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Acquisitions have become the dominant exit strategy for startups
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Initial Public Offerings Acquisitions

Number of VC-backed startups that exited via an initial public offering (black) or an acquisition (gray) by year.
Source: National Venture Capital Association and Ederer and Pellegrino (2023)
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Over this time frame, GAFAM + CIQ completed around 1,200 acquisitions.



What does “death of the IPO” mean for innovation?

Markets for technology (Teece, 1986; Gans, Hsu and Stern, 2002; Arora, Fosfuri and
Gambardella, 2004)

Innovation theories and evidence of harm
I Federico, Langus and Valletti (2017); Federico, Scott Morton and Shapiro (2020); Motta and

Tarantino (2021); Kamepalli, Rajan and Zingales (2020); Valletti (2025) and many others
I Goettler and Gordon (2011); Igami and Uetake (2019); Haucap, Rasch and Stiebale (2019);

Cunningham, Ederer and Ma (2021) for evidence from specific industries

Additional regulatory scrutiny and antitrust action against large tech acquirers: DOJ,
FTC, EC, CMA, 2023 Merger Guidelines; DMA requires notification

This paper: Event studies of large tech firm acquisitions using patent and labor
market data
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Interpretation and Caveats

Patents 6= Innovation
I Most acquired firms never patent
I “Looking under the lamp post” critique

Cooperative Patent Classification (CPC) “Main Groups” 6= Markets1
I CPCs combine substitutes and complements
I Primary purpose: prior art searching

Correlation 6= Causation
I No instruments ⇒ mainly descriptive
I Notional experiment: policy shift vs. merger retrospective
I Utility of “average effects” for merger review?

Innovation harm 6= All harm

1CPC “Main Group” is not the “four digit” CPC subclass, but the next level down the hierarchy.



Descriptive Analysis



Acquisition Landscape and Targets

8 acquirers completed more
than 1,200 acquisitions in
1987-2020.

Google (260), Microsoft
(236), and Cisco (222) are
the most active acquirers,
followed by Apple (126) and
Amazon (103).

Transactions with patented
targets involve substantially
higher median deal values
($100M vs. $202M)



Example: Google’s Acquisition of WIMM Labs

Founded in 2010: one of the first startups to build a
wearable-smartwatch platform
Launched first device in 2011 (business model: license to
consumer-facing tech companies)
Google silently acquired WIMM Labs in 2012

WIMM Labs owned 10 patents:
on the user interface
on the touchscreen
on file sharing between devices

Patents covered 6 CPC Main Groups:
“Input arrangements for transferring data to be
processed into a form capable of being handled by
the computer”
“Services specially adapted for wireless
communication network”



Acquired Patent CPC Codes

Sample restricted to CPC
Sections G (Physics) and H
(Electricity) that cover most
digital tech.

338 (out of ∼1200) CPC
groups treated at least once

I 37% single acquisition
event

I 63% multiple events



Heterogeneity Dimension #1: Repeat Acquisitions
Within treated CPC groups, the share of patents owned by big tech combined is larger,
the higher the number of acquisitions within the CPC group.



Heterogeneity Dimension #2: Employee Retention
Retention for target
employees drops sharply
at acquisition.
Matched acquirer
employees show less
attrition over the same
window.
Inventors are more likely
retained than
non-inventors

Retention Rates by Acquirer



CPC Group-level Analysis



CPC Group Level Analysis: Baseline Setup

How does patenting in CPCs associated with an acquisition evolve
relative to other CPCs?

Outcome is the arcsin-transformed share of patents filed in CPC group c in year t: lpatct .
Baseline event study around the first acquisition within a CPC group:

lpatct = α+ γc + λt +
10∑

s=−10

τs · 1{t = y + s}+ εct

γc are CPC-group fixed effects; λt are year fixed effects.
Event window is s ∈ [−10, 10]; y : year of the first acquisition event in that CPC group.
To identify breaks in innovation trends, we also match treated CPC groups to control
CPC groups with similar pre-trends and levels.



Acquisitions and Innovation



Acquisitions and Innovation

Innovation Pretrend

Innovation increases after a first acquisition within a CPC group ...
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Innovation Pretrend
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Repeat Acquisitions in CPC Groups

... but only if CPC groups experience more follow-on acquisitions.



Heterogeneity by Follow-on Acquisition

Regression Results for # of Acquisitions



Patent-level Evidence and Knowledge Spillovers



Patent Level Analysis: Impact of Acquisitions on Citations

How does the citation rate of acquired patents evolve compared to
other patents in the same CPC?

Outcome: forward citations to focal patent p in CPC c, year t (citpct).
I Citations as a proxy for technological significance, economic value, but also innovation

spillovers

Estimation strategy using PPML with log link:
1 Diff-in-Diff

E[citpct | ·] = exp
(
τ PostAcqpt + age2pt + age3pt + γp + λct

)
2 Event study with dynamic treatment effects τs around acquisition year

Controls: patent age profile (quadratic/cubic), CPC×year FEs, patent FEs (similar to
Rysman and Simcoe, 2008)



Forward Citations to Target Patents

Forward citations to target patents increase after acquisition.
Effects are visible in both application-year and grant-year counts.

Application-year citations



Sources of Increase in Citations
Is the increase driven by additional citations from (2) the big-tech acquirer, (3) other
companies that hired the target’s inventors, (4) other companies that hired the target’s

non-inventor employees, or (5) unrelated companies?

All cites From acquirer
Inventor

destinations
Other employee
destinations From neither

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

PostAcquisition 0.245∗∗∗ 1.188∗∗∗ 0.299∗∗∗ 0.468∗∗∗ -0.002
(0.039) (0.081) (0.069) (0.102) (0.036)

Patent FE X X X X X
CPC×Year FE X X X X X
Pre-acq mean 1.341 0.132 0.178 0.429 1.019
Pseudo-R2 0.522 0.521 0.521 0.522 0.521
Observations 36,639,912 36,590,570 36,583,586 36,616,033 36,627,019



Spillovers and Inventor Retention

All cites From acquirer
Inventor

destinations
Other employee
destinations From neither

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

PostAcquisition 0.352∗∗∗ 1.294∗∗∗ 0.496∗∗∗ 0.357∗∗∗ 0.187∗∗∗
(0.042) (0.104) (0.096) (0.082) (0.058)

PostAcquisition × Inventor Retention 0.036 0.619∗∗∗ -0.550∗∗ 0.302 -0.151
(0.100) (0.234) (0.222) (0.186) (0.145)

Patent FE X X X X X
CPC×Year FE X X X X X
Pre-acq mean 1.410 0.118 0.176 0.426 1.144
Pseudo-R2 0.522 0.521 0.521 0.521 0.521
Observations 36,580,396 36,563,525 36,558,421 36,569,536 36,574,386

The more inventors stay with the acquirer ...
... the higher the bump in citations originating from the acquirer after the acquisition,
... but the smaller the bump in citations from firms that typically hire those inventors.



Inventor-level Evidence and New Inventions



Inventor Level Analysis: Retention and Productivity

How does the productivity of acqui-hired inventors who remain with the acquirer compare to
that of inventors who leave?

Target inventors who stay with the
acquirer go on to patent more than those
who leave after the acquisition.

Most of these new patents are filed with
the acquirer.

Patent consolidation increases due to
both acquisition of patents and retention
of productive inventors.



Conclusion

1,200 acquisitions by eight major technology firms since the late 1980s
I Acquisitions are followed by increases in patenting, especially for repeated acquisitions.
I Acquired patents receive more forward citations post-acquisition, driven by the acquirer and

firms that hire target employees.
I Employee retention is limited and shifts technology spillovers to the acquiring companies.
I Inventors who stay with the acquirer patent more than those who leave.

Big tech acquisitions can accelerate knowledge diffusion ... but impact is
heterogeneous across firms, technologies, and acquisition sequences.

Policymakers should consider innovation-centric guidelines that incorporate patenting,
employee retention, acquisition sequence, and technology concentration.



Thank You!

Preliminary paper available at https://florianederer.github.io/digital.pdf

https://florianederer.github.io/digital.pdf


Model Setup

Single technology space with uncertain commercial viability:
1 public signal st ∈ {h, `} arrives about state of world θ ∈ {H, L} and beliefs µt ≡ Pr(θ = H)

update such that µh
t > µt−1 > µ`

t
2 a startup draws project quality xt
3 startup decides whether to develop at cost c
4 incumbent can acquire the project

Project values depend on incumbent presence in the space:
I incumbent value: µtκ(Nt)xt
I standalone entrant value: µtγ(Nt)xt

where Nt is the cumulative number of prior acquisitions.

Interpretation:
I κ(Nt) captures incumbent complementary assets
I γ(Nt) captures crowding / difficulty of standalone entry



Entry, Acquisitions, and Waves
If the incumbent values the project more than the entrant, acquisition generates surplus
and raises startup incentives through an acquisition premium.

During an acquisition wave, entry threshold is

xt ≥ xA(µt ,Nt) =
c

µt
[
(1− α)γ(Nt) + ακ(Nt)

]
Without acquisition, entry threshold is higher:

xt ≥ xNA(µt ,Nt) =
c

µtγ(Nt)

Key force: higher beliefs lower the entry threshold, which increases development and
therefore acquisitions.

Implication: acquisitions cluster into waves in commercially promising technology spaces.



Main Predictions of the Model
1 Acquisition waves: positive signals raise beliefs, beliefs stimulate entry, and more entry

generates more acquisitions.
2 Pre-acquisition innovation run-up: acquisitions are more likely in technology spaces

with favorable signal histories, so innovation rises before observed acquisitions.
3 Post-wave innovation decline: once the incumbent’s acquisition advantage is

exhausted, entry-for-buyout incentives disappear and standalone entry is harder.

xNA(µt ,NT∗) > xA(µt ,NT∗−1)

4 Persistent incumbent footprint: after a long wave, standalone innovation can remain
below its pre-wave level because the incumbent has become more entrenched in that
technology space.

The model rationalizes why innovation may rise before acquisitions and why repeated
acquisitions are concentrated in a small set of technology groupes.



Defensive and “Killer” Acquisitions
In the baseline model, acquisitions are used to develop and scale promising projects.

But acquisitions can also be defensive:
I A startup that remains independent may become a future competitor
I This can reduce the value of the incumbent’s existing business

After acquiring a startup, the incumbent has two options:
I Commercialize: develop and integrate the technology
I Shelve: shut down or delay the project

A “killer acquisition” arises when:
I The main benefit of the deal is preventing future competition ...
I ... rather than developing the technology itself.

This generates a “kill zone”: areas where startups are less likely to grow independently
because acquisition is likely.

The model allows for killer acquisitions, but the main empirical patterns in our data are
more consistent with technology access and diffusion than systematic shelving.



Contributions

1 Provide a comprehensive empirical mapping of the acquisition behavior of eight major
technology firms (GAFAM plus Cisco, Intel, and Qualcomm)

I We manually compile a dataset of 1,200 acquisitions and link it to patent data as well as
labor market data.

2 Technology group-level analysis of innovation before/after acquisitions
I Panel dataset at the technology-group-year level that allows us to analyze innovation trends

surrounding each deal

3 Evidence on knowledge spillovers at the innovation level
I Panel dataset at the patent-year level combined with workforce data that allows us to track

innovation spillovers before and after big tech acquisitions.



Data Sources

Acquisitions: Amazon, Apple, Cisco, Facebook, Google, Intel, Microsoft, Qualcomm
⇒ Focus of the innovation and antitrust policy debate!
Patents: USPTO with Cooperative Patent classification; focus on sections G and H
Workforce: Revelio Labs resume histories for pre- and post-acquisition employment

Unit of analysis
CPC Group by year for technology-level event studies
Patent by year for citation dynamics and heterogeneity
Inventor by year for patenting trends

Details on Acquisition Data Details on Workforce Data



Acquisition Data

Manually curated dataset of startup acquisitions by 8 major tech firms:
I Amazon, Apple, Cisco, Facebook, Google, Intel, Microsoft, Qualcomm

Firms chosen due to:
I Longstanding role in digital/IT sectors
I Frequent acquirers of startups
I Central in competition and innovation policy debates

All 8 firms have faced antitrust scrutiny for acquisitions
I FTC review of Instagram/WhatsApp, CMA review of Apple–Shazam, Qualcomm–NXP

collapse, scrutiny of Microsoft/Amazon pipelines

Back



Employee Work Histories

Workforce data from LinkedIn profiles via Revelio Labs

Match target/acquirer firms to identify employees

Coverage:
I Acquisitions from 2005 onward (LinkedIn founded in 2003)
I 1190 acquisitions → 932 post-2005
I 692 cleanly matched to Revelio Labs data

Construct unbalanced panel of position-year observations
I Track employees over 5-year window around acquisition
I Handle overlapping positions, short stints, education jobs
I Acquirer subsidiaries included as acquirer positions

Back



Targets and Patents

Share of targets with at least one patent differs across acquirers.
I Qualcomm (70%) and Intel (57%) acquire firms with patents most frequently.
I Amazon (23%) and Facebook (17%) least frequently acquire patent targets.

Conditional on patenting, portfolio sizes vary: Intel’s acquired targets average 21 patents,
Qualcomm 20, while Facebook’s average is fewer than 4.

Transactions with patented targets involve substantially higher median deal values.
I Google: $61M (no patents) vs. $500M (with patents).
I Cisco: $126M vs. $282M.
I Apple: $30M vs. $239M.

Overall, medians rise from $100M (no patents) to $259M (with patents).



Heterogeneity Dimension #1: Repeat Acquisitions

Follow-on likelihood differs by acquirer:

Amazon Apple Cisco Facebook Google Intel Microsoft Qualcomm

52% 68% 81% 92% 42% 72% 79% 73%

Repeated acquisitions concentrated in CPCs where acquirer owns patents



Retention Rates by Acquirer

Back



Heterogeneity by Number of Acquisitions

(1) (2)
Unmatched Matched sample

Post first Acq - No Follow-on -0.05 -0.16
(0.09) (0.10)

Post second Acq - No Follow-on -0.33∗∗∗ -0.36∗∗∗
(0.12) (0.12)

Post third Acq - No Follow-on -0.31∗∗ -0.31∗∗
(0.13) (0.14)

Post fourth Acq - No Follow-on 0.02 -0.00
(0.15) (0.15)

Post first Acq - With Follow-on 0.43∗∗∗ 0.32∗∗∗
(0.05) (0.06)

Post second Acq - With Follow-on 0.20∗∗∗ 0.16∗∗∗
(0.05) (0.05)

Post third Acq - With Follow-on 0.15∗∗∗ 0.16∗∗
(0.06) (0.07)

Post fourth Acq - With Follow-on 0.14∗ 0.10
(0.08) (0.11)

Constant 2.75∗∗∗ 4.54∗∗∗
(0.02) (0.05)

CPC FE X X
Year FE X X
Adj. R2 0.12 0.21
N 34236 16767
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table: Innovation heterogeneity by number of events.
Back



Application-year citations
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Robustness Citation Regression

(1) (2) (3)
#NonSelfCit #PatFamCit #GYCit

PostAcquisition 0.248∗∗∗ 0.288∗∗∗ 0.316∗∗∗
(0.037) (0.042) (0.049)

N 36,110,065 36,007,639 32,120,913
Standard errors in parentheses.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Back
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