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Introduction and Motivation

Firms often innovate along established technological trajectories and may be slow to change
direction due to path dependence in innovation

Lock-in effects from core capabilities, scale economies, network effects, switching costs and
learning effects (Arrow 1962; Unruh 2000; Aghion et al. 2019)
IP rights held by other firms can place constraints on nature of innovation (patent thickets)

Mergers and acquisitions (M&As) are one channel for firms to gain access to new knowledge,
technological assets and IP — can they help forge new innovation trajectories?

Existing studies focus almost exclusively on changes in patent counts, not the direction of
innovation

Policy questions about technological transitions (for example, toward cleaner technologies)
depend not only on the volume of innovation but also on its orientation

This research: We use semantic information in patent texts to measure changes in the direction
of innovation — capturing the extent to which acquirers pivot toward the target’s technology
profile.
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Can M&As help firms to forge new innovation trajectories?

M&As are one strategy for firms to gain access to new knowledge, technological assets and IP

Potential Benefits

Bridge technological gaps and enter new do-
mains

Recombination of technologies

Internalization of knowledge spillovers

Removal of IP barriers

Potential Concerns

Reduced competition → less innovation

“Killer acquisitions” → shutting down com-
peting research

“Greenwashing” → acquiring firm with clean
tech for image without development

Key Questions:

Do M&As cause acquirers to pivot innovation toward the target’s technologies?
Does technological relatedness shape the magnitude of this reorientation?

Can acquisitions help “dirty” firms pivot towards clean innovation?
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Related Literature: Empirical Research on the Impact of M&As on Innovation

Evidence from pharma industry

Merged firms display lower patent output (as measured by patent counts) post-deal relative
to non-merging peers (see Haucap, Rasch, and Stiebale 2019; Ornaghi 2009).
Evidence of “killer acquisitions” in pharma markets where incumbents acquire innovative
targets to terminate competing R&D projects (Cunningham, Ederer, and Ma 2021).

Emerging research on clean innovation and M&A reports mixed effects on innovation outcomes
(as measured by patent counts) (Liang et al. 2022; Bose, Gregori, and Martinez Cillero 2023).

Importance of technological relatedness between merging parties as a determinant of post-deal
innovation quantity (patent counts)

e.g., Ahuja and Katila (2001), Cassiman et al. (2005), Cloodt, Hagedoorn, and
Van Kranenburg (2006), and Bena and Li (2014).

Less is known about how acquisitions affect the direction of innovation and how technological
relatedness between acquirers and targets shapes the nature of innovation activities
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Research Contribution

1. Novel measure of innovation direction

Move beyond simple patent counts

Characterize the nature of innovation using patent text embeddings

Capture whether acquirers shift innovation toward (or away from) target’s technologies

2. Technological relatedness as a key driver of heterogeneous effects

Examine whether acquisitions of technologically distant targets induce larger reorientation than
technologically close targets

Study role of acquirer type (dirty vs. non-dirty) in a subset of clean tech deals

3. Dynamic treatment effects in staggered DiD framework

Actual deals vs. matched pseudo-control deals

Dynamic effects over a 17-year window (±8 years around announcement)
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Preview of Main Findings

1. Innovation Direction (All M&As):

Large, statistically significant pivot toward target’s technological profile post-deal

2. Role of Ex-Ante Technological Distance:

Dissimilar (distant) tech: Largest and most immediate pivot toward target’s technology
Similar (close) tech: No additional shift; acquirers show declining patent activity

3. Clean Innovation (Subset with Clean Tech Targets):

“Dirty” acquirers (patent portfolios concentrated in dirty tech) show a pivot three times as
large as non-dirty acquirers + more citations to target’s clean patents + more clean patent
filings
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Policy Implications

While climate policy often focuses on incentives such as carbon pricing, subsidies, and regulation,
less is known about how firms actually obtain the capabilities needed to respond to these
incentives

Innovation often originates with smaller firms yet they typically lack scale and/or market access

Clean-tech acquisitions offer incumbents a fast-track route to gain new knowledge and
capabilities, while enabling the scale-up and diffusion of innovations from smaller firms

While patent data cannot tell us whether these innovations ultimately reduce emissions, the
evidence suggests that many acquisitions involve a genuine shift in R&D direction towards clean
technologies rather than purely ‘symbolic’ green investments

This highlights the value of policies that proactively support the pool of acquirable clean-tech
firms (e.g., via DOE Loan Programs, IRA direct-pay provisions, EU Innovation Fund) to expand
incumbents’ strategic options for the green transition

A more nuanced merger review framework is needed: distinguishing acquisitions that help build
new capabilities from those that harm competition or constitute "killer acquisitions,” as well as
developing and applying new tools to assess the effects of M&A on innovation
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Data Sources & Data Construction

M&A transactions: Mergers and asset acquisitions (>50% shares acquired), public & private U.S.
firms, excl. financial sector & hostile takeovers, 1988–2015, both acquirers and targets must hold
patents at time of the deal: 1,269 completed deals (SDC Platinum)

17-year observation window (balanced panel): k ∈ [−8,+8] around deal announcement (k = 0);
78.5% of deals completed in announcement year, 21% after one year

Firms matched with financial data (where available) (Compustat)

Firm matched with their granted utility patents in the year of the patent filing (PatentsView)

Patent classification (clean/dirty) using IPC/CPC codes (following Jee and Srivastav 2024):

Clean patents related to e.g. greenhouse gas reduction, renewable energy, energy efficiency
Dirty patents related to e.g. fossil fuel extraction/processing, internal combustion engines

Patent stock: cumulative patents with 15% annual depreciation; 20-year patent lifespan
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Measuring Technological Orientation: Patent Embeddings

To characterize firms’ technology profiles, we
use patent embeddings: vector
representations of the semantic content of
patents

Google Patent Embeddings:
64-dimensional, densely populated vector for
each patent

Patent embeddings position individual
patents within an abstract, high-dimensional
‘technology space’, mapping patents with
similar technological content closer together

Individual patent-level embeddings are
aggregated at the firm-year level

Stylized Illustration of Patent Technology Space

Tech dim 1

Tech dim 2

Target patents

Acquirer patents

Each dot = one patent
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Measuring Technological Similarity: Cosine Similarity

Cosine similarity

Measures the angle between embedding
vectors

Compares direction of vectors, not magnitude

Smaller angles imply greater technological
similarity

Compared to overlaps in patent classification
codes, embeddings provide dense,
continuous measure of technological
distance and capture fine-grained
distinctions within categories

Stylized Illustration of Patent Technology Space

Tech dim 1

Tech dim 2

Target (T)

Acquirer (A)θpre

Cosine similarity
= cos(θ) = A·T

∥A∥∥T∥
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Key Outcome Variables

Measuring technological direction

tech_directionij,k : cosine similarity between the acquirer j ’s patent stock embedding vector in
year k and the target i ’s patent stock embedding vector in year k = 0

Measuring changes in the direction of innovation

tech_direction_changeij,k : Cumulative % change in acquirer j ’s technological similarity with
target i , relative to baseline k = −8:

tech_direction_changeij,k =
tech_directionij,k − tech_directionij,k=−8

tech_directionij,k=−8

cleantech_direction_changeij,k : Same, but using the target’s clean patent stock at k = 0

Auxiliary outcomes

Citations: acquirer_t_cites_ta = 1 if acquirer’s patents in year t cite any target patent

Patent counts: Citation-weighted and raw patent counts for acquirers and targets in each year t
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Construction of Pseudo-Control Deals

We construct matched pseudo-deals as counterfactuals (as in, e.g., Bena and Li 2014; Cunningham,
Ederer, and Ma 2021; Arts, Cassiman, and Hou 2025)

Aim: Establish a comparable peer group against which to benchmark trajectories in the direction of
innovation both before and after the deal

Matching Procedure:

1. Candidate pool: Same 2-digit SIC code, no M&A activity within time window

2. Innovation size matching:

Mahalanobis distance on patent count (filed in last 5 years) and patent stock in k = −1

3. Technological orientation matching:

Cosine similarity of patent embeddings at k = −1

4. Combined ranking: Average of innovation size and tech orientation ranks

5. Select 3 best pseudo-targets and 3 best pseudo-acquirers per actual firm
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Difference-in-differences framework with an event-study specification

Yij,k,t =
8∑

k=−7

[δk1{k}+ βk (MAij × 1{k})] + X′
i,tθ + X′

j,tα+ τt + µij + εij,t , (1)

Yij,k,t : innovation outcomes for target i and acquirer j in relative year k and calendar year t
MAij : indicator for actual deals
1{k}: relative-time indicators (baseline period k = −8)
Innovation controls for target and acquirer: Xi,t , Xj,t

Calendar year fixed effects: τt

Deal-level fixed effects: µij

Standard errors clustered at the deal level
Coefficients βk measure differences between actual and pseudo deals in event time k

Addressing Staggered Treatment:

Deals occur at different times ⇒ complicates causal inference in standard diff-in-diff frameworks
Use Sun and Abraham (2021) estimator for period-specific ATTs
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Difference-in-differences specification

We also estimate a simpler version of model (1) using an indicator variable post which is set to 1
for all time periods after deal announcement (i.e. k >= 0).

Yij,t = β (MAij × postij,t) + γpostij,t + X′
i,tθ + X′

j,tα+ τt + µij + εij,t , (2)

The coefficient β is the difference-in-differences estimate and allows us to assess whether there
has been a significant change in the outcome variable between the 8 years before and the 8 years
after the deal was announced
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Raw data: Innovation Direction

Figure 1: Evolution of average tech_direction_change

Changes in technological similarity with the target overtime are similar for pseudo and actual
acquirers in the pre-period, diverging shortly before the deal is announced
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Dynamic Effects: Innovation Direction

Figure 2: Coefficient plot - tech_direction_change

Notes: The figure reports period-specific ATTs (relative to the k=-1 period) obtained via the Sun and Abraham (2021)
estimator, along with their 95% confidence intervals.

Innovation reorientation begins at announcement (k = 0) and grows gradually

Compared with their technological similarity to the target in k = −8, acquirers’ patent portfolios are on
average 4 percentage points more similar to that of their target in k = 8, relative to pseudo acquirers
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Dynamic Effects: Patent Volumes

Figure 3: Coefficient plot - Patent volumes

Notes: The figure reports period-specific ATTs (relative to the k=-8 period) obtained via the Sun and Abraham (2021)
estimator, along with their 95% confidence intervals.
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Heterogeneity by Pre-Deal Technological Distance

Key dimension: How similar are the patent portfolios of the acquirer and target before the deal?

Technologically Distant Deals

Acquirer and target operate in different tech-
nology spaces

Target brings distinct knowledge

Acquisition may be motivated by capability
expansion or scope to combine technologies

Deal may lower IP barriers to a new techno-
logical domain

⇒ Expect larger pivot toward target’s tech

Technologically Close Deals

Acquirer and target already have overlapping
patent portfolios

Acquisition may be motivated by consolida-
tion and/or elimination of duplicative R&D

⇒ Expect smaller pivot toward target’s tech
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Dynamic Heterogeneous Effects: Sample split by pre-deal technological similarity

Figure 4: Coefficient plot - tech_direction_change split by similarity

Notes: The figure reports period-specific ATTs (relative to the k=-8 period) obtained via the Sun and Abraham (2021)
estimator, along with their 95% confidence intervals.
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Heterogeneous Effects: Sample split by pre-deal technological similarity

Average Treatment Effects on the Treated (ATTs):

β β β

Outcome variable High Similarity Moderate Similarity Low Similarity

tech_direction_change 0.00351 0.0211*** 0.0491***
(0.00528) (0.00583) (0.00937)

acquirer_t_cites_ta 0.118*** 0.111*** 0.0852***
(0.0132) (0.0117) (0.01000)

increase relative to pre-deal mean 41% 85% 170%
log_pat_count_t_ac -0.0409 -0.0434 -0.0426

(0.0360) (0.0356) (0.0330)

log_citing_pat_count_t_ac -0.213*** -0.147** -0.114**
(0.0598) (0.0578) (0.0562)

Observations 24650 24905 24276
Actual deals 424 423 422
Pseudo deals 1026 1042 1006

Note: Pre-deal technological similarity is measured in k = −1, where the sample is split into three groups based on the
terciles of this variable for actual deals.
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Clean tech deals: Sample and Outcome variables

Sample:

284 deals involving targets that own clean patents

Outcome variables:

cleantech_direction_change: captures changes in the direction of the acquirer’s innovation
activity toward the target’s clean technologies

acquirer_t_cites_ta_clean: indicator equal to one if the acquirer cites any of the target’s clean
patents in year t

log_clean_t_ac: natural logarithm of the number of clean patents filed by the acquirer in year t

log_citing_t_clean_ac: the natural logarithm of citation-weighted clean patent counts in year t
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Dynamic Effects: Clean Direction

Figure 5: Coefficient plot - cleantech_direction_change

Notes: The figure reports period-specific ATTs (relative to the k=-8 period) obtained via the Sun and Abraham (2021)
estimator, along with their 95% confidence intervals. Sample: 284 deals involving targets that own clean patents
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Heterogeneous Effects for Clean Tech Deals: Sample split by pre-deal technological similarity

Average Treatment Effects on the Treated (ATTs) for Clean Tech Deals:

β β β

Outcome variable High Similarity Moderate Similarity Low Similarity

cleantech_direction_change 0.00538 0.0385*** 0.0715**
(0.0105) (0.0135) (0.0309)

acquirer_t_cites_ta_clean 0.0587*** 0.0643*** 0.0677***
(0.0161) (0.0203) (0.0215)

log_clean_t_ac -0.0596 0.0481 0.103*
(0.0473) (0.0539) (0.0578)

log_citing_t_clean_ac -0.194** -0.0753 0.0477
(0.0758) (0.0981) (0.0864)

Observations 8976 4658 3689
Actual deals 145 76 63
Pseudo deals 383 198 154
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Heterogeneous Effects for Clean Tech Deals: Dirty vs. non-dirty acquirers

Average Treatment Effects on the Treated (ATTs) for Clean Tech Deals:

β β

Outcome variable Non-dirty acquirer Dirty acquirer∗

cleantech_direction_change 0.0205* 0.0730***
(0.0105) (0.0237)

acquirer_t_cites_ta_clean 0.0468*** 0.135***
(0.0121) (0.0312)

log_clean_t_ac -0.0399 0.219***
(0.0359) (0.0678)

log_citing_t_clean_ac -0.188*** 0.249**
(0.0579) (0.118)

Observations 14314 3009
Actual deals 235 49
Pseudo deals 607 128

∗ Dirty acquirers: more than half of their combined clean and dirty patent stock consists of dirty patents in k = −1
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Robustness Checks

Addressing targets that continue patenting post-deal Results

Alternative measure of technological overlap: cosine similarity using CPC subclass vectors (Jaffe,
1989) Results

The role of industry overlap Results

Inclusion of financial control variables Results

Alternative control (top 5 best matches) Results
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Concluding remarks

Key takeaways:

Acquisitions serve as a mechanism for redirecting innovation when firms obtain new knowledge
and IP relating to distinct technological domains

Role of M&As in overcoming technological path dependence: Access to externally developed
capabilities through acquisitions enables dirty firms to direct their innovation toward cleaner
technologies

Limitations:

Cannot directly observe commercialization or deployment outcomes e.g. tech M&As could lead to
new product launches or improve the efficiency of manufacturing processes (limits what can be
said about welfare)

Future Research Directions:

Link M&A-driven innovation shifts to environmental outcomes
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Thank You!

Questions & Discussion

Contact: mnewham@ethz.ch
david.jaggi@zhaw.ch
jan-alexander.posth@zhaw.ch

Funded by Swiss National Science Foundation (Grant No. 221149) and DIZH Fellowship
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Robustness



Robustness Checks

Addressing targets that continue patenting post-deal

Concern: If targets keep patenting as subsidiaries, changes in the acquirer’s patent portfolio may
understate technological integration

Approach: Split deals into targets that stop patenting after acquisition (839) and those that
continue patenting (449)

Findings: Acquirers’ innovation shifts toward target technologies in both groups, with larger and
more immediate effects when targets stop patenting, consistent with integration of the target’s
knowledge base into the acquirer’s innovation activities Results

Alternative measure of technological overlap

We construct measures of cosine similarity using CPC subclass vectors (Jaffe, 1989)

Findings: Overall pattern consistent with embedding-based measures

Validates our main findings using alternative methodology Results



Robustness Checks

The role of industry overlap

We consider whether effects differ depending on whether the target and acquirer operate within
the same industry (SIC2 codes)

Table 1: Tech_similarity in k = 0 by Industry Overlap

Group Obs Mean Std. Dev. Min Max

Same SIC2 Industry 705 0.75 0.15 0.20 0.98
Different SIC2 Industry 564 0.68 0.16 0.21 0.98

While merging firms in the same industry show a higher technological similarity on average, there
is a wide range of technological similarity within both groups

Findings: Technological overlap within industries drives our results as opposed to industry overlap
Results



Robustness: Target patenting post-deal

Figure 6: Robustness check - Coefficient plot - tech_direction_change

Notes: The figure reports period-specific ATTs (relative to the k=-8 period) obtained via the Sun and Abraham (2021)
estimator, along with their 95% confidence intervals.



Robustness: CPC-Based Similarity

Figure 7: Robustness check - Coefficient plot - tech_similarity_cpc

Notes: The figure reports period-specific ATTs (relative to the k=-8 period) obtained via the Sun and Abraham (2021)
estimator, along with their 95% confidence intervals.



Robustness: Industry Overlap

Figure 8: Robustness check - Coefficient plot - tech_direction_change

Notes: The figure reports period-specific ATTs (relative to the k=-8 period) obtained via the Sun and Abraham (2021)
estimator, along with their 95% confidence intervals.



Robustness: Including financial controls

Figure 9: Robustness check: Including financial controls

Notes: Outcome variable: tech_similarity_cpc. The figure reports period-specific ATTs (relative to the k=-8 period)
obtained via the Sun and Abraham (2021) estimator, along with their 95% confidence intervals. The model includes the
following innovation controls: log_pat_stock_ta_tm1, log_pat_stock_ac_tm1, log_pat_count_t_ta,
log_pat_count_t_ac, log_at_ac, book_market_ac, book_leverage_ac, roa_ac cash_ac.



Robustness: Top 5 best controls

Figure 10: Robustness check - Coefficient plot - tech_direction_change with top 5 best matches

Notes: The figure reports period-specific ATTs (relative to the k=-8 period) obtained via the Sun and Abraham (2021)
estimator, along with their 95% confidence intervals.



Extra



Dynamic Effects: Citations

Figure 11: Coefficient plot - acquirer_t_cites_ta

Notes: The figure reports period-specific ATTs (relative to the k=-8 period) obtained via the Sun and Abraham (2021)
estimator, along with their 95% confidence intervals.

The dynamics are consistent with both selection on technological relatedness and a post-acquisition
increase in the acquirer’s use of the target’s knowledge base
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