT)  uozuoH Moy
[eloL ane|ay leblaN  anreRy IHH s Ansnpul wa) Ired 'SAJIa s
607 X 1abiaN 19618 Ansnpu [eal e-2IS -ed % Jalinboy ‘poid ul 10npoid
Ja1nboy JIETY awes +10b1e] ures Ja1inbay

sJasnboe Jo aouewlopad wisl-buo]
83|qeL

30


http://rfs.oxfordjournals.org

uonenualayip 1npoud ul ureb ay] "sionpoid swuly 1861e) pue Jalinboe ay) usamiaq Al

Downloaded from http://rfs.oxfordjournals.org at University of Maryland on August 16, 2010

‘l]ana| Ansnpul pue teak ayj e Buliaisn|d oy pajsnipe aresongpng-01 L66T WOl SI ajdwes ayL "Suwilly OM] 8} JO SaN[eA 18y ew ajue Xa pawwns ay} jo wyiebol
leinjeu ay) sI azis [e10} B0 's1esse Jo uonisinboe ue S| 1§ 048z pue Jabiaw e S| uondesuel) ayl yi suo si Awwnp Jabisw ay | Ja1nbae ay) Jo 1eyl Ag papiaip 1861e] ay) JO anjen 1axiew ajue

X8 aU} SI 9zIs ane|al 19611 960z [eAop@pesEr) pale|al A|[edilian 9,G Uey) a10w aie Jalinboe pue 19b.1e) 8y Ji suo S| Awwnp Ae|iwis [edlan sy "8pod JIS HbIp-9aiy) swes
ay} ul apisal Jasinboe pue 186ue) 8y} i auo sI Awwnp Ainsnpul €-OIS awes ay] sjrewapelpue ‘ybuAdod' smEmn ay) se 1004 plom awes ay) Buiney uonduoasap 1onpoid M-0T 8yl ul
JoMm Jo abejuadlad ays si a|qelrea spiom juared o, 8y L “sioqyblau 1sareau ua) S) 0} SIUEISIP SJalinboe sy ss9)| ‘sioqubiau 1sareau ua) sJalinboe sy 03 196.e] 8y} wo.y sduessip 1onpoid ayi s

e|iwis 10npoud Jainboe pue 1abie) 8y "S[eAl 1Sas0J0 U} S pue Jalinboe ayy

usamypq Alrejiwis abelane ayi st (1saseau OT) Awrejiwis 1onpoud Jaiinboe sy swuy BEo j0 wwosu .9 v&m_w‘_ A19s0jo a1ow uonduasap 1onpoud e sey wily 8yl reyl saidwi ainseaw Ale|iwis

Jaybigy (T xipuaddy 8ss) suonduosap 1onpoid H-OT NSyl Ul SPIOM SWeS 8y} 8Sn Swily 0M) YdIym 0} 8a16ap ay1 uo paseq (T‘0] [eassiul ay) ul aif eyl sainsesw ale safue|

IS 19npoid

"yimoifE safes paisnipe-Ansnpul st i ‘O [ued ul pue sajes Ag papiaip awooul Buirelado pajsnipe-Ansnpul st ‘g [gued ul 'siasse Ag papiap swodul Buelado paisnipe-Ansnpul si v [aued

.W U1 8|geleA Juspuadap 8y ‘uwNnjod uozioy ay} ul pajou s§Ieak-aaiyl) v + 1idieak-auo) z + ueak |nungsk woly abueyd reak-aaiyl 03 -auo e si ymmoih safes 1o abueyd Anjigqenjoid
ME& ulspdoa)a SaWooaq eyl uonoesuell e 104 ‘a|qelieA Juspuadap ay) are sainseaw asuewlopad [eal ul sabueyd 1sod xa yolym ul suoissaibal eyep [aued sAejdsip sjgelayl
el

S (8vv-) (201 (58'0% (ev'v) (6£°0) (ere-)  (@r1-) (8T (6v°2) (¢62)

4] 6LL'Y ¥20'0  8¥0°0— 09T°0 9€0'0— 8G2°0 ¥60°0 S.T°0— §S0°0— 680°0— 250 159°0 JesA € (z1)
S (tev-) (ere)  (tzod  (esw) (yo)  (9e1-)  (sze-) (550 (v6'T) (s02)

m 6LV 1200 /20°0— S0Z°0 S00'0— 0E€T0 LS00 6€0°0— 6€0°0— 9T0'0— 2.LT0 LS20 JeaA T (17)
i (wLv-) ern) (e6'07 (8ev) (ezo)  (ozz-) (16T-) (297T-) (oT¢)

= 6LV 200 6¥0°0— 89T°0 6€0°0— 9520 /S0°0 G/T0— T90°0— €80°0— 6T9°0 JTes\ € (o1)
2 (ts'v-) (st2) (620>  (6L%) (weo)  (9e1-)  (vee-)  (Sv0-) (912

W 6LV 1200 /20°0— 8020 900°0— 6210 200 6€0°0— Zv0'0— €T0°0— 20 JesA T (6)
m ymol9 safes paisnipy-Ainsnpul ;D [aued

T sqo 2 9zus ¢ azIS Awwng azIS (€-21S) Awwng Awwng SPIOM nwis s[eny (reaN 0T) uozloH moy
o [eloL annejey 1B1IsN  anreley IHH s Ansnpuy wa) Ired ‘SA"HIa s

Q 6o PSEIETN] 19618 Ansnpuj eal €-0IS -ed % Jalinboy ‘poid ul 10npo.id

W Jainboy pIETY awes +10b1e] ureo Jalnboy

m. panunuod
8 8 9|qeL
=

=

B

>

°

<]

o

31


http://rfs.oxfordjournals.org

TheReview of Financial Studies/00 n 0 2010

We proxy for new product development by examining whether firms experi-
ence growth in the size of their product descriptions in the years following the
merger’s effective date. The first post-merge description reflects the initial state
of the post-merger firm. We define “product description growth” as the loga-
rithmic growth in the number of words used in the product market description
from yeart + 1 to either yeat + 2 ort + 4. We then explore whether the same
set of variables used to predict ex post real performance also predicts product
description growth. We use an OLS specification in which all standard errors
are adjusted for clustering at the year and SIC-3 industry level. The sample in
this section is slightly smaller than that used in Section 5.2 because Compus-
tat data (needed for the dependent variables in Section 5.2) are slightly more
available than our collected 10-K data (needed for the dependent variable in
this section).

Table9 presents the results. We find that new product development is espe-
cially likely when acquiring firms reside in competitive product markets (rows
1 to 3), and when the target firm is similar to the acquirer (H3) (rows 4 to 6).
We also find gains when there is the potential for higher profitability of new
products (Gain in Product DifferentiatignThese results are significant at the
1% level.

Table9 shows that vertical mergers, as describedrby and Goya(2006),
independently of our similarity measures, experience some ex post growth in
the size of product descriptions for longer horizons. This evidence linking ver-
tical mergers to the introduction of new products supports the conclusion of
Fan and Goyaf2006) that vertical mergers create value.

Table9 also shows that a same-industry SIC dummy variable is insignificant
and thus that pairwise similarity measured using SIC codes is too granular to
produce similar inferences. Hence, understanding the relation between pair-
wise similarity and product differentiation relies on the researcher’s ability to
measure the degree of product similarity. The table also documents that prod-
uct descriptions have a tendency to mean revert over time, a feature that is
likely due to writing style. We control for this feature in addition to the other
variables discussed above.

5.4 Economic Magnitudes for Ex Post Outcomes

Table10displays the economic magnitude of two key variabR®¢uct Sim-

ilarity (10 Nearest), and th&arget + Acquirer Pairwise Similarifyon an-
nouncement returns and real outcomes using the same generalized method
as in Section 4. The competitive effect (local similarity) increases event-day-
announcement returns by 0.2%, and longer-horizon (eleven-day) event returns
by 0.7%. This spread is modest but not trivial, given the mean event-day an-
nouncement return of 0.4% (SD 4.2%), and the mean eleven-day announce-
ment return of 0.5% (SD 7.8%). The modest size of these returns is consistent
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with most acquired assets being small relative to acquiring firms. The target
and acquirer pairwise similarity has a similar economic magnitude.

The results in Panel B show that our findings regarding real outcomes are
economically large. Increasing acquirer local-product similarity from the 10th
percentile to the 90th percentile is associated with an increase in profitability
growth from—0.8% to—0.2% (one year) and-2.3% to—0.6% (three years).
Since profitability does not change much from year to year, this 1.7% shift
is economically large, and more than 15% of the standard deviation of the
dependent variable. This variable also generates a sales growth spread from
0.9% to 6.0% (one year) and8.4% to 4.6% (three years). This spread is
substantial. The table also shows that the target and acquirer pairwise similarity
variable generates similar economic magnitudes.

Panel C displays results for the ex post growth in the size of the product
description. The spread for acquirer local product similarity variable is from
—4.4% to 8.4% (one year) and5.9% to 14.6% (three years). This spread is
economically large and is similar for tHarget + Acquirer Pairwise Similarity
variable. Overall, our most economically significant findings relate to transac-
tion incidence, sales growth, and product description growth.

5.5 Robustness
In this section, we consider alternative theories and summarize additional tests.

First, one alternative is that our results might be due to expense reductions.
In the Online Appendix, we examine whether our variables are related to ex
post changes in the cost of goods sold (scaled by sales), selling and adminis-
trative expenses (scaled by sales), and capital expenditures (scaled by assets)
from yeart + 1to yeart + 2 ort + 4. The relationship between our key
variables and these expense ratios is not statistically significant, with one ex-
ception: acquirer local similarity is associated with reductions in cost of goods
sold scaled by sales for the one-year horizon, but not for the three-year horizon.
We conclude that cost savings likely cannot explain our product market results.

Second, we examine whether our results are driven by vertical mergers, as
in Fan and Goyal2006). Our similarity measures correlate less than 10% with
vertical similarity measured using the input-output tables. We control for verti-
cal similarity in our analysis, and our results are robust to including or exclud-
ing vertical controls.

Third, we test whether our results are driven by the 1990s technology boom.
Throughout our study, we control for time and industry effects. We also run
an unreported test where we exclude all technology firms from our sample (as
defined inLoughran and Ritter 20Q4Our results are robust in this test.

Fourth, we consider whether our results are related to corporate culture,
since firms with similar cultures might have better merger outcomes. We dis-
count this hypothesis for two reasons: First, our word lists (see T3bfi
a product market interpretation, and second, the corporate culture hypothesis
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cannotexplain why the target’s distance from the acquirer's neargests
matters to ex post outcomes.

Fifth, our results are robust to multiple segment firms. We test this hypothe-
sis by rerunning our tests after excluding multiple segment firms, where multi-
ple segment firms are identified using the Compustat segment tapes. Our results
change little in this test, and thus our results are not driven by conglomerates.

Finally, we examine whether our results are driven by repeat-acquiring firms
by rerunning our tests after excluding firms that were involved in an acquisition
in the past year. Our results are robust to excluding these firms.

. Conclusions

Using novel text-based measures of product similarity between firms, we ana-
lyze how similarity and competition impact the incentives to merge and whether
mergers with potential product market synergies through asset complementari-
ties add value. Our conceptual framework is based on creating a Hotelling-style
product market space with a location for each firm. This spatial framework al-
lows us to calculate continuous similarity measures between groups of firms,
thus replacing zero—one measures of relatedness used in the existing literature.
This conceptual framework has advantages over SIC-code measures because
it can jointly capture firm similarity relative to other firms within and across
product markets, the competitiveness a firm currently faces, and a transaction’s
potential to increase product differentiation. Traditional SIC codes, even at the
two-digit level, or based on using the input-output matrices (vertical related-
ness), do not capture the extent to which transactions are related to each other.

We find that firms that are more broadly similar to all firms in the economy
are more likely to merge (an “asset complementarity effect”), and firms with
more highly similar rivals are less likely to merge (a “competitive effect”).
The asset complementarity effect is consistent with these firms having more
potential for new product synergies that could be derived from asset comple-
mentarities. The competitive effect is consistent with firms having to compete
for profitable merger opportunities when they have more rivals that could act
as substitute merger partners. We also find that firms with patents, copyrights,
and trademarks are more likely to be targets, consistent with merging firms
exploiting the potential for unique products.

Examining post-merger outcomes, we find that value creation upon
announcement, long-term profitability, sales growth, and, most interestingly,
increases in ex post product descriptions are higher when acquirers purchase
targets that (i) have high pairwise similarity to the acquirer’'s own products; and
(i) increase the acquirer’s product differentiation relative to its nearest rivals.
These gains are larger when there are unigue products and patents increasing
the potential for new product introductions. Our findings suggest that these
economically significant gains are associated with new product introductions.
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Overall, our results are consistent with firms merging to use asset comple-
mentarities to create value through sales growth and new product introductions.
More broadly, our results suggest that firms facing high ex ante competition
can actively improve profitability via strategic restructuring transactions that
increase ex post product differentiation through product market synergies.

Appendix 1
Thisappendix explains how we compute the “product similarity” between two firaml j using
the basic cosine similarity method. We first build the main dictionary in each year by taking the list
of unique words used in all product descriptions in that year. We then discard words that appear
in more than 5% of all product descriptions in the given year, and the resulting IiStwdrds
is the main dictionary. Next we take the text in each firm’s product description and construct a
binary N-vector summarizing its word usage. A given element of thisector is 1 if the given
dictionary word is used in firni’s product description. For each firm we denote this binary
N-vector asP, .

We next define the normalized vectdr, which normalizes the vectd®, to have unit length:

V= @
(I I

To measure how similar the products of firmand j are, we take the dot product of their normal-
ized vectors, which is then the basic cosine similarity:

Product Similarity j = (Vi - Vj). 2)
We define product differentiation as 1 minus similarity:
Product Differentiationj = 1 — (Vj - Vj). 3

Becausall normalized vector¥; have a length of 1, product similarity and product differentiation

are bounded in the interval (0,1). This ensures that product descriptions with fewer words are not
penalized excessively. This method is known as the “cosine similarity,” since it measures the cosine
of the angle between two vectors on a unit sphere. The underlying unit sphere also represents an
“empirical product market space” on which all firms in the sample have a unique location.

Appendix 2

This appendix describes how we compute local cosine similarity and broad cosine similarity.
The calculation is analogous to the local clustering measure used to identify cliques in the social-
networking literature (see, e.glatts and Strogatz 199&ranovetter 1973 The first step is to
compute the basic cosine similarity matrix for all firm pairand j, which is described in Ap-
pendix 1.

We then compute a local clustering coefficient for each woiid the main dictionary. LeS
denote the set of firms that use wardThen, letSpajrs denotethe set of all pairwise permutations
of the firms inS. If the setS containsN firms, there areNpairs = NN elementsin the set
Spairs- WhereSimilarity; j denoteghe basic cosine similarity between firinand j, the local
clustering coefficient for wora is then

0T0Z ‘9T 1snBny uo puejkie Jo Ausiaaiun 1e Bio speuinolpioyxosy//:dny woiy papeojumod
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We assign words in the lowest tercile basedlay,s ,, to the “broad dictionary,” and all other
words to the “local dictionary.” One technical point is that a word must appear in at least two firm
10-Ks before its correspondirig;ys ,, canbe computed. We assign all words that appear in only
one document to the local dictionary because their relevance is clearly local.

We thus have three dictionaries in each year. The basic dictionary includes all words surviving
the initial 5% common word screen. The local and broad dictionaries are complementary subsets of
the main dictionary. Local similarity is the cosine similarity computed using only words in the local
dictionary, and broad similarity is the cosine similarity using only words in the broad dictionary.
Because the dictionaries are orthogonal, the correlation between local and broad similarity for a
randomly drawn firm is low (13.7%). This ensures the absence of multicollinearity.

SupplementaryData
Supplementary data are available online at http://rfs.oxfordjournals.org.
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