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Recent scrutiny of potential anticompetitive behavior by large technology companies has shined
a bright light on the corporate acquisition activities of those firms, particularly Google (Alphabet),
Amazon, Facebook (Meta), Apple, and Microsoft (collectively “GAFAM”). In particular, Congress
is currently considering several new laws that would dramatically change merger-review policies
– when acquisitions involve GAFAM. 

These proposed changes to merger-review policies are based on the broad assumption that
GAFAM acquisitions predominantly reduce competition. This assumption led to a 2021 Federal
Trade Commission (FTC) study, “Non-HSR Reported Acquisitions by Select Technology
Platforms, 2010–2019: An FTC Study,” that provides an analysis of GAFAM’s acquisitions during
2010-2019 for which merger filings were not required. The counterpoint to this view that GAFAM
acquisitions predominantly reduce competition is that GAFAM acquisitions are not particularly
different from the M&A activities of other acquirers, and have the broad aims of bringing in new
talent and ideas, producing and commercializing new product innovations, and enhancing
shareholder value. Moreover, GAFAM acquisitions may in fact be reflective of and followed by an
increase in competition.

A substantial weakness of the FTC 2019 study referenced above is that it lacked one or more
“control groups” to compare to GAFAM. Fundamentally, if the FTC’s hypothesis is that the M&A
behavior of GAFAM firms is extraordinary and requires novel regulation, then GAFAM’s
acquisitions should be directly compared to acquisitions by similar “peer” firms. Conversely, if
the M&A behavior of GAFAM firms does not substantially differ from that of peer firms, that
would constitute evidence against the hypothesis that GAFAM’s M&A activities merit specific
regulatory changes, and reject the premise that GAFAM acquisitions provide a basis for a radical
overhaul of U.S. merger-review policies. 

Thus, in order to understand GAFAM’s M&A in the proper context, in a series of two reports we
examined technology acquisitions over the period of 2010-2020 – a comparable timespan to the
FTC study – but instead of focusing only on five firms, we analyzed the M&A activities of all
publicly-listed North American companies as well as several GAFAM “peer groups,” including: 

(Academic pre-prints of this research are available here and here.)
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Technology companies are acquired by firms from all sectors of the economy. Over the
period 2010-2020, for instance, acquirers from the Services and Supply Chain sectors
completed 5,720 acquisitions, in comparison to 4,903 acquisitions by firms in the Information
sector over the same time period.

Larger and older public firms are more likely to acquire tech companies. 

The vast majority of acquired tech companies offer products and services that fall outside
the acquiring firm’s core area of business. 

There is a positive link between a public firm’s likelihood to engage in technology M&A and
the amount of competition the firm faces from other public firms at the time of M&A. In other
words, tech M&A is associated with firms that face more intense competition in their home
markets from other incumbent public firms. 

These results suggest that public companies that acquire technology companies are
motivated to expand through M&A into new technology and business areas because they
face increased competition in their core areas. 

Acquiring relatively young tech startups is a common practice, particularly by firms in the
Information sector. 

Using a technology categorization from Standard & Poor’s, when the ages of acquired firms
are normalized based on the average age of all firms operating in their technology category,
GAFAM is not significantly different from other top technology firms in acquiring relatively
younger companies.

When the M&A behavior of GAFAM is compared to that of these different groups of firms, the
reports demonstrate that GAFAM acquisitions are not particularly unusual, do not have the
characteristics of so-called “killer acquisitions,” do not create so-called “kill zones,” and that they
are emblematic of broader technological trends in which acquisitions of technology companies
are symptoms of more intense competition and the increase in overlaps between firms’
offerings. These findings directly counter the conclusion that GAFAM acquisitions predominantly
reduce competition, and thus challenge the assumptions underlying policy proposals for
overhauling the merger review process, and for specifically targeting technology markets. 

Specifically, together the two reports find: 
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According to a dataset compiled by Standard & Poor’s, out of the 41,796 majority-control
acquisitions of technology companies operating in the Information, Communications and
Energy Technologies (ICET) space during 2010-2020, GAFAM acquired 595, accounting for
less than 1.5%.

On a per-firm basis, some top technology acquirers, including private equity companies and
other non-GAFAM firms, have matched or exceeded GAFAM in their volume of majority-
control acquisitions per year since 2018.

Utilizing a technology categorization from Standard & Poor’s, the analysis finds that GAFAM
and other top technology acquirers increasingly compete with each other across categories
over 2010-2020. Moreover, competition within GAFAM has steadily increased over this time
period as well.

The analysis finds that GAFAM acquiring in a technology area is positively correlated with
other firms also entering the area via M&A. These findings go counter to antitrust theories
such as kill zones. For the kill zone theory to hold insofar as the M&A context, GAFAM’s
acquisitions should deter competitors from acquiring in the same technology and business
areas; however, rather than deter competition, relatively more new competitors acquire in the
areas where GAFAM acquired than in other areas where GAFAM did not acquire. This
suggests that in a tech area may in fact increase following a GAFAM acquisition. 

GAFAM primarily acquires tech companies in order to expand into new areas beyond their
core businesses. Moreover, in comparison to other groups of top technology acquirers during
2010-2020, percentage-wise, GAFAM acquisitions were the least concentrated around the
acquirer’s core business area, with the vast majority of GAFAM acquisitions branching into
new technology categories.

The additional context and findings provided by these reports calls for a reevaluation of
policymakers’ assumptions about GAFAM acquisitions of technology companies. In particular,
these findings suggest that technology acquisitions are a symptom of healthy competition and
of competitors’ need to bolster their offerings by expanding into new technological areas in order
to offer additional features, products, and services. 
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25 S&P; and all these four groups have a significantly higher percentage of data-intensive

targets than the group of All Other. Although this may suggest that the frenzy towards data

is common among all groups of top acquirers, looking at the trend over time displayed in

the right panel of Figure 2 highlights how GAFAM has been the only group of top acquirers

with an increasing percentage of data-intensive targets acquired between 2010 and 2020.

Finally, as our S&P data provides information on the primary revenue model of each firm

that appears in the dataset, we study the correlation between the acquisition of a B2C target

and an acquirer’s revenue model being based on advertising.25 We find a positive correlation

(+0.22), which is consistent with the view that firms that monetize through advertising tend

to place higher values on consumer data, and by extension also on consumer-facing rather

than business-facing target firms (Scott Morton and Dinielli, 2020b).

5 Concentration and Expansion

In this section, we study how the four groups of top acquirers concentrate or expand their

acquisitions across categories in the S&P taxonomy. Of particular interest is the intersection

or lack thereof between the acquirers’ core businesses and the categories of their acquired

firms.

According to the killer acquisition theory, for a nascent target to impose a real threat to

the incumbent, its products and services must have a significant overlap with the incumbent’s

core business. Unfortunately, the S&P data does not include product-specific information

and thus we cannot perform a formal test of market overlap. As an alternative, we use S&P

level-1 and level-2 categories as a crude proxy for the potential overlap between two firms

or between two transactions. The killer acquisition theory implies that the targets should

belong to the same or an immediately adjacent category as the acquirer.

As a start, we test whether GAFAM acquisitions are more or less concentrated than

25In particular, S&P classifies under a certain model (e.g., “Product sales”) firms whose revenues only
come from the sales of products, while firms whose revenues comes from more than one source—for example,
advertising and product sales—are grouped together in a residual category.
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those of other top acquirers as of the end of our sample (2020). In particular, for each

acquirer in the sample, we know its total number of acquisitions from 2010 to 2020, as well

as its acquisitions in each particular category. Applying the classical formula of Herfindahl-

Hirschman Index, we define acquirer-level acquisition HHI (henceforth, HHI) as:

HHIi =
∑
j∈J

(
qij
qi
× 100

)2

, (1)

where J is the set of level 1 or level 2 categories, qij is the number of acquisitions completed

by firm i in category j between 2010 and 2020, and qi is the total number of acquisitions

completed by firm i between 2010 and 2020. We aggregate this measure by averaging across

firms of the same group.

Table 3 summarizes the average HHI (per acquirer, as of 2020), for the five groups of

acquirers. With the exception of GAFAM, Top 25 Tech, Top 25 PE and Top 25 S&P are

all similar in the concentration of acquisitions across level-1 or level-2 categories. The M&A

activity of All Other acquirers is rather concentrated, because most of them completed few

acquisitions between 2010 and 2020. GAFAM acquisitions are significantly less concentrated

across categories, and its gap to any other group increases if we use level-2 rather than level-1

categories to compute the HHI. This suggests that GAFAM spreads its acquisitions not only

across but also within each level-1 category.

To further study this, we zoom into the five level-1 categories where GAFAM completed

the highest number of acquisitions between 2010 and 2020, and compute the HHI across level-

2s within each of those level-1s. As shown in the last panel of Table 3, GAFAM acquisitions

are still less concentrated than any of the top acquirer groups, within each of the five level-1s

except for “Infrastructure Management” where GAFAM’s HHI is similar to that of Top 25

S&P.

This analysis is relevant for ongoing antitrust debates in two ways. First, if the level-

2 categorization is not too far from the definition of an antitrust market, then the lesser

concentration of GAFAM acquisitions may alleviate some of the concern out of the large
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number of GAFAM acquisitions, as the increase in the acquirer’s market power may have

been limited within each level-2 category. Second, GAFAM’s widespread acquisitions may

signal a desire to expand beyond their core businesses. This could be pro-competitive if they

represent GAFAM’s entry into new areas of competition, or anti-competitive if they end up

dissuading other entrants (as described in the “kill zone” theory) or making it more difficult

for other competitors to access complementary inputs (as described in the foreclosure or

raising-the-rival’s-cost theory).

Table 3 describes how an acquirer concentrates or spreads their acquisitions up to 2020

across S&P categories. However, the table does not specify how distant the acquisitions are

from the acquirer’s core business, nor does it tell us how each acquirer completes the series

of acquisitions over time.

To answer these questions, we first define whether the target operates in the acquirer’s

core business. For each acquirer in our data, we know its primary category (level-1 and

level-2) at the beginning of the sample. For instance, this is “Internet content & commerce

(level-1) / Social networking & collaboration (level-2)” for Facebook, or “Mobility (level-1)

/ Mobile devices (level-2)” for Apple. Combining this with the categorization of the target,

we define the acquirer and the target as “unrelated”, if the level-1 category of the target

is different from that of the acquirer. For example, any acquisition completed by Apple

involving a target belonging to a level-1 different from “Mobility” would be categorized as

unrelated. Moreover, an acquisition is “adjacent” if the acquirer and the target share the

same level-1, but differ in the level-2 category. For example, if a target acquired by Apple

belongs to ”Mobility / Applications,” this would be an adjacent acquisition. The last case

concerns acquisitions within the same level-2 category. Continuing Apple’s example, any

acquisition in which the target belongs to “Mobility / Mobile devices” will be a “same”

acquisition for Apple.

The top panel of Table 4 shows that GAFAM is the group that acquires the least in

“same” and the most in “unrelated,” suggesting that GAFAM tends to reach categories far

away from their original core business in 2010. At the same time, Top 25 Tech is the group
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Table 3: GAFAM and other groups concentration (HHI) across Levels 1, Levels 2, and across
Levels 2 within Top GAFAM Levels 1

Levels 1
mean sd min max

GAFAM 1,530.28 92.64 1,390.67 1,625.12
Top 25 Tech 3,257.51 2,521.99 1,093.75 10,000.00
Top 25 PE 2,693.75 1,757.98 1,088.39 10,000.00

Top 25 S&P 3,277.79 1,765.54 1,368.15 7,997.63
Other 8,640.07 2,394.55 1,005.92 10,000.00

Levels 2
mean sd min max

GAFAM 455.27 107.60 336.38 609.12
Top 25 Tech 1,700.09 2,128.85 453.65 10,000.00
Top 25 PE 1,451.70 1,966.04 389.18 10,000.00

Top 25 S&P 1,512.10 1,571.16 311.91 6,406.49
Other 8,142.79 2,861.36 498.61 10,000.00

Within Top Levels 1
GAFAM Top 25 Tech Top 25 PE Top 25 S&P

Application Software 1,517.32 3,871.53 4,139.19 3,498.38
Information Management 4,300.81 6,621.31 6,489.98 6,568.01

Infrastructure Management 5,786.37 7,149.41 6,224.09 5,733.12
Mobility 5,346.39 6,978.89 6,559.34 6,809.32
Systems 3,323.30 7,878.28 6,197.92 6,737.47

Notes: For each group, concentration is measured through the average HHI across group members, where
the HHI of each firm is computed as in Equation (1). The top panel summarizes groups’ concentration
across levels 1; the middle panel across levels 2; and the bottom panel considers concentration across levels
2 within the five levels 1 in which GAFAM completed the greatest number of acquisitions.
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that invests the most in adjacent acquisitions, so that their expansion is more concentrated

around their original core business. Finally, Top 25 PE has a remarkably high percent

of “same” deals, suggesting that some top PE firms may specialize in particular level-2

categories.

Figure 3 shows the pattern of same, adjacent and unrelated acquisitions across different

groups. Compared to other groups of top acquirers, the curve of “same” acquisitions flattens

out relatively early for GAFAM — i.e., around the second quarter of 2014 — and their pace

of adjacent acquisitions is lower than that of other groups.

This static description abstracts from the fact that the set of adjacent categories expands

as the acquirer enters new unrelated level-2s via M&A. To account for this, we conduct a

dynamic analysis, where each acquirer’s core level-1 and level-2 business expands every time

an adjacent or unrelated acquisition is consummated. For example, suppose Apple first

acquired a target in “Information management / info retrieval” and then another target in

“Information management / Data management.” Under the previous static approach, both

acquisitions would have been categorized as unrelated. However, under the new dynamic

approach, we would categorize the first acquisition as unrelated, but the second one as

adjacent. Furthermore, we distinguish acquisitions within the “same” grouping: “same

original” acquisitions are those in the same level-2 category as the acquirer’s original core

business as of 2010, and hence coincide with the “same” of the static approach; “same new”

are all the others.

The second panel of Table 4 summarizes the dynamic characterization of acquisitions,

by same original, same new, adjacent, and unrelated, for all four groups of top acquirers.

Compared to the static description in the first panel, we find that GAFAM has the lowest

percentage in same original, but the highest in same new and adjacent. As a result, GAFAM’s

fraction of unrelated acquisitions is the lowest under the dynamic approach, though it is the

highest under the static approach. This pattern suggests that, on average, each member

of GAFAM achieves a widespread category coverage by first acquiring targets in adjacent

categories and then expanding around them, rather than acquiring in unrelated categories
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Table 4: Acquisitions by Distance from Acquirer’s Category

STATIC

Distance GAFAM Top25 Tech Top 25 PE Top 25 S&P

Adjacent 82 199 323 362
(13.80%) (19.26%) (16.45%) (15.34%)

Same 28 112 473 454
(4.71%) (10.84%) (24.08%) (19.24%)

Unrelated 485 722 1,168 1,544
(81.61%) (69.89%) (59.47%) (65.42%)

DYNAMIC

Distance GAFAM Top25 Tech Top 25 PE Top 25 S&P

Adjacent 173 255 388 458
(29.12%) (24.96%) (19.76%) (19.41%)

Same Original 28 112 473 454
(4.71%) (10.84%) (24.08%) (19.24%)

Same New 332 486 770 1,176
(55.89%) (47.05%) (39.21%) (49.83%)

Unrelated 62 180 333 272
(10.42%) (17.42%) (16.96%) (11.53%)

Notes: The top panel presents the number of acquisitions by the distance of the target from the acquirers
under the static approach. Percentages of the total number of acquisitions are reported in parentheses. The
bottom panel presents the same information under the dynamic approach, where the additional distance
“Same new” includes acquisitions in which the targets operate in a level-2 that is the same as the one to
which the acquirer had expanded through prior acquisitions in the sample.

all of the time.

This interpretation is consistent with Figure 4, which plots the cumulative number of

same original, same new, adjacent and unrelated acquisitions (under the dynamic approach)

for all four groups of top acquirers. For GAFAM, the unrelated and same original curves

flatten out relatively early, while the curves for adjacent and same new continue to increase

through 2020. This is in sharp contrast to the other groups of top acquirers, who all have a

smaller gap between the adjacent and unrelated curves than GAFAM. More specifically, other

top acquirers tend to keep investing in their original core businesses, and their expansions

do not rely as much as GAFAM on the apparent strategy of “step-by-step” expansion into
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Figure 3: Cumulative Acquisitions Over Time by Distance: Static

Notes: Each figure plots for one of the top groups the cumulative number of acquisitions in each quarter
grouped by the ‘distance’ of the target’s category from the acquirer’s one under the static approach.

adjacent categories.

One may argue that these summary statistics may reflect omitted variables rather than

a distinction of acquisition strategy between GAFAM and other top acquirers. To address

this, Table 5 reports a few binary logit regressions, where the unit of observation is an

acquisition, and the dependent variable is whether the acquisition is of a particular type

(unrelated, adjacent, same original, or same new under the dynamic approach), controlling

for level-1 fixed effects (of the acquirer), year fixed effects, the location of the target, and

whether the target is publicly traded.

The results suggest that, compared to all other non-top acquirers (the default), being

acquired by GAFAM increases the probability of the acquisition being adjacent by 12% and

the probability of being “same new” by 45%. These probabilities are larger for GAFAM than
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Figure 4: Cumulative Acquisitions Over Time by Distance: Dynamic

Notes: Each figure plots for one of the top group the cumulative number of acquisitions in each quarter
grouped by the ‘distance’ of the target’s category from the acquirer’s under the dynamic approach.
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Table 5: Likelihood of an Acquisition and Distance from the Core-business

(1) (2) (3) (4)
VARIABLES Unrelated Adjacent Same Original Same New

GAFAM -0.302*** 0.123*** -0.221*** 0.456***
(0.00997) (0.0194) (0.00960) (0.0181)

Top25 PE -0.220*** 0.00616 -0.0294*** 0.241***
(0.00852) (0.00955) (0.00986) (0.0103)

Top25 S&P -0.187*** 0.0121 -0.0818*** 0.252***
(0.00821) (0.00859) (0.00833) (0.00962)

Top25 Tech -0.230*** 0.0653*** -0.165*** 0.355***
(0.0105) (0.0141) (0.00974) (0.0143)

Observations 41,742 41,657 41,736 41,704
Standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

Notes: Columns (1) to (4) report the correlation between being acquired by a top group — compared to
being acquired by any other firm — and the probability that the category of the target is unrelated, adjacent,
the same as the original one of the acquirer, or the same as one of the categories in which the acquirer had
previously expanded in the sample, respectively. In all of the logit regressions in the table we include level-1
and year fixed effects, and we control for the location of the target and for whether the target is a public
entity.

for any other group of top acquirers. In addition, all groups of top acquirers are less likely

to engage in unrelated acquisitions than the default, but this gap in likelihood is the largest

for GAFAM. In short, the regression results confirm the impression that GAFAM follow an

uncommon “step-by-step” strategy to expand into adjacent and unrelated categories.

6 Competition in M&A

In this section we investigate the extent to which top acquirers acquire in the same S&P

categories, and hence potentially compete against each other. As a start, Figure 5 depicts

the percentage of level-2 categories which 0, 1, 2, 3 or all 4 groups of top acquirers have

acquired in a given year. We consider 178 level-2s, which is the total number of level-2s in

which at least one top acquirer made any acquisition up through 2020.

Two main forces are at play: First, each acquirer (or a specific group of acquirers) may
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‘enter’ new level-2s via M&A over time, thus reducing the extent to which their level-2

‘territories’ overlap with those of other top acquirers (who may not acquire in the same

new level-2s). Second, other top acquirers may acquire in the level-2s in which another top

acquirer had already consummated an acquisition, thus increasing the degree of overlapping.

The presence of the first effect can be seen from the fact that, at any point in time, there are

always roughly 35 level-2s in which only one group of top acquirers acquired.26 Driven by

the second force, the share of the level-2s in which two or more top groups acquired increased

over time, reaching roughly 80% of all of the 178 level-2s as of the end of 2020.27

We follow the same logic in describing the M&A competition within GAFAM. The same

forces are at play, but this time we observe a greater extent to which a GAFAM firm expands

into new level-2 categories. Figure 6 shows that, out of all of the level-2 categories that would

see at least one GAFAM acquisition by the end of 2020, roughly 20% had acquisitions by

only one GAFAM firm as of 2010. This number increased to more than 30% in the next

two years, and remained constant from 2013 to 2020. In comparison, the number of level-2s

in which two or more GAFAM firms acquired is increasing over time, from being less than

15 in 2010 to more than 50 in 2016, and more than 60 in 2020. This suggests that, while

individual members of GAFAM continue to acquire in new level-2s in which other members

have not, they are more and more likely to see each other acquiring in the same level-2s over

time.

Figure 7 depicts the same phenomenon in a different way. For each year from 2010 to

2020, the lower (blue, with squares) line plots the average number of GAFAM firms that

were present in a level-2 category — via original business coverage or through M&A —

26Note that this does not mean that there is only one top acquirer, as possibly several firms belonging to
the same top group may have acquired.

27Figure A.3 in the appendix provides another representation of the extent of competition among the
groups of top acquirers over time. In each year, the size of each bubble is proportional to the cumulative
number of acquisitions completed by the respective top acquirer group up to that year, inclusive. The figure
thus describes how competition among top acquirers evolved over the years across level-1s, depicting the
categories in which top acquirers tend to focus their acquisitions, as well as categories where competition
among them is more intense. For example, the figure suggests that GAFAM members are particularly
frequent acquirers in the “Mobility” category, whereas Top 25 Tech tend to acquire relatively more in
“Communications Services.”
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conditional on all the level-2s that had at least one GAFAM member’s acquisition up to

that year. For example, in 2010, GAFAM firms acquired in 30 level-2 categories, and on

average, only 1.2 GAFAM firms acquired in each of these level-2s. Fast forward to 2020,

GAFAM firms acquired in 100 level-2s and each of these level-2s is associated, on average,

with 2.3 GAFAM firms that acquired in it. Similarly, the upper (red, with circles) line plots

the average number of top groups per level-2 category, conditional on the level-2s that had

an acquisition from at least one top group up till the year in question. By definition, both

lines are conditional on GAFAM or another top group’s acquisition presence, so the lowest

possible value is one, while the highest possible value is 5 for GAFAM, and 4 for the count

of groups of top acquirers.28

The two lines in Figure 7 are remarkably similar in their upward trends, despite a different

starting point in 2010. Nonetheless, while the top line depicting the average number of top

groups is monotone over time, its increase has slowed down in the second half of the sample.

The bottom line depicting the average number of GAFAM members demonstrates more

steady growth between 2011 and 2019, but slightly declines from 2019 to 2020. Although

each point on the two lines is based on cumulative acquisitions up to the year in question, a

line could slope downward from year t to t+ 1 if the groups or group members venture more

into acquisitions in new level-2s than acquire in the categories in which other firms or groups

have already acquired. In short, both lines in Figure 7 suggest that more GAFAM firms

and more groups of top acquirers overlap in the categories of their acquisition targets. To

the extent that these acquirers would continue to offer the target firms’ products or services

post acquisition, it implies that more and more top acquirers compete against each other in

these categories.

These graphs focus on the extent to which top acquirers acquire in the same S&P cat-

egories over time. However, it does not articulate the sequence of entry by acquisition,

28Similar to Figure A.3, Figure A.4 in the appendix describes how competition among GAFAM firms
evolved over the years across level-1s. For example, while Google (Alphabet) had the most acquisitions
among the GAFAM members in the “Mobility” category, in other categories, such as “Internet Content &
Commerce,” other GAFAM members acquired at a pace similar to Google’s.
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Figure 5: Within Top Groups Competition

Notes: Top groups acquired in 178 level-2 categories between 2010 and 2020. This figure describes the
distribution of the number of top group acquisitions across all the categories in which at least one top group
acquired as of 2020.

Figure 6: Within GAFAM Competition

Notes: GAFAM acquired in 100 level-2 categories between 2010 and 2020. This figure describes the distribu-
tion of the number of GAFAM acquisitions across all the categories in which at least one GAFAM acquired
as of 2020.
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Figure 7: Average Number of GAFAM and Top Groups in a Level-2 Category

Notes: The figure plots in each year the average number of GAFAM members across the level-2 categories
into which at least one GAFAM had acquired up to that year, and the average number of top groups across
the categories into which at least one top group had acquired up to that year. These measures assume that
only GAFAM or top groups can acquire in any level-2 category, so that the lowest possible value of for both
is one, while the highest is 5 for the average number of GAFAM, and 4 for the average number of top groups.

which seems the center of some antitrust concerns. In particular, acquisitions made by an

incumbent — in its own core business or in an adjacent/unrelated category — may affect

the incentives of other firms to acquire in those categories. Since acquisition is one way to

enter a category, the incumbent’s acquisitions can affect the incentives of other acquirers to

acquire in the same categories.

In theory, the effect on acquisition incentives can be positive or negative. On the posi-

tive side, a large incumbent acquiring in an unrelated category could stimulate other firms

to acquire in the same category, because it may signal a high potential of growth in that

category. On the negative side, it could also deter other firms from entering, if they an-

ticipate that competition against a large established incumbent would be challenging and

unprofitable (akin to the kill zone theory). To the extent that the same level-2 category also

covers complementary inputs (rather than products and services in direct horizontal compe-

tition), a negative perception could arise if other firms anticipate more difficulty to access

complementary inputs produced by the category that the incumbent has entered (akin to

the foreclosure or raising-rivals’-costs theory).

Given this ambiguity, it would be interesting to uncover the empirical correlation between
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GAFAM’s entry in a category and future M&A of other acquirers in that same category.

To do so, we adopt a Difference-in-Differences (DiD) design, where the unit of observation

is a level-2 category in a given year. We define a level-2 category as “treated” in a certain

year if GAFAM has made at least one acquisition in that level-2 in or before that year. For

example, Facebook was the first GAFAM firm to acquire a target in “Application Software /

Business intelligence;” in our design, this level-2 category is defined as treated starting from

the beginning of 2014, while it is considered as “not-yet-treated” before 2014. Categories in

which GAFAM firms did not acquire are considered “untreated.”29 We then study whether

this tag of treatment is correlated with the number of other acquirers that would make any

acquisition in the same category (for the first time) on or after an acquisition by a GAFAM

firm. We consider a firm to be a new acquirer in a target’s level-2 category if the acquirer

had not made any prior acquisitions in that category.

Under this setup, the main challenge is the staggered nature of treatments, since GAFAM

firms acquired in different level-2 categories in different years. To address this issue, we fol-

low the approach developed in Callaway and Sant’Anna (2020), which allows us to recover

time-specific average treatment effects on the treated (henceforth, ATT). In particular, sup-

pose a level-2 category (i) had the first GAFAM acquisition in year t1. Conceptually, the

treatment may have an effect for i in any year t2 > t1. Hereafter, we refer to t1 as the

category’s treatment-starting year, and t2 as the calendar year of effect. Following Callaway

and Sant’Anna (2020), we can estimate the average effect by t1, t2, or length of treatment

exposure (t2− t1). Note that we interpret the estimated ATT as a correlation rather than a

causal effect, though we borrow the method and language from the causal impact literature

for ease of illustration.

Due to the lack of a pre-treatment period, in order to estimate time-specific ATTs, we

drop all level-2 categories in which GAFAM firms acquired in 2010 — which reduces the

number of level-2 categories to 170 — and keep all level-2 categories in which GAFAM firms

29In particular, as our sample runs from 2010 to 2020, for a level-2 category to be “treated” in a certain
year, we require that an acquisition by a GAFAM firm happened between 2010 and that year. In the same
way, a level-2 with no GAFAM acquisitions after 2010 is consider “untreated”.
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have not yet made an acquisition up to that year as the pool of potential controls. Compared

to traditional DiD approaches, which only consider never-treated units as potential controls,

this approach increases the size of the control group (Goodman-Bacon, 2018).30 As it might

affect GAFAM firms’ decisions to initially acquire in a given level-2 category, we include the

“size” of the level-2 category — approximated by the total number of acquisitions completed

in 2010 — as a covariate and weight every control unit based on a propensity score.31 We then

implement the doubly robust estimator described in Sant’Anna and Zhao (2020), clustering

standard errors at the level-2 categories and computing them using a multiplier bootstrap

with 1,000 iterations.32 Finally, as we are interested in the overall correlation between first-

time GAFAM acquisitions in any category and the subsequent pace of entry via acquisitions

in that same category, we aggregate time-specific ATTs by treatment-starting year or the

year of effect.33

Table 6 presents the weighted average ATT across all treatment-starting years, using

weights proportional to the number of treated categories in each treatment-starting year.

Regardless of whether we use not-yet-treated units or never-treated units only in the com-

parison group, we find no evidence of significant negative correlation — the correlation is

actually positive and significant at the 95% level — between an initial acquisition by a

GAFAM firm in a level-2 category via M&A and the number of other firms making a first

acquisition in the same level-2 categories afterwards.

However, as the correlation may be dynamic, our preferred method aggregates time-

specific effects into an event study plot by different years of exposure since GAFAM’s initial

30In our robustness checks we also use only never-treated level-2 categories as controls and the results
continue to hold. In this way, we account for the fact that level-2s within the same level-1 can be related,
and hence treatment in one level-2 could contaminate another level-2 in the same level-1.

31The propensity score describes how a control level-2 category is comparable to the treated level-2 cate-
gories in the total number of acquisitions completed in 2010. In particular, it indicates the probability that
a level-2 category’s treatment-starting year is t, conditional on the total number of acquisitions completed
in 2010.

32The described procedure can be implemented using the R did package, as explained in Callaway and
Sant’Anna (2020).

33All level-2 categories-year ATTs are reported in Figure A.5 of the Appendix. One should be cautious
when interpreting the ATTs for those of treatment-starting year 2015 to 2020, as they are “small groups,”
i.e., groups with five or fewer level-2 categories (Callaway and Sant’Anna, 2020). Note that this has no
impact on the interpretation of the other time-specific ATTs, nor the aggregated ones.
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Table 6: ATT with Simple Aggregation

Control Group ATT Std. Error [95% Conf. Int.]

Not-yet-treated 6.206 2.145 2.001 10.411

Never-treated 6.001 2.146 1.7949 10.2072

Notes: The table reports a weighted average ATT across all treatment-starting years, with weights propor-
tional to the number of treated categories in each treatment-starting year. The first line reflects estimates
using not-yet-treated units as controls, and the second line uses only never-treated units as controls. In both
cases we find no evidence of significant negative correlation — correlation is actually positive and significant
at the 95% level — between GAFAM entry in a level-2 category via M&A and the number of new firms
acquiring in the same level-2 categories afterwards.

acquisitions in the treated level-2 categories. Figure 8 suggests that the parallel trends

hypothesis holds in the pre-treatment periods, and that an initial GAFAM acquisition is

generally not significantly correlated with the number of new acquirers in a level-2 category.

The only exception is the positive correlation displayed in the second year after an initial

GAFAM acquisition in a level-2 category. However, two dynamics may affect our estimates.

First, we do not observe divestitures, which implies that we do not observe whether new

acquirers in a level-2 category after a GAFAM acquisition divested afterwards. To account

for this effect, we repeat the analysis excluding from the sample all private-equity (PE)

firms, which are the most likely to divest after an acquisition.34 The results are reported

in Figure A.7 and are consistent with our main finding of the absence of a slowdown in

the number of new, non-GAFAM acquirers. Second, our treatment does not capture the

intensity of GAFAM entry via acquisition in a level-2 category, in that it does not account

for the fact that the correlation between GAFAM’s initial M&A activity in a level-2 and

the number of new acquirers in that level-2 could change after the first n > 1 GAFAM

acquisitions. To check the robustness of our results, we consider an alternative treatment in

which we define a level-2 category to be treated in a certain year if GAFAM had made at

least two acquisitions in that level-2 by that year, inclusive. Figure A.8 demonstrates that

our finding is also robust to this alternative design.

34In fact, in our sample we observe only 17 cases in which a non-PE firm acquires a target entity and this
entity is later acquired by a different acquirer.
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Figure 8: Dynamic Correlations: Average Effect by Length of Exposure

Notes: The figure plots average treatment effects by different length of exposure since GAFAM’s first ac-
quisitions in each treated level-2 category (x-axis). Length of exposure equal to 0 refers to the year when
GAFAM’s first acquisition occurred. Length of exposure equal to -1 corresponds to the year before GAFAM’s
first acquisition, and length of exposure equal to 1 corresponds to the year after.

As shown in Figure 9, we also aggregate time-specific ATTs by treatment-starting year

and the calendar year of the effect, respectively. The average effect by treatment-starting year

shows that for most cases the correlation is insignificant. However, for the level-2 categories

in which GAFAM first acquired in 2012, an initial GAFAM acquisition is correlated with

an average of roughly ten more new acquirers per year in the following years. This effect is

significantly different from zero with 95% confidence.35

The ATTs by the calendar year of effect suggests that, in all sample years except for

2014, there was no correlation between an initial GAFAM acquisition and the number of

new acquirers in the treated level-2 categories, while in 2014 the correlation was positive

and significant.36 One potential explanation for these results is that an initial GAFAM

acquisition in a level-2 category may convey a positive signal about the profitability of the

category, thus stimulating other firms to pursue acquisitions in the category. At the same

35A similar interpretation could potentially apply to groups 2016 and 2018; however, as previously indi-
cated, the interpretation in these cases is more difficult given that these groups are small.

36We check the robustness of our results to a different comparison group in which we only include those
level-2 categories with no GAFAM acquisitions between 2010 and 2020. Figure A.6 in the Appendix shows
that the average effect by length of exposure, treatment-starting year, and the calendar year of effect, are
all consistent with those obtained when including not-yet-treated level-2 categories in the pool of potential
controls.
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Figure 9: ATTs by Treatment-Starting Year and Calendar Year of Effect

(a) Average Effects by Treatment-starting year (b) Average Effects by Calendar Year of Effect

Notes: The left figure plots average treatment effects (ATTs) by treatment-starting year, i.e. the year in
which GAFAM first acquired in a level-2 category. Each line in this figure displays the average and confidence
interval of ATTs (x-axis) across all level-2 categories that became treated in a specific treatment-starting
year (y-axis). The right figure plots ATTs by calendar year, where the x-axis is the year of effect and the
y-axis is the average effects of being treated in that year for all level-2 categories that experienced a GAFAM
acquisition in or before that year. Both figures aggregate estimated ATTs using not-yet-treated units as
controls.

time, it is also possible to observe a positive correlation when both GAFAM and other

companies simultaneously receive positive signals about the profitability of a category, but

perhaps because GAFAM has greater and easier access to liquidity, and/or larger and better

positioned M&A teams and procedures, it is able to acquire in those categories first. For

this reason, we caution that all ATTs reported in this paper reflect correlation rather than

causal impact (though we borrow the method and some corresponding language from the

causal impact literature).

To sum up, the results presented suggest the absence of a correlation between GAFAM

acquisitions in categories and a slowdown in the number of new acquirers in the same cat-

egories afterwards. In net, as far as our dataset and analyses indicate, the results seem

inconsistent with competition concerns regarding kill zones, foreclosure, or raising rivals’

costs, though of course, we cannot rule out the possibility that these concerns do exist but

may be associated by non-majority transactions or are potentially cancelled out or affected

by the potential positive signal that GAFAM acquisitions may convey about the profitability
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of the target category.37 Similarly, since our estimate for a treatment-starting year reflects

an average across all the level-2s that have the first GAFAM acquisition in the same year,

we cannot rule out that the absence of a significant correlation is because the true impact

of GAFAM entry via M&A is positive in some level-2s but negative in others — we do not

have evidence for or against this possibility. It is also important to note that our analysis is

limited to an acquiring firm’s first acquisition in a level-2 category; the firm, of course, could

enter the category organically via internal R&D, and we do not know how or whether such

internal R&D efforts may relate to GAFAM acquisitions in that category.

7 Conclusion

The M&A activity of the top technology platforms has been at the forefront of recent an-

titrust debates. By using a unique technology taxonomy developed by S&P Global Market

Intelligence, we help inform the debates in several ways. We examine whether GAFAM and

other groups of top acquirers differ in their acquisitions in terms of the nascency, reliance

on data, and customer-orientation of the target firms they acquire. We find that GAFAM’s

targets are more likely to be younger and consumer oriented. Although the apparent M&A

frenzy towards data-intensive target firms appears to be common among all groups of top

acquirers, GAFAM firms have consistently increased the focus of their M&A activity towards

data-intensive targets, especially after 2016. We further find that GAFAM’s acquisitions are

significantly less concentrated across target technology categories than any of the other top

acquirer groups we consider.

At the same time, while it may be argued that acquisitions by GAFAM firms, as the

larger incumbents, could amount to claiming competitive turf in the target firms’ categories,

and could consequently deter entry by competitors into those categories, our findings go

counter to that. Specifically, we do not find evidence that suggests that GAFAM entry

via acquisitions in categories, in comparison to similar categories in which GAFAM has not

37As we cannot separate between vertical and horizontal mergers in our data, we cannot test a specific
theory of harm.
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yet acquired, are correlated with any slowdown in the number of new acquirers acquiring

in the same categories after the initial acquisitions by GAFAM. In addition, our findings

demonstrate that the overlap in the categories in which GAFAM members and other top

acquirers acquire exhibited an upward trend over 2010-2020, and suggest that competition

within GAFAM, as well as across top acquirer groups, have both increased.

Though our findings cannot accept or reject any specific antitrust theory regarding tech

acquisitions, they may have two broad implications for antitrust agencies. First, GAFAM

firms are not the only large incumbents that pursue M&As in the technology sector. Both

GAFAM and non-GAFAM acquirers expand their territory through M&As in adjacent and

unrelated areas, away from their original core businesses. Should it be deemed needed, an

evaluation of antitrust reform, as far as acquisitions by incumbents of small, young and

innovative startups, would benefit from not being confined to GAFAM firms. Second, our

findings do not support the stylized concern that the presence of GAFAM in a category

automatically shuts down competition in that category. Our findings show that at least some

other acquirers choose to acquire in the same categories as GAFAM, implying competition

among acquirers, which may encourage entry for buyout in those categories.

Despite these insights, it is important to emphasize that our study come with a number

of empirical limitations. In particular, first, while the technology categories we consider

are relatively narrow, they are not relevant antitrust markets. Second, we have sparse

information on the transaction amounts and no information on firms’ market shares. Third,

we have no information on products and services developed internally by the acquiring firms

over time. Fourth, our analysis focused strictly on majority (control) transactions and not

on minority acquisitions or other types of non-majority transactions. How to address these

limitations and how to link our findings to anti-competitive theories are potential directions

for future work.
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Appendix A Additional Figures and Tables

Table A.1: Pairwise correlation coefficients between Age of the Target, Value of the Deal
and Number of Employees of the Target

Target’s Age Deal Amount ($) Target’s Employees

Target’s Age 1.00
Deal Amount ($) 0.12* 1.00

Target’s Employees 0.06* 0.40* 1.00

Notes: * means that correlation coefficients are significant with the 95% confidence.

Figure A.1: GAFAM’s Acquisitions by Distance

Notes: The left figure presents for the static algorithm the number of acquisitions by the distance of the
target for each GAFAM firm. The right figure presents the same information for the dynamic algorithm,
where the additional distance “Same new” refers to acquisition in which the target belongs to a level-2
category that is the same as the one in which the acquirer has expanded before in the sample.
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Table A.2: Likelihood of an Acquisition based on Distance and Target Age

(1) (2) (3) (4) (5)
VARIABLES Unrelated Adjacent Same Original Same New Target Age

GAFAM -0.353*** 0.116*** -0.208*** 0.449*** -4.154***
(0.0132) (0.0185) (0.00919) (0.0199) (0.582)

Top25 PE -0.228*** 0.00602 -0.0300*** 0.252*** 2.931***
(0.00899) (0.00944) (0.0100) (0.0110) (0.361)

Top25 S&P -0.193*** 0.0121 -0.0831*** 0.264*** 2.137***
(0.00844) (0.00862) (0.00846) (0.0102) (0.294)

Top25 Tech -0.248*** 0.0629*** -0.166*** 0.351*** -2.375***
(0.0117) (0.0136) (0.00983) (0.0152) (0.392)

Observations 41,758 41,758 41,758 41,758 36,594
R-squared 0.070 0.019 0.026 0.110 0.163

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Notes: Columns (1) to (4) show the correlation between being acquired by a top group — compared to
being acquired by any other firm — and the probability that the level-2 of the target is unrelated, adjacent,
the same as the original one of the acquirer, or the same as one of the level-2s in which the acquirer has
expanded before in the sample, respectively. Column (5) displays the correlation between being acquired by
any of the top groups and the age of the target. We use a linear probability model and in all regressions
include level 1 and year fixed effects, and control for the location of the target as well as for whether the
target is a public entity.
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Figure A.2: Average HHI across GAFAM-entered Level-2 Categories

Notes: The figure describes in each year the average HHI across the level-2 categories in which at least
one GAFAM firm acquired up to that year. This measure focuses on GAFAM’s acquisitions in each level-2
category (while ignoring other acquirers), so that the lowest possible value of this HHI is 2,500.
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Figure A.3: Alternative Representation of the Competition between Top Acquirers

Notes: The figure illustrates the relative numbers of acquisitions by the groups of top acquirers in the 21
level-1 categories in which at least one top acquirer made an acquisition over the sample time period. The
size of each bubble in a given year is proportional to the cumulative number of acquisitions completed by
the respective group up to that year, inclusive.
Source: 451 Research M&A KnowledgeBase, part of S&P Global Market Intelligence, data as of 02/16/2021.
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Figure A.4: Alternative Representation of the Competition between GAFAM Firms

Notes: The figure illustrates the relative numbers of acquisitions by each of the five GAFAM firms in the 17
level-1 categories in which at least one GAFAM firm made an acquisition over the sample time period. The
size of each bubble in a given year is proportional to the cumulative number of acquisitions completed by a
GAFAM firm up to that year, inclusive.
Source: 451 Research M&A KnowledgeBase, part of S&P Global Market Intelligence, data as of 02/16/2021.
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Figure A.5: ATTs by Treatment-Starting Year

2011 2012 2013

2014 2015 2016

2017
2018 2019

2020

Notes: The figure plots the average treatment effects of the treated (ATTs) by treatment-starting year,
all estimated including not-yet-treated units in the control group. Each plot of treatment-starting year t
includes all level-2 categories in which GAFAM first acquired in that year. Plots of treatment-starting year
2011 to 2014 satisfy the parallel trend assumption and show no significant correlation between GAFAM
acquisition and the number of new acquirers acquiring in the level-2 category. Plots of treatment-starting
year 2015 to 2020 have five or less level-2 categories which makes interpretation harder. However, in general
the results suggest the absence of a significant correlation.
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Figure A.6: ATTs with Only Never-treated Units in the Control Group

(a) Average Effect by Length of Exposure (b) Average Effects by Treatment-starting year

(c) Average Effects by Calendar Year of Effect

Notes: Figure (a) plots the average treatment effects on the treated (ATTs) by years of exposure since
GAFAM’s first acquisitions in a treated level-2 category. Figure (b) plots the ATTs by treatment-starting
year. For example, the ATT for treatment-starting year 2012 averages across all level-2 categories that
became treated in 2012. Figure (c) plots the ATTs by the calendar year of effect. For example, the ATT
for calendar year 2012 averages the ATTs in 2012 for all level-2 categories that became treated in or before
2012. All three figures aggregate ATTs estimated using only never-treated units as controls.
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Figure A.7: Dynamic Correlations Excluding PE Firms

(a) Not-yet-treated as Control Group (b) Never-treated as Control Group

Notes: The two figures plot the average treatment effects on the treated (ATTs) by years of exposure since
GAFAM’s first acquisitions in a treated level-2 category excluding all PE firms from the sample. Figure (a)
plots the ATTs using not-yet-treated units as control, while Figure (b) plots the ATTs using never-treated
units as control.

Figure A.8: Dynamic Correlations with Alternative Treatment

(a) Not-yet-treated as Control Group (b) Never-treated as Control Group

Notes: To account for the fact that more than one GAFAM acquisition in a level-2 category may be required
to negatively affect entry via M&A in that level-2, we consider an alternative treatment. In particular, we
define a level-2 category to be treated in a certain year if GAFAM has made at least two acquisitions in that
level-2 in or before that year. Figure (a) plots the average treatment effects on the treated (ATTs) by years
of exposure using not-yet-treated units as control, while Figure (b) plots the same ATTs using never-treated
units as control.
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