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Abstract

Mergers and acquisitions (M&As) are an important mechanism through which
technology is adopted by firms. Firms with greater technological skill acquire less
tech-savvy firms and, subsequently, increase technology investment at the target.
This has important implications for labor reallocation following M&As. We show
that target establishments become less routine intensive post-M&A, especially
when a target had greater routine occupational employment, compared to its
acquirer, ex-ante. We also provide evidence consistent with targets investing in
information technology which tends to displace more office routine occupations.
Such labor reallocation impacts wages, resulting in higher pay inequality within
target establishments.
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Abstract

Mergers and acquisitions (M&As) are an important mechanism through which technology
is adopted by firms. Firms with greater technological skill acquire less tech-savvy firms
and, subsequently, increase technology investment at the target. This has important
implications for labor reallocation following M&As. We show that target establishments
become less routine intensive post-M&A, especially when a target had greater routine
occupational employment, compared to its acquirer, ex-ante. We also provide evidence
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1. Introduction

Several studies on mergers and acquisitions (M&As) have documented important la-
bor reallocation effects on employment and wages. These changes have been associated
with new owners breaking implicit contracts impacting employment and wages (Shleifer
and Summers, 1988) as well as acquirers targeting firms with surplus employment and
subsequently raising shareholder value through redundancies (Shleifer and Vishny, 1988).
In addition, M&As can change the optimal allocation of a firm’s assets (Maksimovic et al.,
2011) leading to asset sales and employment shifts. This paper documents a novel chan-
nel through which post-merger labor reallocation occurs: Acquirers transfer technological
knowledge to targets, who then adopt more advanced technology ex-post with implica-
tions for labor demand.

Our hypothesis is based on the idea that acquiring firms tend to possess more techno-
logical know-how than target firms in the same industry and that these technology-specific
skills can be transferred following a horizontal merger. This is rather intuitive if we think
that acquiring firms tend to be large in scale and have greater access to financing (Erel
et al., 2015), characteristics also common among firms that have invested significantly in
technology.! Moreover, such investments have important implications for labor alloca-
tion as technology (e.g., automation) tends to replace workers performing routine tasks,
namely those tasks that are repetitive in nature (e.g., Autor et al., 2003; Autor and Dorn,
2013; Kogan et al., 2023).

To the extent that technologically advanced acquirers implement more sophisticated
technology at targets, we should observe that the share of routine occupations declines
at target establishments post merger, compared to a matched set of control establish-
ments. To this end, we use data provided by the Occupational Employment and Wage
Statistics program (OEWS), administered by the Bureau of Labor Statistics (BLS). The

OEWS contains detailed information on occupational employment and wages. Using a

! For example, large and cash-rich firms are more likely to adopt technology in the U.S. (Bessen,
2020; Zolas et al., 2020), while established firms with better access to financing have been the primary
buyers of new capital in the economy (Ma et al., 2022).



sample of 2,924 target establishments in OEWS associated with 1,159 horizontal M&A
events spanning 2001-2017, we indeed find that the employment share of workers in high
routine occupations declines relatively more at target establishments post-M&A, com-
pared to matched non-M&A establishments. Moreover, the magnitudes of these effects
are economically important, with an average decline in the routine employment share by
1.9 percentage points, or 5.3% relative to the pre-treatment mean—equivalent to approx-
imately an annual rate of 1.23%.2 Comparing our baseline estimates with the decline
in routine employment share across OEWS establishments over the same time period,
M&A targets reduce routine employment share annually at a rate approximately 1.5
times higher than that of the broader economy.

To further test our hypothesis, we explore treatment heterogeneity. We show that
M& As, where targets have greater ex-ante routine employment shares relative to acquir-
ers, are those in which we observe a larger decline in routine employment share at the
target by 4 percentage points (or 0.93 percentage points annually). This is a large de-
cline when compared to the baseline average treatment effect of 1.9 percentage points
(or an annual reduction of 0.44 percentage points). We find similar results when we
instead exploit heterogeneity based on acquirer wages being higher than target wages
pre-treatment, with such wage differences likely reflecting the relative skill of employees
in the acquirer-target pair. We also examine establishment-level data on information
technology (IT) investment from the Ci Technology Database (CiTDB). Consistent with
the labor results, we find that the percentile rank of investment in IT (IT per employee)
increases post-M&A by 2.1 (2.3) percentage points annually on average, compared to
controls, in deals where acquirers have ex-ante greater investments in I'T per employee
relative to targets.

Furthermore, we show that these patterns are not just in the relative share of rou-
tine employment but also in the overall level of employment. In the presence of zeros in
the employment distribution, we transform employment levels into percentiles by mea-

suring the rank of each observation within its relevant sample each year following Chen

2In our sample, the average post-treatment period is 4.3 years.



and Roth (2023) and Delius and Sterck (2024). We show that not only do target firms
reallocate away from routine occupations post-M&A, but the majority of post-M&A em-
ployment reductions are concentrated in these routine occupations. Specifically, we find
that relative to control establishments, the percentile rank of routine employment at tar-
get establishments declines by 2.3 percentage points (0.53 percentage points annually)
post-M&A. In contrast, the percentile rank of non-routine employment does not decline
significantly. The net effect is an average decline in the percentile rank of overall em-
ployment in target establishments of 1.6 percentage points (or 0.37 percentage points
in annual terms), driven primarily by lower demand for routine employment. Within
routine occupations, we find a significant decline in the percentile ranks of routine cog-
nitive employment, consistent with information technology replacing routine cognitive
tasks typically performed by white-collar office workers, and an insignificant decline in
the percentile ranks of routine manual employment often associated with the adoption of
robots and machinery replacing production workers.

We also examine changes to employment in technology-related occupations post-
M&As driven by the notion that technology should increase the productivity (and de-
mand for labor) of employees who use, develop, and maintain technology (e.g., Autor
et al., 2003; Autor and Dorn, 2013; Goos et al., 2014; Kogan et al., 2023). On average,
the percentile rank of tech-oriented occupations increases by 1.76 percentage points (or
0.41 percentage points annually) post-M&As at target establishments relative to controls.
Decomposing it further, we find that the increase is mainly driven by engineering occu-
pations. Specifically, we document a 2.26-percentage-point increase (or 0.53 percentage
points in annual terms) in the average percentile rank of engineering employment and
a positive but insignificant effect on the average percentile rank of non-engineering em-
ployment. As such, our evidence points toward technology-related occupations benefiting
post M&As.

To better understand which occupations are responsible for such shift, we dig deeper
into employment changes among granular occupations defined using the finest classifi-

cation by Dorn (2009) for which we can measure routine intensiveness. Among the 25



occupations experiencing the highest decline in employment percentiles, routine occupa-
tions are over-represented, including roles like shipping clerks, interviewers, surveyors,
data entry keyers, and bill and account collectors. In contrast, among the top occupa-
tions experiencing the highest increase in employment percentiles, technical occupations
are over-represented, along with management-related and professional occupations, such
as electrical engineers, engineering technicians, health technologists, HR specialists, and
financial specialists. These occupations are directly linked to or benefit from the use of
technology.

It is possible that an omitted variable, such as declines in demand (Hershbein and
Kahn, 2018; Jaimovich and Siu, 2020), industry shocks (Harford, 2005), or regulatory
changes (Tuzel and Zhang, 2021; Bena et al., 2022) may lead to both M&As and changes
in labor demand. We present several pieces of evidence that mitigate the possibility
that demand, industry, regulatory, or other shocks could explain both the observed
changes in optimal firm boundaries and the adoption of technology. First, we care-
fully match M&A targets to control establishments to reduce selection bias caused by
the non-random nature of the target selection process. In our specifications, we further
control for time-invariant establishment characteristics by including establishment fixed
effects, time-varying industry characteristics by including industry-year fixed effects, and
time-varying local characteristics by including state-year fixed effects. Second, we plot
the dynamic coefficient estimates around the M&A events and document no significant
pre-treatment trends prior to the M&A, providing support for the validity of a parallel
trends assumption. Third, we show robust results with alternative matching algorithms,
where we additionally require that the target and matched control establishments both
belong to a narrower band of ex-ante measures of routine employment.

Although our results collectively support the importance of the technology channel,
it is possible that alternative mechanisms may also be at play. First, target firms might
receive takeover bids when they are further behind the technological frontier, but would
have made similar technological adjustments ex-post irrespective of the M&A. Second,

M&As may result in redundancies of duplicate employees if there are economies of scale



and such opportunities may be concentrated among routine occupations. Third, our
results might be driven by acquirers’ greater expertise and supportive infrastructure to
offshore their production, rather than by their greater technological skill. We perform
several robustness analyses to address these concerns. Although such analyses cannot
fully exclude the role of these other potential motivations, collectively, they suggest that
these alternative mechanisms cannot entirely explain our main findings.

Our results on occupational employment changes at M&A targets also have implica-
tions for wages. We find that mean establishment wages increase following M&As, likely
driven by lower relative demand for routine employment and, overall, upskilling within
the establishment. On average, we find a 2.4% (an annual rate of 0.56%) increase in the
mean wage at treated establishments post-M&A, compared to matched control establish-
ments.?> We also find that M&As are associated with more unequal pay, consistent with
the observed occupational shift away from routine (typically mid-skill) occupations, and
toward tech-oriented (typically high-skill) occupations. In economic terms, the increase
in standard deviation in wages at the average target establishment post M&A exceeds
that of a similar control establishment by 3.2% (or 0.74% annually).

Our paper contributes to several strands of the literature. First, it contributes to
the finance literature on the labor outcomes of M&As. Existing studies argue that a
new owner can break implicit contracts with employees associated with wage and em-
ployment expectations and thereby transfer the surplus resulting from decreased wages
and /or worker employment to shareholders (Shleifer and Summers, 1988; Gugler and Yur-
toglu, 2004; John et al., 2015). Shleifer and Vishny (1988) argue that acquirers may be
motivated to target firms where existing agency conflict has led to surplus employment,
subsequently raising shareholder value with post-merger layoffs. Maksimovic et al. (2011)
arrive at a similar prediction but without requiring agency conflicts at the target. They

argue that due to new boundaries of the firm post-M&A, value gains can be achieved by

3 Note that the wage changes we capture could be driven by changes among continuing or new
employees reflecting upskilling of occupations due to automation (Dunne et al., 2004; Hershbein and
Kahn, 2018; Kogan et al., 2023) or by compositional occupational shifts occurring post-M&As. However,
in the absence of individual wage data, these changes are less informative about the effect of technology
on the earnings of impacted workers as in Kogan et al. (2020, 2023).



reshuffling assets, and mechanically, plant divestitures will lead to employment declines.
More recently, the literature has explored other labor-related motivations for M&As, in-
cluding acquiring targets to access the firm’s labor as in Ouimet and Zarutskie (2020),
or as a means to expand internal labor markets as in Tate and Yang (2024), and has
documented significant ex-post changes to the acquirer’s workforce as well (Gehrke et al.,
2021).

The empirical literature tends to find that M&As are generally followed by lower
employment at the target (Lichtenberg and Siegel, 1990; Conyon et al., 2002; Li, 2013;
Dessaint et al., 2017; Lagaras, Forthcoming), and/or declines in employee compensation
(Pontiff et al., 1990; Rosett, 1990; Babenko et al., 2021; He and le Maire, 2025; Lagaras,
Forthcoming). However, several papers have shown more mixed results regarding em-
ployment and/or wages (Brown and Medoff, 1988; Kaplan, 1989; McGuckin and Nguyen,
2001; Gugler and Yurtoglu, 2004; Huttunen, 2007; Lehto and Bockerman, 2008; Siegel
and Simons, 2010; Kubo and Saito, 2012).* Our paper is more closely related to Li
(2013), who uses plant-level data in manufacturing and shows that layoffs post-M&As
are concentrated among non-production workers. While our results are not necessarily
contradictory, as we also observe relatively larger employment declines in non-production
occupations (such as clerical and administrative occupations), our interpretation is dif-
ferent. We argue that the occupational changes we observe are the result of greater
automation technology adoption at the target. Li (2013), instead, interprets the results
as consistent with acquirers improving efficiency at their targets by replacing targets’
management teams. It is also important to note that Li’s sample includes the 1980s,
when automation was less developed and takeovers motivated by weak governance were
more common. Overall, we contribute to the literature on M&A and labor by proposing
a new mechanism through which labor restructuring occurs following M&As. Our results
suggest that M&A labor market outcomes are more nuanced and depend on whether

employee skills are compatible with the production processes of the new firms created

after M&As.

4 See also Nishesh et al. (2024) for a discussion of the literature on labor and M&As.



We also build on the literature on how technology is adopted by firms. Several fric-
tions can create variation as to when firms automate, such as macroeconomic conditions
(Hershbein and Kahn, 2018; Jaimovich and Siu, 2020), regulatory changes that change
the relative price of the production inputs (Geng et al., 2022; Tuzel and Zhang, 2021;
Bena et al., 2022; Dai and Qiu, 2023), shocks to the labor supply (Lewis, 2011; Bena
and Simintzi, Forthcoming; Ouimet et al., 2025), agency conflicts (Atkin et al., 2017), or
financial constraints (Midrigan and Xu, 2014; Ersahin, 2020). Technology adoption will
in turn impact firms’ expected returns (Zhang, 2019) or valuation (Bena et al., 2022) and
will change workers’ labor outcomes (Frydman and Papanikolaou, 2018; Kogan et al.,
2020, 2023). In our paper, we instead show that M&As act as a catalyst for technology
adoption, as acquiring firms that better implement automation technologies take over
targets less able to do so. Following the M&A, these automation-savvy acquirers adopt
greater technology at the target, resulting in compositional and wage shifts at these
firms. Similar to Kogan et al. (2023), we find that technology has nuanced effects on the

impacted labor with significant heterogeneity across groups.

2. Data

2.1. Occupational Employment and Wage Statistics Data

We use confidential micro-data from the Occupational Employment and Wage Statis-
tics program (OEWS), conducted by the Bureau of Labor Statistics (BLS). These data
come from a semiannual survey of individual establishments in the U.S. Each establish-
ment is surveyed at most once every three years. The median time between two obser-
vations of an establishment is 3.5 years. The surveyed establishments are selected in a
manner that allows for optimal inferences about the U.S. economy as a whole. Aggregated
versions of these data are released publicly and used to measure national occupational
employment.®

For each establishment-year, we observe employment in 800 different occupational

5 See more details at the BLS website, https://www.bls.gov/oes/oes_emp.htm.
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categories represented by 6-digit Standard Occupational Classification (SOC) codes.®
Within each of these occupations in a given establishment-year, we observe the count of
employment for 12 separate wage bins. The cutoff points for the wage bins change over
time to reflect changing income distributions. Furthermore, we observe each establish-
ment’s location (by county), EIN, name, legal name (ultimate owner), industry, and a
time-invariant establishment identifier used to track establishments that have switched
owners over time.

Although OEWS is a unique source of detailed occupational employment in the U.S.,
we need to acknowledge certain limitations as well. First, in case of missing observations,
BLS imputes missing values using data from establishments with similar characteristics,
such as industry, employment levels, state, and ownership. Second, we cannot observe
all establishments of a given firm. However, both of the aforementioned issues are not
unique to either treated or control establishments in our analysis. Third, while OEWS
surveys establishments of both private and publicly listed firms, it over-samples larger
establishments. This limits our ability to reach conclusions about smaller establishments
but ensures that our results are based on a sample of economically important entities.
While we acknowledge the limitations of the data and the potential of these limitations
to introduce noise, or even bias our results if there is systematic selection, the OEWS
ultimately is the only administrative establishment-level dataset that provides complete
and detailed occupational employment for a representative sample of U.S. establishments
over time.

To construct the sample, we identify horizontal M&A deals in which the acquirer and
target are U.S.-based and operate in the same 4-digit NAICS industry, using Securities
Data Company (SDC) Platinum. We match these M&A deals to establishments in the
OEWS survey over the 2001-2017 period.” The sample starts in 2001, the earliest year
in which the identifier needed to link OEWS establishments over time is available. We

require each matched establishment to be surveyed in OEWS at least once before and

6 Following Autor and Dorn (2013), we drop military and farming occupations.
7 In the Internet Appendix B1, we document the detailed steps for matching M&A deals from SDC
to OEWS.



once after the M&A. We identify a total of 1,159 horizontal M&A deals in the OEWS
survey, covering 2,924 establishments during our sample time period. Internet Appendix
Figure IA. A.1 shows that our deals cover a wide range of industries (Panel A) and a
wide range of geographies (Panels B and C). The industry and geographical distribution
of our sample deals (Figure IA. A.1) are similar to those that could not be matched to
OEWS (Figure IA. A.2).

Control establishments are sampled from the set of establishments in OEWS that
were not involved in M&As during our sample period. For each target establishment,
i) we match on a set of observable characteristics, and ii) we keep up to two matched
control establishments. Specifically, we follow a two-step process. We first require all
potentially matched control establishments to match by 4-digit NAICS industry code
as well as by decile of establishment total employment and decile of average hourly
wages (as measured in the first pre-M&A observation). In addition, treated and control
establishments need to be observed at least once before and once after the M&A. We
require treated and control establishments to be observed in the same year prior to the
M&A. We also require observations in the first post-M&A year of treated and control
establishments to occur within a year of each other. Second, we keep up to two matches
with the nearest propensity score constructed using a linear probability model based on
the first pre-M&A year establishment RTI, high-tech employment share, offshorability,
log of employment, log of average hourly wages, and log of the standard deviation of
hourly wages.® Internet Appendix Table IA. A.1 presents the distribution of observation
counts across periods in our baseline sample.”

To measure occupational shifts consistent with technology adoption, we examine the
routine task intensiveness of occupations performed at establishments following Autor and

Dorn (2013).1% Specifically, we employ three measures: i) RSH, the employment share

8 Similar matching approaches have been used in the literature, as described in Graham et al. (2023)
and Lagaras (Forthcoming).

9 To assess whether smaller sample sizes in the pre-treatment period impact our estimates, we show
in the Internet Appendix Table IA. A.2 the robustness estimates of our baseline analysis using shorter
event windows.

10" Since occupations involve multiple tasks (routine, abstract, and manual) at different average fre-
quencies, Autor and Dorn (2013) create an index that measures routine task intensity by occupation.



of routine occupations, where an occupation is routine if it is in the top employment-
weighted quartile of routine task intensity within the 2000 American Community Survey
(ACS) distribution;! ii) RT'I, the occupational employment-weighted average of routine
task intensity; and iii) Routine Employment Percentile, the percentile rank of estab-
lishment employment within routine occupations in the sample distribution for a given
year.'?

Following Hecker (2005), we also identify tech-oriented occupations, which include
engineers; engineering technicians; life and physical scientists and technicians; computer
and mathematical scientists; and managers of computer, information systems, engineer-
ing, and natural science. Workers in these occupations engage in tasks related to research;
design and develop equipment, products, and production processes; apply technology; and
manage these activities. We group these tech-oriented occupations into engineering and
non-engineering occupations. Workers in engineering occupations develop, apply, and
maintain hardware devices and software systems. Non-engineering occupations include
the rest of tech-oriented occupations focused on theoretical research and increasing sci-
entific knowledge, such as life and physical scientists, and computer and mathematical
scientists.'?

To measure establishment wages and inequality, we start by calculating real wages
at each establishment-occupation-year. Specifically, we observe employment in 12 hourly
wage bins for each establishment-occupation-year. We take the employment-weighted

average of the upper and lower bounds of the wage bin as the nominal wage for each

This index increases in the importance of the routine inputs and decreases in the importance of the
abstract and manual inputs of a given occupation. Following Autor and Dorn (2013), routine task inten-
sity for occupation o is defined as RTI, = InR, — InA, — InM,, where R,, A, and M, are the routine,
abstract, and manual inputs, respectively, by occupation, indexed by o. Routine task intensity scores
are defined at 0cc1990dd level, an occupational classification system developed by Dorn (2009).

1 Zhang (2019) defines routine-task labor based on the RTI distribution in the 1990 Census, and
Autor and Dorn (2013) define routine occupations based on the RTI distribution in the 1980 Census.
We use 2000 ACS because our sample starts in 2001. ACS data is publicly available at IPUMS USA
website, https://usa.ipums.org/usa/.

12 We do not directly use employment levels due to the presence of both skewness and observations
with zero values (Cohn, Liu, and Wardlaw 2022; Chen and Roth 2023). Instead, for each observation, we
calculate its percentile rank of employment, using all observations in that regression sample in that year.
This approach avoids making any distributional property assumptions as in Chen and Roth (2023).

13 Detailed SOC codes of tech-oriented, engineering, and non-engineering occupations are documented
in Appendix Table A.1.
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establishment-occupation-year and adjust for inflation to real wages in 2001 dollars. The
establishment wage is measured as the employment-weighted mean of occupational wages.
Within-establishment inequality is measured by the employment-weighted standard de-
viation of occupational wages.

Last, we measure offshorability following Autor and Dorn (2013) at the occupational
level. We then compute an employment-weighted average of occupation offshorability at
the establishment-year level. All variables used in our analysis are defined in Appendix
Table A.1.

Table 1 reports summary statistics for our sample establishments in OEWS data. The
average establishment in our sample has 185 employees. On average, 35.6% of employees
in an establishment are in routine occupations. The average establishment has a routine
task intensity of 1.6. On average, 55 employees in an establishment are employed in
routine occupations and 16 employees are in high-technology occupations. Our sample
firms have an average real wage of $17.52 per hour. This is comparable to the mean
hourly U.S. wage in 2001 of $16.4.!* Finally, we report an average standard deviation
of hourly wages equal to $9.4. In Table 1, columns 4-10, we compare the mean values
of the outcome and control variables for treated and matched control establishments in
the pre-treatment period. The p-values corresponding to the differences between these
means (accounting for clustering at the firm level) are reported in column 10. We find no
significant differences between treated and control establishments across characteristics.
The last column of Table 1 reports the means of pooled treated and control establishments

in the pre-treatment period.”

2.2. Technology Investment Data

To measure investments specific to technology, we use the Ci Technology Database

(CiTDB), a proprietary database that provides information on computers and telecom-

14 See the BLS report for more information at https://www.bls.gov/oes/bulletin_2001.pdf
15The lack of significant difference in pre-treatment characteristics between our treated and control
groups is reassuring, given the clear selection of more routine establishments as M&A targets when

comparing within all establishments in the same industry and year observed in the OEWS (Internet
Appendix Table TA. A.3).
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munication technologies at establishments across the U.S. CiTDB generates its data using
annual surveys of establishments. These data are used by the sales and marketing teams
at large U.S. IT firms, thereby assuring high data quality, as clients would be quick to
detect errors during sales calls. Existing literature has also used data from the CiTDB
(or its predecessors) to measure information technologies (e.g., Brynjolfsson and Hitt,
2003; Tambe and Hitt, 2014; Zhang, 2019; Tuzel and Zhang, 2021; Dai and Qiu, 2023).
To construct the technology investment sample, we take the following steps. For each
treated establishment, we measure the pre-M&A period beginning three years before the
M&A effective year and extend the sample through two years after the M&A effective
year. We use a name-matching algorithm to match target firm names from SDC to
CiTDB and include all establishments in CiTDB linked to the target and observed for
this six-year timeline around the M&A event. To create the control sample, we start with
the set of establishments observed across a six-year window and that are not identified
as a target firm during our sample period. We require control firms to match on (4-digit
NAICS) industry, type of establishment, decile of establishment total employment, and
decile of revenue per employee (as measured in the first year prior to the M&A).'® We
keep up to two matches with the nearest propensity score, constructed using a linear
probability model based on the first pre-M&A year establishment log of employment, log
of revenue per employee, log of I'T budget, and log of I'T budget per employee. This gives
us a sample of 3,438 unique establishments (treated and control) covering 165 (4-digit
NAICS) industries and all states. Our sample timeline is 2009-2015, since we require each
establishment to have six years of observations to match with the OEWS sample.!”
Internet Appendix Table IA. A.4 reports summary statistics for our establishments
in the CiTDB sample. The average establishment in our sample has 110 employees,
and spends $496 thousand in total and $8,455 per employee on IT. The IT budget vari-

able includes a firm’s budget spent, on average, on hardware equipment (18%), software

16 CiTDB identifies four different types of establishments: branch, headquarters, stand-alone and
ultimate headquarters. The majority of our matched establishments are branches (80%).

17 To maximize sample size, given the differences in time period and sampling frequency as well as the
fact that both samples are surveys, we do not merge CiTDB and OEWS data.



(27.8%), IT-related services (37.1%), storage technologies (3.9%), and communication
services (11.8%). In columns 4-10, we compare the mean values of the outcome and
control variables for treated and control establishments in the pre-M&A period. The
p-values corresponding to the differences between these means (accounting for clustering
at the firm level) are reported in column 10. We find no significant differences between
treated and control establishments across these variables.

We show that our IT measure correlates significantly with other measures that cap-
ture investment in automation or capital (more broadly) at the firm and industry levels,
using the universe of our CiTDB data. To do this, we aggregate I'T spending and em-
ployment data from CiTDB to the firm level. We then match CiTDB variables with
firm-level patenting data from the United States Patent and Trademark Office (USPTO)
and process innovation data from Bena and Simintzi (Forthcoming) using firm names. In
Internet Appendix Table TA. A.5, column 1, we present correlations between percentile
ranks of firms’ IT budget per employee and percentile ranks of their total number of
patents filed in a given year, controlling for year fixed effects. We show a positive and
significant correlation, consistent with the intuition that firms that patent more tend to
be leaders in technology adoption. In column 2, we examine correlations between per-
centile ranks of firms’ IT budget per employee and the share of process innovation in
a given year. Bena and Simintzi (Forthcoming) show that process innovation measures
labor-saving innovation. The share of process innovation is defined only if the firm re-
ceives at least one patent in a given firm-year, thus reducing the sample. We document a
positive correlation between percentile ranks of firms’ I'T budget per employee and their
share of process innovation, after controlling for year fixed effects.

In Table TA. A.5, columns 3-5, we instead examine industry-level correlations be-
tween IT spending per worker from CiTDB data and capital spending per worker from
NBER-CES manufacturing database over 2009-2015. We first aggregate I'T spending and
employment data from CiTDB to the 4-digit NAICS level. We then regress the loga-
rithm of industry-level investment per worker or equipment per worker from NBER-CES

on the logarithm of IT spending per worker aggregated from CiTDB, controlling for year



fixed effects. We show a significant positive association between I'T spending per worker
and equipment per worker (or investment per worker) for the manufacturing sector. In
column 6, we also show a significant negative correlation between CiTDB IT spending
per worker and the share of production workers within manufacturing industries, as au-

tomation increases investment in capital and reduces reliance on production labor.

3. Occupational Composition

To test our hypothesis regarding changes in technology use at targets post-M&A, we
examine changes in the share of routine employment at establishments. Our tests are
based on the well-documented fact that technology adoption tends to replace tasks that
are routine and highly repetitive in nature (e.g., Autor et al., 2003; Autor and Dorn,
2013). We use OEWS data to examine changes in the occupational composition of target
establishments, compared to similar establishments that did not experience an M&A. To

this end, we estimate the following OLS specification at the establishment-year level:

Yir =71 - Posty - M&A; + 72 - Posty +a; +ar + 5 - Xt + €5, (1)

where ¢ denotes establishments and ¢ denotes years. v, ; represents the employment share
of routine occupations (RS H ); Post, equals one for years after the effective year of M&As,
zero otherwise; M & A; equals one for establishments of targets in horizontal M&As, zero

8 oy represents establishment fixed effects, and oy represents year fixed effects;

otherwise;!
X+ controls for changes in Offshorability of a given establishment that could affect both
the probability of M&As and labor outcomes. In more restrictive specifications, we further
control for interacted 4-digit NAICS industry and year fixed effects (c;;) to absorb time-
varying industry shocks, and for interacted state and year fixed effects (a+) to absorb

time-varying local shocks. In all specifications, we cluster standard errors at the firm

level .19

18 M& A; is absorbed by establishment fixed effects. Post; is estimated because control establishments
can repeat and match with different treated establishments.

19 Column 1 of Internet Appendix Table IA. A.2 presents robustness where we double cluster standard
errors by firm and year.



Table 2, Panel A, presents the results. Column 1 shows that M&As are associated
with a reduction in the share of routine employment at treated establishments, compared
to the matched control sample, in a specification with establishment and year fixed effects.
This result is statistically significant at the 1% level and economically important, with
RSH declining by 2.38 percentage points, or 6.6% (=-0.0238/0.358) relative to the pre-
treatment mean reported in Table 1, column 11. In annual terms, this suggests an
average annual decrease of approximately 0.55 percentage points (=-0.0238/4.3), or a
1.54% (=-0.0055/0.358) annual decline relative to the pre-treatment sample.?’ In column
2, we control for the potential of establishments offshoring their production — which
may also be associated with lower demand for routine jobs — and continue to find a
statistically significant decline in RSH. In this specification, we report a 1.82-percentage-
point decrease in routine employment share, which suggests an average annual decrease
of approximately 0.42 percentage points (=-0.0182/4.3), or a 1.17% (=-0.0042/0.358)
annual decline relative to the pre-treatment mean.

Note that we report a positive correlation between the percentage of offshorable jobs
and the change in routine task intensity. This is consistent with the fact that more
offshorable tasks tend to be more routine intensive.?! We next repeat the estimation,
additionally controlling for (4-digit NAICS) industry-year fixed effects (Table 2, Panel
A, column 3) and both industry-year and state-year fixed effects (Table 2, Panel A,
column 4) to control for industry and local economic shocks, respectively, that might be
contemporaneous with the timing of the M&A. The estimated coefficients remain similar
in magnitude and are statistically significant at the 1% level, suggesting that neither

industry nor local shocks drive our findings.??

20 Given that the median period between two observations is 3.5 years in our sample and we assume
that M&As happen in year 2 between two surveyed years, on average, the post-treatment period in our
sample is 4.3 years (= 1.5 years x 46% + 5 years X 27.6% + 8.5 years x 26.4%) based on the observation
count distribution reported in Table TA. A.1. An average decline of 2.38-percentage-point in RS H post-
M&A represents an average decline over 4.3 years or 0.55 percentage points (=-0.0238/4.3) decline per
year.

21 Goos et al. (2014) report a correlation of 0.46. In our data, we also confirm a positive univariate
correlation between routine task intensity and offshorability equal to 0.49 and significant at the 1% level.

22 Due to the survey nature of our data, we observe longer event windows than the typical study.
To address the concern that confounding factors may impact our baseline estimates, we perform several
robustness tests in Internet Appendix Table TA. A.2. In columns 2 and 3, we show that our results are



To put these magnitudes into context, we compare our coefficient estimates to economy-
wide trends, as measured using national SOC-level employment data from OEWS over
the same years.?® Annually, RSH in the broader economy declines by 0.85%, on average.
This contrasts to our estimates from Table 2, Panel A, column 3, which suggests that
RSH declines at target firms by an additional 1.89 percentage points (or 0.44 percentage
points in annual terms), on average, post-merger. This indicates an annual decline of
1.23% (=-0.0044/0.358) relative to the pre-treatment mean. In other words, target firms
in our sample exhibit an average decline in RSH at a rate about 1.5 times greater than
the baseline rate expected during these years.

In the absence of truly exogenous mergers, it is important to present evidence that
both treated and control establishments follow parallel trends prior to the M&A event.
To do so, we create separate dummy variables for each observation before and after the
M&A event. Pre, is an indicator equal to one for the n'” observation of the establishment
in OEWS before the M&A, zero otherwise. Post, is an indicator equal to one for the
n'™ observation of the establishment in OEWS after the M&A, zero otherwise. The
first observation prior to or measured during the year of the M&A event is the omitted
coefficient.?*2> We augment our baseline specification by interacting these variables with
M&A; and plot the dynamic coefficient estimates in Figure 1.

In Panel A, where we consider RS H as our dependent variable, we observe that prior
to the M&A the estimated coefficients are statistically insignificant and economically
small. In contrast, we estimate large and persistent declines in our coefficients of interest

post-M&A. Specifically, relative to the control establishments, we observe an average

robust to keeping only one or up to two observations in the post period, respectively. In columns 4-6,
we show consistent effects within shorter event windows with 4, 5, and 6 calendar years before and after
the effective year of M&As, respectively. In columns 7-8, we show insignificant time series variance in
our treatment effect by checking if our estimates change before and after 2008, which is the midpoint of
our sample period.

23 The data is publicly available at the BLS website, https://www.bls.gov/oes/tables.htm.

24 Bach establishment in OEWS is surveyed at most once within three years, so the observations in
Posty and Posts are separated by at least three years. Similarly, the observations in Prej, Pres and
Pres are separated by at least three years.

25 Each establishment in our OEWS sample can be observed up to three times before and up to five
times post-M&A. Few establishments in our sample can be observed more than three times after M&As;
observations after the second post-observation are therefore estimated and presented in a lump sum.


https://www.bls.gov/oes/tables.htm

decline of 1.25 percentage points, or 3.5% (=-0.0125/0.358) in RS H relative to the pre-
treatment mean, at target establishments in the year of the first post-M&A observation
(Posty), and the change is statistically significant at the 10% level. In the year of the
second post-M&A observation, on average, RSH declines by 2.8 percentage points, or
7.8% (=-0.028/0.358) relative to the pre-treatment mean, at target establishments. For
years of and after the third post-M&A observation, on average, target RSH declines by
2.6 percentage points, or 7.3% (=-0.026/0.358) relative to the pre-treatment mean, at
target establishments relative to the controls. On a yearly basis, the estimates for Postq,
Posty and Posts p,s represent approximately 2.3% (=-3.5%/1.5), 1.6% (=-7.8%/5) and
0.9% (=-7.3%/8.5) reductions relative to the mean before the treatment, respectively.?

The fact that the declines of our coefficient estimates are persistent in the longer
run is consistent with the hypothesis that we are capturing permanent shifts to targets’
production processes. Moreover, our results suggest that it takes time for firms to shift
their production processes from labor to capital. Similar longer-run effects are observed
in other papers studying firms’ technology adoption decisions. For example, Brynjolfsson
and Hitt (2003) find that the productivity and output effects of computerization are
maximized over periods of five to seven years. Bena et al. (2022) show that innovative
firms’ adoption of cost-saving technology following increases in labor adjustment costs is
maximized four years after state-level legal changes and remains persistently higher than
the control group.

Table 2, Panel B considers, instead, the routine task intensity of the establishment
(RTI). This variable allows us to take advantage of all the information in the contin-
uous measure of routine task intensity. In column 1, we show that the routine task
intensity of the average target establishment declines by 8.42 percentage points post-
M&A, or an annual rate of 1.96 percentage points (=-0.0842/4.3), a change that is
statistically significant at the 1% level. We continue to find similar declines in tar-

get establishments’ routine task intensity after additionally controlling for offshorability

26 The median period between two observations is 3.5 years in our sample and we assume that M&As
happen in year 2 between two surveyed years, so the estimates for Posti, Posty and Posts pi.s represent
effects of M&As over 1.5 years, 5 years and 8.5 years, respectively.



(column 2), industry-specific changes (column 3), or state-specific changes (column 4).
Finally, we examine changes in percentile ranks of establishment routine employment
levels (Routine Employment Percentile) in Panel C, as opposed to relative employment
captured in RS H, following the same specifications. We find that, compared to controls,
the average percentile rank of target establishment employment within routine occupa-
tions is reduced by 2.4 percentage points (column 4), or 0.56 percentage points in annual
terms (=-0.024/4.3), following the M&A. The change is statistically significant at the 1%
level.

Moreover, we continue to observe no significant pre-trends when considering dynamic
coefficient estimates for RT'I and Routine Employment Percentile, as reported in Fig-
ure 1, Panels B and C, respectively. We observe that the coefficient estimates prior to the
M&A are close to zero and statistically insignificant, while there is a persistent decline
following the M&A. Relative to the control establishments, in Panel B, we observe aver-
age decreases in RTT of 2.8%, 4.7%, and 6.7% (or 1.9%, 0.9%, and 0.8% in annual terms)
relative to the pre-treatment mean, by the first (Post;), second (Posts) and third plus
(Posts pus) observations post-M&A, respectively. These coefficient estimates are statis-
tically significant at the 5% level. Panel C shows that, relative to control establishments,
the target establishments experience average decreases of 1.5, 3, and 3.1 percentage points
in Routine Employment Percentile, or declines of 3.1%, 6.3% and 6.5% (or 2.1%, 1.3%
and 0.8% in annual terms) relative to the pre-treatment mean, respectively.

To enhance our understanding of the types of technology that could lower the demand
for routine labor in M&A targets, we further characterize routine employment as routine
manual and routine cognitive and estimate employment changes for those occupational
subgroups in Table 3, columns 4-5. Specifically, routine cognitive (routine manual) corre-
sponds to an occupation that is routine and its cognitive (manual) task score is within the
top quartile of the employment-weighted distribution, using employment data from the

2000 ACS.%" Routine cognitive occupations include accountants and auditors, bank tellers

2T QOccupational task scores can be downloaded from Daron Acemoglu’s website, https://www.
dropbox.com/s/835jzwyo000x0xn/task-construct (1) .zip7e=1&d1=0.


https://www.dropbox.com/s/835jzwyo0o0x0xn/task-construct(1).zip?e=1&dl=0
https://www.dropbox.com/s/835jzwyo0o0x0xn/task-construct(1).zip?e=1&dl=0

and data entry keyers—namely office occupations that are replaceable by IT technology.
Routine-manual occupations include assemblers of electrical equipment and production
helpers, which would involve robots and machines replacing production workers. We
show that although employment declines post-M&A for both routine manual and rou-
tine cognitive occupations, the decline in routine cognitive employment percentile rank
is economically larger and statistically significant.

While we focus on shifts in routine occupational employment, technology adoption
associated with M&As has additional implications for occupations complementary to
technology (Kogan et al., 2023). To test this, we examine the effect of M&As on em-
ployment of tech-oriented occupations and present results in Table 3. Column 6 shows
a statistically significant and positive effect. Further decomposing this broader occupa-
tional category into engineering and non-engineering occupations, we find a large and
significant increase in the engineering employment percentile rank at targets post-M&A
(column 7), while the effect on non-engineering employment percentile rank is positive
but not statistically significant (column 8).?® Engineering occupations, such as indus-
trial, mechanical, civil, electrical, and electronic engineers, apply, integrate, and maintain
technology. Non-engineering occupations, such as life, computer, and math scientists, are

high-skill occupations that conduct research and innovate new technology.

4. Mechanisms

4.1. Investment in Technology

The occupational changes we document post-M&A at target establishments are con-
sistent with the effects of increased investment in automation. Our argument relies on
the hypothesis that acquirers, which are large, not financially constrained, and thereby
more likely to be tech-savvy, implement more advanced automation technologies at tar-
gets that tend to be much smaller, financially constrained, and as such are less likely

to be tech-savvy. Target firms may not have the managerial or technical human cap-

28 Following Hecker (2005), “Engineering” occupations include engineering managers, SOC 11-9040;
engineers, SOC 17-2000; drafters, engineering, and mapping technicians, SOC 17-3000. Appendix Table
A.1 reports detailed classifications of tech-oriented, engineering, and non-engineering occupations.



ital necessary to implement or scale these automation technologies, may be financially
constrained (thus limiting their ability to acquire technologies that often require high up-
front costs), or may refrain from implementing automation technologies that may lead
to labor redundancies due to implicit labor contracts. While we are agnostic about the
specific frictions that produce the observed technological differences between firms in the
economy, we argue that the existence of such differences leads to opportunities for more
technologically skilled firms to acquire firms that have been less able to implement such
technologies.?

To bolster our theoretical argument, in this section, we present evidence that the
decline in the share of routine employment at M&A targets is driven by deals in which
the acquirer is more likely to have a significantly greater technological advantage relative
to the target. As we cannot observe this directly, we infer the likelihood of relative
acquirer technological advantage using occupational differences between acquirers and
targets. To this end, we present two sets of results.

First, given the large literature in labor economics, which shows that displacement
of routine employment and technology adoption are highly correlated (Autor et al. 2003;
Autor and Dorn 2013; Zhang 2019; Kogan et al. 2023), we proxy for a firm’s relative
position on the technological frontier using their relative share of routine occupational
employment. Specifically, we define 114, getrsH> Acquirerrsa t0 be equal to one if the ex-
ante routine employment share (RSH) at the target exceeds that at the acquirer, and

30,31

zero otherwise. Our coefficient of interest is v3 in the following specification, which

exploits variation in LrgaygetRSH> AcquirerrsH Detween acquirers and targets:

29 This idea that differences between acquirers and targets drive M&As has been theorized in the
literature. For example, Jovanovic and Rousseau (2002) argue that acquirers are better managed firms
than targets, and mergers can create synergies due to the optimal reallocation of physical assets to more
efficient managers.

30 Target (or Acquirer) RSH is defined as the ratio of routine employment to total employment, where
total (or routine) employment are aggregated by taking the sum of employment (or routine employment)
using the first observation prior to the M&A across establishments matched to the target (or acquirer).
As we do not observe an acquirer for the control establishments, 174rgetrSH> AcquirerrsH €quals 0 for
these establishments.

31 In our sample, variable L7argetRSH> AcquirerRsH has a mean of 16.5% and standard deviation of
37%.



RHS;; =~ - Post, - M&A; + 7y, - Post,

+ v - Post, - M&A; - LrargetrSH> AcquirerrsH + i + e+ 0 - Xip + €, (2)

where 7 represents an establishment and ¢ represents a year. Post; equals one for years
after the effective year of the M&A, zero otherwise. M & A; equals one for establishments

of targets in horizontal M&As, zero otherwise. Control variables are the same as the ones

1'32 1.33

described in Equation Standard errors are clustered at the firm leve

We present these results in Table 4, column 1. Although the baseline coefficient
Post, - M&A; is insignificant and economically zero, the interaction coefficient Post; -
M&A; - LpargetrSH> AcquirerrsH, Which exploits variation within the treated sample, is
negative and statistically significant. It also shows an economically significant decline in
routine employment share equal to 4 percentage points (=0.0086-0.0484) (or an annual
rate of 0.9 percentage points), compared to the average 1.9 percentage point (or an annual
rate of 0.4 percentage points) decline in Table 2, column 3. These results suggest that our
baseline findings are driven by M&A deals in which the target is more reliant on routine
employment, relative to the acquirer. To the extent that lower routine employment shares
of the acquirer indicate greater technology adoption, these results are consistent with the
intuition that M&As facilitate technology transfers from acquirers to targets.

In Table 4, columns 2-3, we use alternative measures to create acquirer-target com-
parisons pre-M&A. Specifically, we rely on relative occupational differences to proxy for
technological differences between the acquirer and target. First, we argue that higher
average wages will tend to reflect the higher skills most commonly observed at firms
further on the technological frontier (Wallskog et al. 2024). To this end, we consider
1 Acquirerwage>Targetwage i column 2, defined as one if the pre-M&A average hourly wages

at an acquirer firm exceeds that of its target, zero otherwise. In column 3, we instead con-

sider 1 AcquirerTechWage>TargetTechWage, defined as one if the pre-M&A average hourly wages

32 M&A,;, LrargetRSH> AcquirerrsH and their interaction are absorbed by establishment fixed effects.
]lTa7'getRSH>AcquirerRSH : POStt is absorbed by POStt ! M&Aiy since ]lTaT'getRSH>Acqui7'e7'RSH eXplOitS
variation only withing the treated sample.

33 In Internet Appendix Table IA. A.6, we repeat the robustness of the analysis presented in this
Section using instead continuous measures of heterogeneity.



of tech-oriented workers at an acquirer firm exceeds that of its target, zero otherwise.?*

This measure focuses on the relative wages or productivity of tech-oriented workers, which
should also capture ex-ante differences in skill between acquirers and targets. In both
cases, we find similar results, where an ex-ante difference in wages between the acquirer
and the target is associated with greater relative declines in routine employment shares
for M&A targets, consistent with our hypothesis.?”

Second, we follow a similar approach of exploring cross-sectional variation in treat-
ment, but instead use proprietary data from the CiTDB database, which allows us to
measure dollars spent on information technology (IT) at the establishment level. Our
measure follows the literature showing that investments in IT have played a key role
in displacing routine intensive occupations (Bartel et al., 2007; Autor and Dorn, 2013;
Webb, 2020; Dillender and Forsythe, 2022).

To this end, we estimate Equation 2 on the technology investment sample described
in section 2.2 using the percentile ranks of establishment I'T budget levels and IT budgets
per employee as our dependent variables. Although IT investment is admittedly not a
comprehensive measure of technology, it has several advantages. First, it is available
at the establishment level for a large number of both private and public firms, thereby
allowing us to measure it at targets around the M&A. Second, IT investments are ideally
suited to measure the job loss specifically identified in our data, which is larger for routine
cognitive tasks. To proxy for ex-ante differences in IT intensities between acquirers and
targets, we define 1 acquireriT>TargetiT to be equal to one if the IT budget per worker at
the acquirer exceeds that of its target in the first year prior to the M&A, zero otherwise.°
Results are reported in Table 4, columns 5 and 6. Consistent with our hypothesis, we find
a relatively higher target I'T investment post-M&A in deals where acquirers are more IT

intensive relative to their targets before the M&A. Specifically, targets acquired by firms

34 Variable 1 gcquirerWagesTargetwage has a sample mean (standard deviation) of 16% (36.7%). Vari-
able 1 AcquirerTechWage>TargetTechWage has a sample mean (standard deviation) of 14% (34.7%).

35 Note, we cannot exclude the possibility that these measures could also be impacted by different
costs of living across locations or other firm characteristics that co-vary with wages.

36 Our measure of IT investment has a particularly low match rate with the OEWS sample, given the
differences in time period and sampling frequency and the fact that both samples are surveys; thus we
cannot run this analysis within the OEWS sample.



with relatively greater I'T intensity experience an annual increase in the percentile rank
of their IT budget (IT budget per employee) by 2.12 (2.26) percentage points, on average,
as compared to controls.?”*® Although IT does not include all automation investments,
such as investment in robots, robot penetration has been minimal for the majority of
industries during this sample period (Benmelech and Zator, 2022). That being said, our
estimates should be interpreted as a lower bound on the effect of M&As on technology

adoption.

4.2. Alternative Explanations and Robustness

So far, our results point towards the role of technology in explaining the occupational
changes at targets post-M&A. In this section, we discuss alternative explanations that
could also be consistent with our baseline findings.

First, due to the positive correlation in the data between tasks that are routine and
tasks that are offshorable, a decline in routine task intensive jobs will mechanically lead
to a decline in offshorability or vice-versa. This is of specific concern if acquirers have
greater expertise and supportive infrastructure to offshore and, subsequently, increase
offshoring activities at the targets. To this end, we show that our baseline results are
robust to controlling for offshorability, a control we include throughout our analyses. In
addition, in Table TA. A.8, we show that our baseline estimates are robust to controlling
for offshorability-specific trends captured by Offshorability-by-year fixed effects.

To further examine whether this alternative mechanism could be driving our findings,
we revisit the specification in Table 4, column 1, but instead, run a horserace using the
indicator variable for whether the target has relatively greater routine employment and a

new indicator variable, L17arget0f fshor>Acquirerof fshor, reflecting if the target has relatively

37 In Internet Appendix Table IA. A.7 we replicate the analysis in Table 4, columns 5 and 6, using
instead other sub-components of IT spending, including hardware, software, IT services, storage and
communication services. We find similar results across these different IT categories.

38 Devos et al. (2008) shows that firms reach operational synergies post-M&As by reducing investments.
We also argue that there is operational restructuring post M&As, as targets implement technology
changing their production processes. Such operational restructuring has direct implications on labor
restructuring post M&A—an aspect not studied by Devos et al. (2008). Also, our measure is more
specific to automation, and our mechanism has nothing to say about other types of investments, such as
investment in buildings or land.



greater offshoreable employment. We present the results in Table 5, column 1. The
intuition behind this test is that an acquirer with superior offshoring ability ex-ante, as
proxied by a lower relative share of offshorable employment, would be more likely to in-
crease offshoring at the target. This could drive our results, given the positive correlation
between offshoreable and routine occupations. In this case, we would predict a negative
and significant coefficient on Post;- M&A; - Lpargeto f fshor> Acquirerof fshor- Instead, we esti-
mate this coefficient to be positive and statistically insignificant, while the coefficient on
Posty - M&A; - L1argetRSH> AcquirerRSH, capturing our main mechanism of target-acquirer
routine occupational differences, remains negative, statistically significant, and economi-
cally similar to the coefficient in Table 4, column 1.3° These results suggest that greater
offshoring ability at the acquirer is not, at least primarily, driving our results.

Second, our results could conceivably capture layoffs of employees who are redundant
post-merger, but through a mechanism unrelated to technology. Such layoffs could be
driven by economies of scale. To the extent that the acquirer and target had employees
engaged in a similar function, they may need fewer of these employees at the combined
firm. If such duplicate employees are overrepresented in routine occupations, this could
explain our results.

To test this alternative mechanism, we augment the specification in Table 4, column
1, by adding new interaction terms proxying for the degree of occupational similarity be-
tween acquirer and target prior to the M&A. We report these results in Table 5, columns 2
and 3. Specifically, in column 2, we define 1 g;gr0ccOveriap, an indicator equal to one if the
shares of target employment in occupations that exist in both the target and its acquirer
in the year of the first observation before the M&A exceeds the sample median, zero
otherwise, and interact it with Post, - M&A;. In column 3, we define 1y;ghoccsimitarity
an indicator equal to one if the cosine-similarity score of occupations at the target and

its acquirer exceeds the sample median in the first year observed prior to the M&A,

39 Internet Appendix Table IA. A.9 presents robustness, where we instead consider continuous measures
of heterogeneity.



zero otherwise, and interact it with Post, - M & A;.*%*! If our results are driven by such
a redundancy mechanism, we should find a negative and significant coefficient on these
interaction terms in Table 5, columns 2 and 3. Instead, we observe insignificant coeffi-
cients on Post;- M&A; - 1 iighoccovertap and Post, - M& A; - 1 pighocesimitarity, respectively.*?
Importantly, the coefficient on Post, - M&A; - LrargetRSH> AcquirerRSH T€MaIns negative,
statistically significant and economically similar to the coefficient in Table 4, column 1. It
is worth emphasizing that interacting Post, - M&A; with LrorgetrsH> Acquirerrsm should
pick up the deals, where, if anything, larger asymmetries exist in routine occupations
within the acquirer-target pair, conceptually the opposite of what the redundancy story
would predict.

While it is challenging to perfectly rule out this alternative interpretation, collectively,
the evidence lends no support for that channel being an important driver of our baseline
findings. Moreover, in Section 5, where we examine granular occupational changes post-
M&A, we provide further evidence that alternative explanations do not seem key to our
findings.

Third, a key concern for our analysis is that an omitted variable, such as a demand, in-
dustry, regulatory, or other shock, may drive both M&A activity and the associated labor
changes that we document in the data. The linkage between such shocks and technology
adoption has been well established in the literature (e.g., Mitchell and Mulherin, 1996;
Ahern and Harford, 2014; Hershbein and Kahn, 2018; Jaimovich and Siu, 2020; Tuzel
and Zhang, 2021; Bena et al., 2022). Given that mergers are not random events, we
next present robustness analyses that mitigate concerns that our results might be driven
by shocks that could lead to changes in both optimal firm boundaries and technology

adoption.

40 The cosine-similarity score is a measure that evaluates the similarity between occupational profiles
at target and acquirer constructed based on vectors of text descriptions of their SOC occupations and
employment shares in each occupation. Detailed construction steps are described in Appendix Table
Al

! The Sample means are 16.2% for ]1TargetOffshoT>AcquirerOffshor7 19% for ]lHighOccOverlapa and 18.4%
for ]lHighOccSimilarity~

42 Tnternet Appendix Table IA. A.9 presents robustness, where we instead consider continuous measures
of heterogeneity.



To this end, as explained in Section 2.1, we match treated and control establishments
along several observable characteristics available in the OEWS data pre-treatment. While
matching on observable characteristics does not negate the presence of unobservable omit-
ted variables, it is reassuring that we compare establishments that are similar in terms
of ex-ante observable characteristics (Table 1). We further show that our coefficient es-
timates do not change materially after controlling for industry and local specific trends,
suggesting that unobserved shocks at the industry or local levels are not likely to drive our
findings. Moreover, as shown in Figure 1, we present evidence consistent with the parallel
trends hypothesis of the difference-in-differences, which supports a causal interpretation
of our findings.

We further show that both our baseline coefficient estimates and our dynamic analysis
are robust to an alternative matching estimator, where we additionally require that the
target and matched control establishments belong to a narrower band of ex-ante measures
of routine employment. Specifically, we limit the sample to matched treated-control pairs
where the averaged ex-ante RT'I (RSH, Routine Employment Percentile) in all pre-
periods for control observations falls within a 25% range of the averaged ex-ante RT'T
(RSH, Routine Employment Percentile) for treated observations. We present these
results in Table 6 and Figure IA. A.3 and show that our baseline estimates are robust
and continue to exhibit no significant pre-trends.

Fourth, we follow the M&A literature and consider a placebo sample of M&A deals
that were announced but subsequently canceled for reasons exogenous to the target’s
labor needs (Seru, 2014; Malmendier et al., 2016). To this end, we start with all M&A
deals announced over our sample period that were subsequently withdrawn. We then read
Factiva news articles explaining the reasons for the cancellation and retain the sample of
deals in which the M&A was either blocked by regulators, typically for antitrust concerns,
or because the acquirer was acquired ex-post and had to withdraw the deal. This leaves
us with a small sample of deals canceled for reasons exogenous to the target’s labor
demand. We identify 30 establishments in the OEWS survey data with canceled M&A

deals, which form our “pseudo treated” group. Following the same matching procedure



described in Section 2.1, we create a control sample that excludes establishments involved
in completed or canceled M&As over our sample period. Internet Appendix Table TA.
A.10 repeats the specification in Table 2, Panel A, column 3, controlling for establishment
and industry times year fixed effects. Across all our routine measures, we cannot replicate
the same pattern as in our baseline results. In fact, all coefficients display the opposite
sign from what our hypotheses predict.

Fifth, M&A targets might be low-technology firms that would mean-revert to the
technological frontier irrespective of the M&A. Under this alternative scenario, M&As are
not a necessary catalyst for targets to adopt technology, but instead capture a selection
of firms in the process of converging to the frontier. To address this specific concern,
we repeat our baseline analysis including an interaction between our routine measure
and year fixed effects. This additional control captures mean-reversion for the dependent
variable, further mitigating the assumption that dynamic selection concerns drive our
results. We present these results in Internet Appendix Table IA. A.11. We find that our
coefficient estimates remain robust, alleviating this concern.

Finally, we address the concern that our results could be driven by survivorship bias
due to the fact that firms far from the technological frontier would close down and thus
might not be observed throughout our sample period. To mitigate this concern, our
baseline analysis requires that each treated and control establishment in our sample must
be observed at least once during the years before (or during the year of) the M&A and
once during the years after the M&A. In Table IA. A.12; we also show that our results are
robust when we keep only those treated and control establishments that have the same

number of observations before and after M&As, i.e., the same survival periods.

5. Granular Occupational Employment Changes

Our baseline results indicate that M&A targets become less routine following M& As,
compared to observably similar establishments. In this section, we provide a detailed
analysis of the occupational employment profiles impacted post-merger, digging into the

specific occupations that are impacted the most, and discussing the nature of technology



adoption consistent with the observed changes in occupational demand.
First, we examine employment changes at targets following M&A in 23 broad occu-
pation groups defined by Dorn (2009) and Autor and Dorn (2013). For each occupation

group, we estimate the following regression specification:
Yo,it = V1,0 - Posty - M&A; + 720 - Posty +a; + s + 8- Xiy + €04, (3)

where o represents the occupation group o at establishment ¢ and ¢ represents a year. v,
is the percentile rank of an establishment’s employment within occupation group o in the
sample distribution for a given year; Post; equals one for years after the effective year of
the M&A, zero otherwise; M & A; equals one for establishments of targets in horizontal
M&As, zero otherwise;*® «a;, represents industry-by-year fixed effects; X;; represents
offshorability of a given establishment i. Standard errors are clustered at the firm level.

Figure 2 plots the coefficient estimates ranked from the largest increase in the em-
ployment percentile rank to the largest decrease. At the bottom of the plot, we observe
a large relative employment decline post M&A for Retail Sales Occupations, which rep-
resent 9.2% of sample employment prior to the M&A. This occupation group consists of
occupations such as cashiers, door-to-door sales, models, news vendors and sales demon-
strators, promoters, retail salespeople and sales clerks, and street sales. This group’s
average routine task intensity score, weighted by occupational employment in the 2000
ACS, ranks at the 90" percentile of the score distribution. In other words, occupations in
this group involve many routine tasks that can be performed more efficiently by comput-
ers or IT software. Similarly, we observe that Administrative Support Occupations—the
most routine intensive occupation group in our sample—exhibits a large decline in post
M&A employment. This occupation group represents 24.4% of sample employment prior
to the M&A and involves occupations such as bank tellers, billing clerks and related finan-
cial records processing, bookkeepers and accounting and auditing clerks, file clerks, hotel

clerks, library assistants, payroll and timekeeping clerks, proofreaders, records clerks,

43 M&A; is absorbed by establishment fixed effects. Post; is estimated because control establishments
can repeat and match with different treated establishments.



secretaries and stenographers, and typists.

In contrast, we observe increases in percentile ranks of employment within occupation
groups that are more skilled and less routine, such as Management Related Occupations,
Professional Specialty Occupations, and Technicians and Related Support Occupations.
Management Related Occupations include occupations that support managers, such as
HR specialists, purchasing agents, wholesale and retail trade buyers, business agents, con-
struction inspectors, compliance officers, and management support. Professional Specialty
Occupations include electrical engineers, industrial engineers and mechanical engineers,
civil engineers, computer systems analysts, and computing scientists. Technicians and
Related Support Occupations involves occupations such as biological technicians, chemical
technicians, computer software developers, engineering technicians, health technologists,
and technicians, n.e.c. (not elsewhere classified), and programmers of numerically con-
trolled machine tools. Overall, occupations in Management Related Occupations, Pro-
fessional Specialty Occupations and Technicians and Related Support Occupations are
associated with developing, using, and maintaining technology.

Although Figure 2 presents a nice visual of which occupational groups are most im-
pacted by M&A, the broad categorization of these groups might obscure variations in
granular occupational demand. To provide a more comprehensive analysis, we break
down the 23 broad occupational groups in Figure 2 into more granular 320 distinct
0cc1990dd non-farming occupations. occ1990dd is the most detailed classification avail-
able for determining RTT scores.*445
In Table 7 Panel A (Panel B), we present the top 25 granular occ1990dd occupations

that experience the largest post-M&A decline (increase) in percentile ranks of employ-

44 Table TA. A.13 lists the 23 occupation group titles and the corresponding granular occ1990dd
occupations classified under each occupation group. The 0cc1990dd occupation classification aggregates
U.S. Census occupation codes to a balanced panel of occupations for 2000, 2005, and 2010 Census occ.
The detailed methodology for constructing occ1990dd and crosswalks between 0cc1990dd and occ can
be found at David Dorn’s website, https://www.ddorn.net/data.htm. We match occ1990dd with 2000
and 2010 SOC occupation codes observed in OEWS using crosswalks between occ and SOC downloaded
from https://usa.ipums.org/usa/volii/occtooccsocl8.shtml.

45 Autor and Dorn (2013) provide detailed occupational task scores that capture the degree of abstract,
manual and routine of tasks conducted by each 0cc1990dd occupation. Therefore, we also use the
0cc1990dd classification to construct our baseline measures of routine task intensity at the establishment
level as described in section 2.1.


https://www.ddorn.net/data.htm
https://usa.ipums.org/usa/volii/occtooccsoc18.shtml

ment, along with the coefficient estimates and standard errors estimated by Equation 3
as well as indicators highlighting their characteristics. While we do not focus on sta-
tistical significance in this analysis, given the limited statistical power due to smaller
sample sizes, the rankings of granular occupations with the largest changes in post-M&A
employment provide further insights on how labor demand evolves following these deals.

Overall, we observe that routine occupations are disproportionately represented among
the top decliners. Specifically, in Table 7, Panel A, we observe that 60% of occupations
that experience the largest relative decline post-M&A are routine. This reflects a signif-
icant overrepresentation of routine occupations, namely, occupations in the top quartile
of the routine task intensity distribution.

We also observe that the majority of the routine occupations that experience a drop
in employment are routine cognitive and fewer are routine manual. These results are
consistent with Table 3, columns 4-5, which show that although employment declines
post-M&A for both routine manual and routine cognitive occupations, the decline in
routine cognitive employment is economically larger and statistically significant. These
most impacted occupations are likely office routine occupations replaced by information
technology (IT). This reflects a pattern of IT technology adoption that started before
our sample period and continued well into the 2000s. As reported in Bessen (2020), pro-
prietary software investment increased substantially between 1995 and 2016. Tambe and
Hitt (2014) also find that “the measured marginal product of IT spending is higher from
2000-2006 than in any previous period, suggesting that firms, and especially large firms,
have been continuing to develop new, valuable I'T-enabled business process innovations”.
The less routine intensive occupations comprising the list in Table 7, Panel A, tend to
be lower-skill occupations involving a greater proportion of manual tasks (e.g., stock and
inventory clerks); or occupations that, although they are less routine in nature (i.e., they
are not in the top quartile of the routine task intensity distribution), are also significantly
affected by IT adoption (e.g., retail salespersons and sales clerks).

In contrast, Panel A of Table 7 also shows that occupations experiencing the largest

employment declines post-M&A do not exhibit characteristics that align with alternative



explanations for our findings. Prior research, such as John et al. (2015), Dessaint et al.
(2017), and Tian and Wang (2020), suggests that M&A activity is more prevalent when
unions and worker protections are weaker, enabling labor efficiencies. However, only
three of the 25 occupations with the greatest employment declines are non-unionized
(Non-unionized). Moreover, Li (2013) argues that acquirer firms with superior expertise
can enhance managerial efficiency, which may lead to managerial slack and, consequently,
layoffs in target management teams.*¢ Yet, in our data, only one of the 25 occupations
experiencing the largest declines falls within the Ezecutive, Admin, and Managerial oc-
cupational group, which oversees other people’s work. Finally, we create a new measure
of occupation scalability to capture the idea that some roles are inherently more “scal-
able” post-merger, meaning firms can operate effectively with fewer employees than the
combined pre-merger workforce, leading to overhead reductions. If scalability were a key
factor, we would expect an over-representation of highly scalable occupations in this sam-
ple.*” However, only three of the 25 occupations with the largest employment declines
are classified as highly scalable (Scalable).*®

On the other hand, occupations that tend to be high-skill and non-routine overwhelm-
ingly dominate the top increase list (Table 7, Panel B). Specifically, several of those oc-
cupations correspond to management-related specialists (e.g., HR, management analysts,
and financial specialists), technicians and related support occupations (e.g., engineering
technicians, health technologists, and technicians), and professional specialty occupa-
tions, such as electrical engineers, pharmacists, or medical scientists. Tasks performed in

these occupations are related to developing or using technology.

46Relatedly, Jensen and Ruback (1983) suggests that M&As improve efficiency by creating competition
in managing resources and replacing target firms’ management teams.

47 We explain how we construct the measure of occupational scalable task intensity and identify highly
scalable occupations in Internet Appendix B2.

48 In Internet Appendix Table IA. A.14, we present correlations between the change in employment
percentile post-M&A for the 320 0cc1990dd occupational groups estimated from Equation 3 and these
occupational characteristics. We confirm the negative relationship between routine task intensity (RT'T)
and estimated changes in employment percentile rank after controlling for occupational offshorability.
In contrast, employment percentile changes do not correlate significantly with Union Share, Ezxecutive,
Admin, and Managerial Occs, and Scalability, suggesting that redundancies due to overhead layoffs do
not fit the patterns we observe in our sample.



6. Wages

Our hypothesis that implementing more advanced technology at M&A targets impacts
occupational employment also embodies implications for wages. Following M&As, we
tend to observe increased demand by the target firm for occupations complementary
to technology and softer demand for occupations that involve routine tasks. Moreover,
technology transforms employment within occupations, leading to upskilling and higher
productivity (Bartel, Ichniowski, and Shaw, 2007; Hershbein and Kahn, 2018; Dillender
and Forsythe, 2022; Kogan et al., 2023). Such productivity increases and compositional
employment changes in M&A targets should shift mean wages higher and increase wage
inequality within establishments.

In Table 8, Panel A, we examine the effect of M&As on the average hourly wages
of target establishments, relative to the control sample of matched establishments. By
focusing on hourly wages, we avoid concerns that changes in hours worked around the
M&A event could affect our results. In column 1, we find a 2.5% (or 0.6% in annual terms)
increase in treated establishments’ average hourly wage compared to the control sample,
statistically significant at the 1% level. The estimated coefficients remain significant
both statistically and economically across specifications after controlling for offshorability,
interacted industry-year fixed effects, and state-year fixed effects.

In Table 8, Panel B, we provide evidence that M& As increase wage inequality within
establishments. We measure wage inequality using the establishment standard deviation
of wages, as in Barth, Bryson, Davis, and Freeman (2016). Column 1 shows a 3.3%
(or 0.8% in annual terms) increase in the standard deviation of wages at target estab-
lishments compared to matched control establishments, significant at the 5% level. The
coefficient remains robust in terms of magnitude and significance across all specifications
we consider.??

Both the shift in the nature of tasks performed at the establishment and within-

49 A growing literature studies pay inequality within firms (e.g. Mueller, Ouimet, and Simintzi, 2017;
Song et al., 2018; Huneeus et al., 2021; Wallskog et al., 2024). We add to this literature by showing that
pay inequality within firms increases following M&As and argue that this is consistent with associated
technology adoption.



establishment wage inequality are consistent with the notion that labor restructuring
following M&As reflects nuanced changes in production processes involving the adop-
tion of labor-saving technologies. Post-M&A changes involve a complex restructuring of
the labor force at the expense of routine occupations that get displaced by technology

investments.

7. Conclusion

We present novel evidence that M&As change the nature of jobs performed at the tar-
get firm, consistent with greater adoption of technology post-M&A. We find that M&As
are followed by an employment reduction in routine intensive occupations at the target,
particularly those easily replaceable by IT capital. Our results support the hypothesis
that technologically skilled firms acquire targets that are less able to implement such
technologies, and at which the acquiring firms subsequently increase that implementa-
tion. We provide evidence consistent with this mechanism and show that our effects are
driven primarily by deals in which acquirers, prior to the M&A, have a smaller reliance
on routine occupational employment and a greater reliance on higher-wage employees,
suggesting a technological advantage. Moreover, the observed post-merger effects do not
appear to be fully accounted for by alternative motives for M&As that might also be
at play, such as redundancies of duplicate employees post-M&A or by targets outsourc-
ing production. The changes observed in occupational distributions are also mirrored
in wages: We observe increases in the average wage and overall wage inequality within
establishments. We also directly confirm that M&As are followed by higher investment
in I'T technology when they involve acquirers with higher relative IT investments prior
to the M&A.

A key implication of our findings is that the impact of M&As on target firm workers
is heterogeneous. Workers engaged in highly routine activities fare poorly, while occupa-
tions using or implementing more advanced technology may see expanded employment
opportunities following the M&A. These results also imply that the labor market effects of

M& As appear more nuanced than the traditional cost-cutting argument whereby layoffs



are a source of operational synergies following M&As.
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Figure 1. Dynamic effects of M&A on measures of routineness

The figures plot the dynamic effects of M&A on the routineness of tasks performed at target establish-
ments estimated by the following equation:

3 3+
Yit = E Oprre, Li=t(Pre,) - M&A; + g O Post, Li=t(Post,) - M&A;

n=2 n=1
3 3+
+Zupren1t=t(Pren) + E KPost, Li—t(Post,) T Qi + ajt + B+ Xi¢ + €4,
n=2 n=1

where ¢ represents an establishment and ¢ represents a year. ;; is measured by the employ-
ment share of routine occupations (RSH) in Panel A, the employment-weighted average routine
task intensity (RTI) in Panel B, and the percentile rank of employment of routine occupations
(Routine Employment Percentile) in Panel C. M&A; equals one for establishments of targets in hor-
izontal M&As from 2001 through 2017, zero otherwise. 1;,_¢(pre,) equals one for the year of the nth
observation observed be fore the M&A effective year, zero otherwise. 1;—;(post,) equals one for the year
of the n*" observation observed after the M&A effective year, zero otherwise. The first observation prior
to/at the M&A (14—4(pre,)) is the omitted coefficient, depending on which one is covered by OEWS. «;
represents establishment fixed effects, and o ; represents 4-digit NAICS-by-year fixed effects. X, ; rep-
resents Offshorability of a given establishment year. M&A; is absorbed by establishment fixed effects.
Each figure plots estimates of ¢pre, and ¢post, along with 95% confidence intervals. Standard errors
are clustered at the firm level.
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Figure 2. M&A and occupational employment

The figure plots effects of M&As on percentile ranks of employment for occupation groups defined by
Autor and Dorn (2013). For each occupation group, the coefficient estimate (i.e., y1,,) is estimated using
Equation 3, where the dependent variable is specified as the percentile rank of establishment employment
for the occupation group within the year’s sample distribution. Coefficient estimates are plotted in square
dots. Horizontal bands represent 95% confidence intervals. Standard errors are clustered at the firm level.
The sample consists of OEWS establishments targeted in horizontal M&As from 2001 through 2017 and
those of matched control establishments.
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Table 2
M&:As and target routine occupation composition

This table presents estimates of changes in routine occupation composition at M& A target establishments
compared to control establishments. The effects are estimated using Equation 1. The dependent variable
in Panel A is the employment share of routine occupations (RSH) defined at the establishment level.
In Panel B, the dependent variable is the employment-weighted average of routine task intensity (RT'T)
defined at the establishment level. The dependent variable in Panel C is the percentile rank of an
establishment’s routine employment within a sample year distribution. An occupation is routine if it is
in the top employment-weighted quartile of RTT in the 2000 ACS sample distribution. M & A; is absorbed
by fixed effects. Post; is estimated but not reported for brevity. The sample consists of establishments
targeted in horizontal M&As from 2001 through 2017 and those of matched control establishments.
Standard errors are reported in parentheses and clustered at the firm level. Industries are classified
by 4-digit NAICS. All variable definitions are provided in Appendix Table A.1. Significance levels are
indicated by *, ** and *** and correspond to 10%, 5%, and 1% significance levels, respectively.

1) (2) 3) (4)

Panel A. RSH
Posty - M&A; -0.0238%** -0.0182** -0.0189*** -0.0180***
(0.0078) (0.0075) (0.0067) (0.0065)
Offshorability 0.1550*** 0.1615*** 0.1609***
(0.0076) (0.0082) (0.0081)
Observations 25,588 25,588 25,040 25,007
R? 0.740 0.776 0.813 0.824
Panel B. RTI
Post - M&A; -0.0842%** -0.0612%** -0.0638*** -0.0656***
(0.0250) (0.0231) (0.0209) (0.0206)
Offshorability 0.6318*** 0.6497*** 0.6454%**
(0.0279) (0.0296) (0.0290)
Observations 25,588 25,588 25,040 25,007
R? 0.819 0.852 0.877 0.884

Panel C. Routine Employment Percentile

Post - M&A; -2.496%** -2.115%** -2.285%** -2.436%**
(0.681) (0.654) (0.600) (0.586)
Offshorability 10.50%** 10.84*** 10.73%**
(0.561) (0.623) (0.607)
Observations 25,588 25,588 25,040 25,007
R2 0.828 0.843 0.868 0.876
Year FE YES YES
Establishment FE YES YES YES YES
Industry - Year FE YES YES

State - Year FE YES
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Table 4
Mechanism: Treatment heterogeneity analysis

This table presents estimates of changes in routine employment share (RSH) at M&A tar-
get establishments compared to control establishments, further interacting Post; - M&A; with
dummy variables ]lTargetRSH>AcquirerRSH in column ]-7 ]lAcquirerWage>TargetWage in column 27 and
1 AcquirerTechWage>TargetTechWage il column 3. The dependent variable in columns 1-3 is the employ-
ment share of routine occupations, where an occupation is routine if it is in the top employment-weighted
quartile of RTT in the 2000 ACS sample distribution. Columns 4-5 present estimates of changes in
percentile ranks of IT spending and IT spending per employee at target establishments compared to
control establishments, further interacting Post; - M&A; with 1 acquireriT>Targerrr- The sample used
in columns 1-3 consists of establishments targeted in horizontal M&As from 2001 through 2017 and
those of matched control establishments in the OEWS sample. The sample used in columns 4-5 consists
of establishments targeted in horizontal M&As from 2009 through 2015 and those of matched control
establishments in the CiTDB sample. The estimates are generated by Equation 2. M&A; and its in-
teraction with ]le’getRSH>AcquirerRSH (]lAcquirerWage>TargetWage; ]1AcquirerTechWage>Ta,rgetTechWagea
or LacquireriT>TargettT ) 18 absorbed by establishment fixed effects. The interaction between
POStt and ]lTargetRSH>AcquirerRSH (]lAcquireTWage>TargetWagea ]lAcquire'rTechWage>TargetTechWage7 or
1 AcquireriT>TargetrT ) is absorbed by Post, - M&A;. Post; is estimated but not reported for brevity.
Offshorability is not included in the estimation in columns 4-5 because we do not observe occupational
offshorability data in the CiTDB sample. Industries are classified by 4-digit NAICS. All variable defi-
nitions are provided in Appendix Table A.1. Standard errors are reported in parentheses and clustered
at the firm level. Significance levels are indicated by *, ** and *** and correspond to 10%, 5%, and 1%
significance levels, respectively.

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

RSH RSH RSH IT Budget IT Budget/Emp
Percentile Percentile
Post, - M&A; 0.0086 0.0075 0.0201 -0.285 -1.905*
(0.0150) (0.0148) (0.0216) (0.872) (0.992)
Posty - A[&AL . ﬂTargetl{SH>Acquire7"1{SH -0.0484**
(0.0213)
POStt . A/I&Az . ﬂAcquircrw’ag(t>'1'ar'g(tﬂVage -0.0456%*
(0.0213)
Post, - M&A; - ]lAcqui,rerTez:thye>Tm'gef,TechWa,ge -0.0690**
(0.0333)
Posty - ]\/[&Al . ﬂAcquzrerIT>Tar_qetIT 2.404%* 4.166%**
(1.047) (1.307)
Offshorability 0.1636*** 0.1640%** 0.1279%**
(0.0178) (0.0177) (0.0274)
Observations 6,468 6,468 3,063 15,983 15,983
R? 0.835 0.835 0.810 0.871 0.840
Establishment FE YES YES YES YES YES

Industry - Year FE YES YES YES YES YES




Table 5
Testing alternative explanations

This table presents estimated changes in routine employment share (RSH) at M&A target establish-
ments compared to control establishments, interacting Post; - M&A; with LrgrgetrSH> Acquirer RSH
in each column and further augmenting the specification interacting Post; - M&A; with
]]-TargetOffshor>AcquirerOffshor7 ]lHighOccOverlapv and ]lHighOccSimilarity in columns 1'37 reSpeCtinY The
dependent variable is the employment share of routine occupations at target establishments, where an
occupation is routine if it is in the top employment-weighted quartile of RTT in the 2000 ACS sample
distribution. M&A; and its interaction with M Target RSH> Acquirer RSH (ﬂTargetOffshor>AcquirerOffshora
1 HighOccOverlaps OF LHighOccSimilarity) 1S absorbed by establishment fixed effects. The interac-
tion between POStt and ]lTargetRSH>AcquirerRSH (]]-TargetOffshor>Acqui'r‘erOffshor; ]lHighOccOverlapv or
1 HighOceSimilarity) is absorbed by Post; - M&A;. Post, is estimated but not reported for brevity. The
sample consists of establishments in OEWS data that are targeted in horizontal M& As from 2001 through
2017 and those of matched control establishments. Industries are classified by 4-digit NAICS. All vari-
able definitions are provided in Appendix Table A.1. Standard errors are reported in parentheses and
clustered at the firm level. Significance levels are indicated by *, ** and *** and correspond to 10%, 5%,
and 1% significance levels, respectively.

() (2) (3)

RSH RSH RSH
Posty - M&A; 0.0074 0.0212 -0.0050
(0.0160) (0.0175) (0.0145)
Posty - M&A; - ITgrgetRSH> AcquirerRSH -0.0500** -0.0494** -0.0509**
(0.0233) (0.0212) (0.0207)
Posty - M&A; - IrargetOffshor>AcquirerOffshor 0.0045
(0.0226)
Posty - M&A; - 1HighOccOveriap -0.0237
(0.0203)
Posty - M&A; - 1HighOceSimilarity 0.0311
(0.0206)
Offshorability 0.1637*** 0.1637*** 0.1632%**
(0.0180) (0.0178) (0.0178)
Observations 6,468 6,468 6,468
R? 0.835 0.835 0.835
Establishment FE YES YES YES

Industry - Year FE YES YES YES
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Table 8
M&:As and target wage inequality

This table presents estimates of changes in average wages and standard deviation of wages at M& A target
establishments compared to control establishments. The effects are estimated using Equation 1. The
dependent variable in Panel A is the log-transformed average hourly wage at the establishment level.
The dependent variable in Panel B is the log-transformed standard deviation of hourly wages at the
establishment level. M&A; is absorbed by fixed effects. Post; is estimated but not reported for brevity.
The sample consists of establishments targeted in horizontal M&As from 2001 through 2017 and those
of matched control establishments. Standard errors are reported in parentheses and clustered at the firm
level. Industries are classified by 4-digit NAICS. All variable definitions are provided in Appendix Table
A.1. Significance levels are indicated by *, ** and *** and correspond to 10%, 5%, and 1% significance
levels, respectively.

Panel A
(1) (2) (3) (4)
Wages Wages Wages ‘Wages
Posty - M&A; 0.0251*** 0.0251%** 0.02471*** 0.0245%***
(0.0080) (0.0080) (0.0076) (0.0080)
Offshorability -0.0015 -0.0034 -0.0001
(0.0077) (0.0080) (0.0080)
Observations 25,588 25,588 25,040 25,007
R? 0.862 0.862 0.889 0.896
Year FE YES YES
Establishment FE YES YES YES YES
Industry - Year FE YES YES
State - Year FE YES
Panel B
Q) ®) 6) @)
StdWages StdWages StdWages StdWages
Posty - M&A; 0.0331** 0.0341%* 0.0316** 0.0310%*
(0.0165) (0.0165) (0.0158) (0.0166)
Offshorability 0.0271* 0.0240 0.0314**
(0.0143) (0.0152) (0.0151)
Observations 25,225 25,225 24,660 24,632
R? 0.758 0.758 0.802 0.815
Year FE YES YES
Establishment FE YES YES YES YES
Industry - Year FE YES YES

State - Year FE YES




Appendix A.

Table A.1
Variable definitions

This table describes establishment-level variables. Panel A includes those constructed using OEWS and
SDC. Panel B includes those constructed using CiTDB and SDC.

Panel A. Establishment-level variables from OEWS and SDC

Variable Name Definition
Total Employment The number of employees in a given establishment year.
Routine Employment Share (RSH) The share of employment in routine occupations. An occupation

is routine if it is in the top employment-weighted quartile of rou-
tine task intensity within the 2000 American Community Survey
(ACS). The ACS is available at https://usa.ipums.org/usa/.

Routine Task Intensity (RTI) The routine intensity of tasks in the OEWS establishment. It is
defined as the occupational employment weighted average of rou-
tine task intensity scores in each establishment year. Following
Autor and Dorn (2013), routine task intensity for occupation o
is defined as RT1, = InR, 1980 — InAs 1980 — InM, 1980, where
Ro10805 Aoce,1980 and Mo, 1980 are the routine, abstract, and man-
ual inputs, respectively, by occupation, indexed by o, in 1980.
Then, RT1, is merged with OEWS data using the SOC occupa-
tion codes. The occupational routine, abstract, and manual input
data are available at https://www.ddorn.net/data/occ1990dd_
task_alm.zip.

Routine Employment The employment in routine occupations at the establishment level.
An occupation is routine if it is in the top employment-weighted
quartile of RTI within the American Community Survey (ACS)
2000 sample. The ACS is available at https://usa.ipums.org/
usa/.

Of fshorability The degree to which the tasks performed in a given establishment-
year require either face-to-face interaction or on-site oper-
ation. It is defined as the employment-weighted aver-
age of occupational offshorability scores, which are avail-
able at David Dorn’s website, https://www.ddorn.net/data/
0cc1990dd_task_offshore.zip. Occupational offshorabilty
scores are merged with OEWS data using SOC occupation codes.
The crosswalks between SOC occupation codes and o0cc1990dd
occupation codes are available at David Dorn’s website, https:
//www.ddorn.net/data.htm.

Tech-oriented Employment The number of tech-oriented workers in a given establishment-
year. Tech-oriented occupations are classified following Hecker
(2005) and include scientific, engineering, and technician occu-
pations: computer and information systems managers, SOC 11-
3020; engineering managers, SOC 11-9040; and natural sciences
managers, SOC 11-9120; computer and mathematical scientists,
SOC 15-0000; engineers, SOC 17-2000; drafters, engineering, and
mapping technicians, SOC 17-3000; life scientists, SOC 19-1000;
physical scientists, SOC 19-2000; life, physical, and social science
technicians, SOC 19-4000.

FEngineering Employment The number of employees within the following occupational
groups: engineering managers, SOC 11-9040; engineers, SOC 17—
2000; drafters, engineering, and mapping technicians, SOC 17—
3000.



https://usa.ipums.org/usa/
https://www.ddorn.net/data/occ1990dd_task_alm.zip
https://www.ddorn.net/data/occ1990dd_task_alm.zip
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https://usa.ipums.org/usa/
https://www.ddorn.net/data/occ1990dd_task_offshore.zip
https://www.ddorn.net/data/occ1990dd_task_offshore.zip
https://www.ddorn.net/data.htm
https://www.ddorn.net/data.htm

Panel A. Establishment-level variables from OEWS and SDC (cont.)

Variable Name

Definition

Routine-manual Employment

Routine-cognitive Employment

Average Hourly Wages (Wages)

Std. Dev.
(StdWages)

of Hourly Wages

M&A,;

Post;

(Non-) Routine Employment Percentile

Total Employment Percentile

Routine-manual ~ (-cognitive) Em-
ployment Percentile

The number of employees within routine-manual occupations
in a given establishment year. An occupation (0cc1990dd)
is classified as routine-manual if its RT1 and routine man-
ual tasks score are within the top quartile of the employment-
weighted distribution, where employment comes from the
2000 ACS. Occupational task scores can be downloaded
from Daron Acemoglu’s website, https://www.dropbox.com/
s/835jzwyo000x0xn/task-construct (1) .zip7e=1&d1=0. The
ACS is available at https://usa.ipums.org/usa/

The number of employees within routine-cognitive occupations
in a given establishment year. An occupation (0cc1990dd) is
classified as routine-cognitive if its RTI and routine cognitive
tasks score are within the top quartile of the employment-
weighted distribution, where employment comes from the
2000 ACS. Occupational task scores can be downloaded
from Daron Acemoglu’s website, https://www.dropbox.com/
s/835jzwyo000x0xn/task-construct (1) .zip7e=1&d1=0. The
ACS is available at https://usa.ipums.org/usa/

The average hourly wage in each establishment year. The OEWS
data report 12 hourly wage bins for each occupation and employ-
ment in each wage bin-occupation. We take the average of the
lower and upper bounds of each wage bin to proxy for the hourly
wage of workers in that wage bin-occupation. Then, we take the
occupational employment-weighted mean of hourly wages of all
occupations in the establishment as a proxy for establishment-
level hourly wages. These wages correspond to the hourly wages
of salaried workers and do not include non-production bonuses or
employer costs of non-wage benefits. All wages are inflated to the
year 2001.

The occupational employment-weighted standard deviation of
hourly wages in each establishment and year.

An indicator equal to one if the establishment belongs to an M&A
target, zero otherwise.

An indicator equal to one for years post-M&A, zero otherwise.

The percentile ranks of establishment employment within (non-)
routine occupations in the sample distribution for a given year.
An occupation is routine if it is in the top employment-weighted
quartile of RTI within the American Community Survey (ACS)
2000 sample. The ACS is available at https://usa.ipums.org/
usa/.

The percentile ranks of establishment employment in the sample
distribution each year.

The percentile ranks of establishment employment forroutine-
manual (cognitive) occupations defined based on the sample
distribution each year. An occupation (0cc1990dd) is clas-
sified as routine-manual (-cognitive) if its RTI and routine-
manual (-cognitive) tasks score are within the top quartile of
the employment-weighted distribution, where employment comes
from 2000 ACS. Occupational task scores can be downloaded
from Daron Acemoglu’s website, https://www.dropbox.com/
s/835jzwyo000x0xn/task-construct (1) .zip?e=1&d1=0. The
ACS is available at https://usa.ipums.org/usa/
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Panel A. Establishment-level variables from OEWS and SDC (cont.)

Variable Name

Definition

Tech-oriented (Engineering, or Non-
engineering) Employment Percentile

Pre,,

Post,

11TargstRSH>Acquire7‘RSH

1 AcquirerWage>TargetWage

]1AcquirerTechWage>TargetTechWage

IlTargEtOffshor>AcquirerOffshor

ﬂHighOccOverlap

The percentile ranks of establishment employment for tech-
oriented (engineering, or non-engineering) occupations defined
based on the sample distribution each year. Tech-oriented oc-
cupations are classified following Hecker (2005) and include scien-
tific, engineering, and technician occupations: computer and in-
formation systems managers, SOC 11-3020; engineering managers,
SOC 11-9040; and natural sciences managers, SOC 11-9120; com-
puter and mathematical scientists, Standard Occupational Clas-
sification (SOC) 15-0000; engineers, SOC 17-2000; drafters, en-
gineering, and mapping technicians, SOC 17-3000; life scientists,
SOC 19-1000; physical scientists, SOC 19-2000; life, physical, and
social science technicians, SOC 19-4000. Among tech-oriented
occupations, the following groups are classified as engineering:
engineering managers, SOC 11-9040; engineers, SOC 17-2000;
drafters, engineering, and mapping technicians, SOC 17-3000.
Non-engineering occupations include the rest of the tech-oriented
occupations.

An indicator equal to one for the n'” observation of the establish-
ment observed in OEWS prior to the M&A, where n = 2 or 3,
zero otherwise.

An indicator equal to one for the n'* observation of the establish-
ment observed in OEWS post-M&A, where n = 1, 2, or 3 plus,
zero otherwise.

An indicator equal to one if the target firm’s employment share
of routine occupations exceeds that of its acquirer firm in the first
observed year before the M&A, and zero for the rest of treated
establishments and all control establishments.

An indicator equal to one if the acquirer firm’s average wages
exceed that of its target firm in the first observed year before
the M&A, and zero for the rest of treated establishments and all
control establishments.

An indicator equal to one if the acquirer firm’s average wages of
high-technology workers exceed that of its target firm in the first
observed year before the M&A, and zero for the rest of treated
establishments and all control establishments.

An indicator equal to one if the target firm’s O f fshorability ex-
ceeds that of its acquirer firm in the first observed year before
the M&A, and zero for the rest of treated establishments and all
control establishments.

An indicator equal to one if the share of target employment in
occupations that exist in both the target and its acquirer exceeds
the sample median in the first observed year before the M&A,
and zero for the rest of treated establishments and all control
establishments.




Panel A. Establishment-level variables from OEWS and SDC (cont.)

Variable Name

Definition

1 HighOccSimilarity

An indicator equal to one if the occupational similarity between
the target and its acquirer exceeds the sample median, and zero for
the rest of treated establishments and all control establishments.
We take the following steps to construct the cosine-similarity score
between a target firm and its acquirer firm. 1) We construct
pairwise occupation cosine similarity scores based on vectors of
text descriptions of SOC occupations (Simi, p, where a and b are
6-digit SOC codes). 2) For each occupation a at the target, we
calculate the acquirer occupational employment weighted average
of cosine-similarity score (OccSimiq = Y, wp X Simiq p, Where wy
represents employment share of occupation b at the acquirer firm).
3) For a given target i, the cosine-similarity score is the target
employment weighted average of similarity scores of occupations
at targets and its acquirer (OccSimilarity; = 3, waOccSimi,,
where w, represents employment share of occupation a at the
target firm).

Panel B. Establishment-level variables from CITDB and SDC

Variable Name

Definition

Total Employment

IT Budget (Hardware, Software,
Service, Storage, or Communica-
tion) Percentile

IT Budget (Hardware, Software,

Service, Storage, or Communica-
tion)/Emp Percentile

M&A,

Post;

1 AcquirerIT>TargetIT

The number of employees at a CITDB establishment.

The percentile rank of an establishment’s budget for IT (hardware,
software, IT services, storage, or communications service) within
the sample distribution of a given year.

The percentile rank of an establishment’s budget for IT (hard-
ware, software, IT services, storage, or communications service)
normalized by its employment within the sample distribution of a
given year.

An indicator equal to one if the establishment belongs to a M&A
target, zero otherwise.

An indicator equal to one for years post-M&A, zero otherwise.

An indicator equal to one if the acquirer’s ex-ante average IT bud-
get per worker exceeds its target’s average I'T budget per worker,
zero for the rest of treated establishments and all control estab-
lishments.
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Internet Appendix A. Figures and Tables

Figure TA. A.1. Industry and geographic distributions of in-sample M&As

This figure presents the distributions of horizontal M&A deals by industry and geography in our sample.
Panel A presents the distribution of 2-digit NAICS sectors of targets and acquirers, who are in the same
sector in horizontal deals. Panel B and Panel C show the geographical distribution of the states where
the target and acquirer firms, respectively, are headquartered.
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Figure TA. A.2. Industry and geographic distributions of unmatched M&As

This figure presents the distributions of horizontal M&A deals that are not included in our sample.
Panel A presents the distribution of 2-digit NAICS sectors of targets and acquirers. Panel B and Panel
C show the geographical distribution of the states where the target and acquirer firms, respectively, are
headquartered.
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Figure TA. A.3. Dynamic effects of M& A on target routine occupation composition: Keep-
ing the nearest matches

These figures plot the dynamic effects of M&A on routine occupation composition at target establish-
ments compared to control establishments. This sample is drawn from a subset of treated and control
pairs with the nearest match in a given outcome variable ex-ante. The effects are estimated using the
equation described in Figure 1. In Panel A (B, C), the sample keeps pairs in which a given treated
establishment’s average RTT (RSH, Routine Employment Percentile) observed in years prior to the
M&A is within the 25% range of its matched control establishments. In each panel, the dependent
variables are routine employment share (RSH), routine task intensity (RTI), and percentile rank of
routine employment (Routine Employment Percentile) in the left, middle, and right plot, respectively.
On the x-axis, Pre,, is an indicator equal to one for the nt" observation of the establishment observed in
OEWS before the M&A, zero otherwise. Post,, is an indicator equal to one for the n** observation of
the establishment observed in OEWS after the M&A, zero otherwise. The first observation prior to/at
the M&A (Prel) is the omitted coefficient, depending on which one is covered by OEWS. The vertical
bands represent the associated 95% confidence intervals. The sample consists of establishments targeted
in horizontal M&As from 2001 through 2017 and those of matched control establishments. Standard
errors are reported in parentheses and clustered at the firm level. All variable definitions are provided
in Appendix Table A.1.
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Table TA. A.1

OEWS sample observation distribution across periods

This table presents the observation count distribution across periods in our OEWS sample.

Period Observations Percent Cumulative Percent
Pres 674 2.63 2.63
Preg 1934 7.56 10.19
Preq 7239 28.29 38.48
Posty 7239 28.29 66.77
Posto 4341 16.96 83.74
Postz pius 4161 16.26 100
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Table TA. A.3
Probability of being targets

This table presents conditional logit estimates on the log odds of being a target establishment in horizontal
M&As. This sample includes all target establishments in the OEWS and their alternative peers in the
same 4-digit NAICS industry. For each target establishment, only the last observation observed before the
M&A is included. Their alternative industry peers are matched on the year of the observation. Standard
errors are reported in parentheses and clustered at the 4-digit NAICS industry level. Significance levels
are indicated by *, ** and *** and correspond to 10%, 5%, and 1% significance levels, respectively.

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

Target Target Target Target
Routine Employment 0.226%** 0.224%** 0.227%** 0.225%**
(0.0295) (0.0305) (0.0365) (0.0378)
Offshorability -0.00495 -0.00573
(0.115) (0.116)
Observations 4,112,738 4,112,738 4,112,738 4,112,738
State FE Yes Yes
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Table TA. A.8
Robustness: Controlling for offshorability-by-year fixed effects

This table presents estimated changes in routine occupation composition at M&A target establishments
compared to control establishments with different sets of controls. Dependent variables in columns 1-3
are establishment-level routine employment share, average routine task intensity, and percentile ranks of
routine employment, respectively. This table repeats the specification in Table 2, column 3, but instead
controls for Offshorability-by-year fixed effects. M&A; is absorbed by fixed effects. Post; is estimated
but not reported for brevity. The sample consists of establishments in OEWS data that are targeted
in horizontal M&As from 2001 through 2017 and those of matched control establishments. Industries
are classified by 4-digit NAICS. All variable definitions are provided in Appendix Table A.1. Standard
errors are reported in parentheses and clustered at the firm level. Significance levels are indicated by *,
*¥* and *** and correspond to 10%, 5%, and 1% significance levels, respectively.

0 @ 3
RSH RTI Routine
Employment
Percentile
Posty - M&A; -0.0190*** -0.0635*** -2.27TH**
(0.0067) (0.0211) (0.598)
Observations 25,040 25,040 25,040
R? 0.928 0.958 0.869
Establishment FE YES YES YES
Industry - Year FE YES YES YES
Offshorability - Year FE YES YES YES
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Table TA. A.9
Testing alternative explanations with continuous measures

This table presents estimated changes in routine employment share (RSH) at M&A target establish-
ments compared to control establishments, interacting Post; - M&A; with GapraergetrRSH— Acquirer RSH
in each column and further augmenting the specification by interacting Post; - M&A; with
GaprargetOf fshor—AcquirerOf fshor, OccOverlap, and OccSimilarity in columns 1-3, respectively.
GaprargetOf fshor—AcquirerOf fshor Te€presents the difference between target and acquirer firms’ offshora-
bility prior to M&As. OccOverlap presents the target employment share of occupations overlapping
with those at acquirers prior to M&As. OccSimilarity represents the cosine-similarity in target and ac-
quirer occupation proﬁles before M&As. GapTargetRSH—AcquirerRSH GapTargetOffshor—AcquirerOffshoTa
OccOverlap and OccSimilarity are standardized with a mean of 0 and a standard deviation of 1.
Before standardization, the average RSH gap between the target and acquirer is -1%, with a stan-
dard deviation of 13.3%. The target’s average employment share in overlapping occupations with the
acquirer is 25.9%, with a standard deviation of 39.4%. Occupational similarity scores have a mean
of 0.05 and a standard deviation of 0.1. The average offshorability gap between the target and ac-
quirer is 0.029, with a standard deviation of 0.33. The dependent variable is the employment share
of routine occupations at target establishments, where an occupation is routine if it is in the top
employment-weighted quartile of RTT in the 2000 ACS sample distribution. M&A; and its interaction
with GapTargetRSH—AcquirerRSH (GapTaTgetOffshor—AcquirerOffshora OccOverlap, and OCCS’LleG/I“’Lty) is
absorbed by establishment fixed effects. The interaction between Post; and Gaprarget RSH—AcquirerRSH
(Gaprargetof fshor— Acquireroffshor, OccOverlap, and OccSimilarity) is absorbed by Post, - M&A,;.
Post, is estimated but not reported for brevity. The sample consists of establishments in OEWS data
that are targeted in horizontal M&As from 2001 through 2017 and those of matched control establish-
ments. Industries follow the 4-digit NAICS classification. Standard errors are reported in parentheses
and clustered at the firm level. Significance levels are indicated by *, ** and *** and correspond to 10%,
5%, and 1% significance levels, respectively.

0 ®) @)
RSH RSH RSH
Posty - M&A; -0.0119 -0.0108 -0.0121
(0.0114) (0.0192) (0.0110)
POStt . M&Ai . GapTargetRSHfAcquirerRSH -0.0350*** -0.0349*** -0.0351%**
(0.0136) (0.0125) (0.0123)
Posty - M&A; - GapTargetOffshor—AcquirerOffshor 0.0001
(0.0124)
Posty - M&A; - OccOverlap -0.0008
(0.0111)
Posty - M&A; - OccSimilarity 0.0130
(0.0114)
Offshorability 0.1630*** 0.1624*** 0.1629***
(0.0177) (0.0177) (0.0180)
Observations 6,468 6,468 6,468
R? 0.835 0.836 0.835
Establishment FE YES YES YES
Industry - Year FE YES YES YES
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Table TA. A.10
Robustness: Cancelled M&As

This table presents estimated changes in routine occupations at announced and subsequently withdrawn
M&A target establishments compared to control establishments. Cancelled M&A deals (pseudo M & A)
are included in the sample if they were blocked by regulators or the bidder was acquired ex-post by a
third party. The effects of cancelled M&As are estimated using Equation 1. The dependent variable
is the employment share of routine occupations in column 1, the average routine task intensity at the
establishment in column 2, and percentile ranks of establishment employment for routine occupations
in column 3. M&A; is absorbed by fixed effects. Post; is estimated but not reported for brevity. The
sample consists of OEWS establishments targeted in cancelled horizontal M&As from 2001 through 2017
and those of matched control establishments. Industries are classified by 4-digit NAICS. All variable
definitions are provided in Appendix Table A.1. Standard errors are reported in parentheses and clustered
at the firm level. Significance levels are indicated by *, ** and *** and correspond to 10%, 5%, and 1%
significance levels, respectively.

0 @ ®
RSH RTI Routine
Employment
Percentile
Posty - pseudo M&A; 0.0524 0.0754 10.3475%*
(0.0389) (0.2108) (5.8236)
Offshorability 0.0961** 0.4412%** 1.8528
(0.0408) (0.1647) (6.4727)
Observations 212 212 212
R? 0.723 0.640 0.752
Establishment FE YES YES YES
Industry - Year FE YES YES YES
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Table TA. A.11
Robustness: Mean reversion

This table presents estimated changes in routine occupation composition at M&A target establishments
compared to control establishments. This table repeats the specification in Table 2, column 3, but
additionally controls for the ex-ante dependent variable-by-year fixed effects. Dependent variables in
columns 1-3 are establishment-level routine employment share, average routine task intensity, and per-
centile ranks of routine employment, respectively. M & A; is absorbed by fixed effects. Post; is estimated
but not reported for brevity. The sample consists of establishments in OEWS data that are targeted
in horizontal M&As from 2001 through 2017 and those of matched control establishments. Industries
are classified by 4-digit NAICS. All variable definitions are provided in Appendix Table A.1. Standard
errors are reported in parentheses and clustered at the firm level. Significance levels are indicated by *,
*¥* and *** and correspond to 10%, 5%, and 1% significance levels, respectively.

0 @ ®)
RSH RTI Routine
Employment
Percentile
Posty - M&A; -0.0165*** -0.0436** -2.0885***
(0.0054) (0.0182) (0.5477)
Offshorability 0.1373*** 0.5524*** 9.6083***
(0.0077) (0.0263) (0.5854)
Observations 25,040 25,040 25,040
R? 0.939 0.965 0.881
Establishment FE YES YES YES
Industry - Year FE YES YES YES
Pre-Y - Year FE YES YES YES
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Table TA. A.12
Robustness: Survival

This table presents estimates of changes in routine occupation composition at M&A target establishments
compared to control establishments from a subsample of treated-control pairs that can be observed the
same number of times in OEWS. Dependent variables in columns 1-3 are establishment-level routine em-
ployment share, average routine task intensity, and percentile ranks of routine employment, respectively.
M&A; is absorbed by fixed effects. Post; is estimated but not reported for brevity. Standard errors are
reported in parentheses and clustered at the firm level. Industries are classified by 4-digit NAICS. All
variable definitions are provided in Appendix Table A.1. Significance levels are indicated by *, ** and
*** and correspond to 10%, 5%, and 1% significance levels, respectively.

0 @ ®)
RSH RTI Routine
Employment
Percentile
Posty - M&A; -0.0225%** -0.0860** -2.7308%**
(0.0104) (0.0340) (0.8758)
Offshorability 0.1551%** 0.5616*** 10.7426***
(0.0117) (0.0392) (1.1008)
Observations 7,332 7,332 7,332
R? 0.858 0.909 0.892
Establishment FE YES YES YES
Industry - Year FE YES YES YES
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Table TA. A.13
Occupation groups and corresponding occ1990dd occupations

This table lists titles of 23 occupation groups defined by Autor and Dorn (2013). The last column
provides the codes of 0cc1990dd occupations classified under each occupation group. Appendix Table 2
in Dorn (2009) provides detailed titles for occupation groups and 0cc1990dd occupations.

Occupation Group Occupation Group Title 0cc1990dd list
beauty Personal appearance occupations 0cc1990dd>457 & 0cc1990dd <458
child Child care workers 0cc1990dd=468
clean Housekeeping, cleaning, laundry 0cc1990dd>405 & 0cc1990dd<408
cleric Administrative support occupations 0cc1990dd>303 & 0cc1990dd<389
constr Construction trades 0cc1990dd>558 & o0ce1990dd<599
exec Executive, administrative and managerial occupations 0cc1990dd>3 & 0cc1990dd <22
finsales Financial sales and related occupations 0cc1990dd>243 & 0cec1990dd <258
food Food preparation and service occupations 00c1990dd>433 & 0cc1990dd<444
guard Supervisors of guards; guards 0cc1990dd=415 or o0ccl1990dd>425 &
0cc1990dd <427
janitor Building and grounds cleaning and maintenance occupations 0cc1990dd>448 & 0cc1990dd<455
mechanic Mechanics and repairers 0cc1990dd>503 & 0ce1990dd <549
mgmtrel Management related occupations 0cc1990dd>23 & 0cc1990dd<37
mining Extractive occupations 0cc1990dd>614 & 0cc1990dd<617
operator Machine operators, assemblers; and inspectors 0cc1990dd>703 & 0cc1990dd<799
othpers Miscellaneous personal care and service occupations 0cc1990dd>469 & 0cc1990dd<472
product Precision production occupations 0cc1990dd>628 & 0cc1990dd<699
prof Professional specialty occupations 0cc1990dd>43 & 0ce1990dd <200
protect All protective service 0cc1990dd>415 & 0cc1990dd <427
recreation Recreation and hospitality occupations 0cc1990dd>459 & 0cc1990dd<467
retsales Retail sales occupations 0cc1990dd>274 & 0ce1990dd <283
shealth Health service occupations (dental ass., health/nursing aides) 0cc1990dd>445 & occ1990dd <447
tech Technicians and related support occupations 0cc1990dd>203 & 0cc1990dd<235
transp Transportation and material moving occupations 0¢c1990dd>803 & 0cc1990dd <889
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Table TA. A.14
Target employment changes around M&As and occupational characteristics

This table presents correlations between the changes in the employment percentile ranks post M&As
and occupational characteristics, including routine task intensity (RTI), share of union members
(Union Share), managerial occupations (Ezecutive, Admin, and Managerial Occs), and scalable task
intensity (Scalability). RTT (Scalability) captures the degree to which the tasks performed by a given
occupation (0cc1990dd) are routine intensive (scalable). RTT is defined following Autor and Dorn (2013).
Union Share is the percentage of union membership in a given occupation based on the 2000 Current
Population Survey (CPS). Ezecutive, Admin, and Managerial include occupations (0cc1990dd 3-22 de-
fined by Dorn (2009) and Autor and Dorn (2013)) that manage other people’s work. Scalability is
defined as the intensity of the cosine similarity between the 2000 O*NET job task descriptions of a given
occupation and the predefined templates of scalable tasks, which are developed through a natural lan-
guage processing (NLP) method and suggest the potential for centralization, automation and reaching
economies of scale. Internet Appendix B2 describes the construction of scalability. All specifications
control for occupational offshorability, but estimates are not reported for brevity. Bootstrap standard
errors are reported in parentheses. Significance levels are indicated by *, ** and *** and correspond to
10%, 5%, and 1% significance levels, respectively.

@) ) 3) @ (5)

Employment Employment Employment Employment Employment
Percentile Percentile Percentile Percentile Percentile
RTI -0.0372%* -0.0372%*
(0.0178) (0.0187)
Union Share 0.0207 -0.0344
(0.108) (0.113)
Executive, Admin, and Managerial Occs 0.0164 -0.0325
(0.138) (0.147)
Scalability 0.335 0.268
(0.282) (0.268)
Observations 320 306 320 320 306
R? 0.028 0.011 0.021 0.019 0.033
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Internet Appendix B. Data

B1. Mapping MEA deals from SDC to OEWS

The OEWS program is a federal-state cooperative program between the Bureau of
Labor Statistics (BLS) and State Workforce Agencies (SWAs). The program surveys
nonfarm establishments in the U.S. semiannually.! Each establishment is surveyed at
most once every three years and has a 9-digit unique and time-invariant identifier (UDB-
Num) that allows researchers to track the establishment’s employment and wages over
time. For each establishment, the OEWS program also reports its parent firm’s 9-digit
Federal Employer Identification Number (EIN) and legal name (L_Name), which may
change over time. SDC includes information on 6-digit CUSIP codes and company names
of targets and acquirers involved in M&A deals.

To match M&A deals to OEWS, we take the following steps. First, we get firms’ EINs
from Compustat and match them to acquirer and target companies in SDC using CUSIP
codes. For companies that get more than one match, we manually check each match and
keep only those corresponding to company names.

Second, we link M&A deals to the establishments in OEWS using target EINs. By
taking this step, approximately 15% of the M&A deals are matched to OEWS. The
matching rate is low for two reasons: 1) most target firms are not publicly listed and
cannot be matched with Compustat-provided EINs, and 2) multiunit firms may have
multiple EINs, but only one EIN is reported in OEWS or Compustat. The inconsistency
in EINs reported in different databases reduces the match rate.?

To improve the matching between the SDC and OEWS data and to match private
targets, we use a name matching procedure for M&A deals that cannot be matched by
target EINs. We start with standardizing firm names provided in the SDC and OEWS
(e.g., lowering cases and stripping out common endings and special characters, such as

“Inc,” “.com,” “L.P.,” and “@”). We run a fuzzy matching algorithm (reclink2) developed

1 See more details at https://www.bls.gov/oes/oes_emp.htm.
2 See more details about linking firms with establishments in BLS microdata in Handwerker and
Mason (2018).
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by Wasi and Flaaen (2015) on the standardized firm names to identify possible matching
candidates. We review candidates with a matching score above 90% and manually pick
the matches.

Finally, we keep matches only if we observe the target establishment strictly in OEWS
before and after the M&A deal is completed and if we are able to observe a suitable control
establishment. In the end, we identify a total of 1,159 horizontal M&A deals in the OEWS

survey covering 2,946 establishments from 2001 through 2017.
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B2. Construction of scalable task intensity scores for occupations

We construct scalable task intensity scores (Scalability) based on occupational task
descriptions by using Natural Language Processing (NLP) techniques to compare task
descriptions to predefined keyword templates.

Step 1: Data Preprocessing: We begin with occupational task descriptions for occu-
pations classified by the 2000 SOC from the U.S. Department of Labor’s Occupational
Information Network database (O*NET'), which provides detailed information about job
roles.® To ensure consistency, we clean and standardize the text by converting all text to
lowercase, removing non-word characters (e.g., symbols and punctuation), concatenating
job titles and task descriptions into a single clean description.

Step 2: Defining Scalable and Non-Scalable Templates: We manually define two
sets of keyword templates based on theoretical distinctions. Scalable tasks are those that
benefit from economies of scale, automation, and centralization (e.g., “standardizes”,

4 Non-scalable tasks require manual labor, physi-

“analyzes data”, and “streamlines”).
cal presence, or customization (e.g., “manual labor”, “face-to-face service”, “cook, and
repair”).> These templates act as reference points for classification.

Step 3: Computing Task Similarity Scores: We use a sentence-transformer model

to convert both the task descriptions and the predefined templates into vector embed-

dings—numerical representations capturing semantic meaning as Reimers and Gurevych

3 The O*NET-SOC 2000 occupation descriptions are provided by the U.S. Department of Labor, Em-
ployment and Training Administration (USDOL/ETA) and can be found at https://www.onetcenter.
org/taxonomy/2000/1ist.html

4Scalable template includes “standardizes”, “analyzes data”, “performs centralized processing”, “co-
ordinates”, “streamlines”, “inventory management”, “centralized I'T support”, “standardized reporting”,
“financial records”, “manage operations”, “develop programs”, “negotiate”, and “design”.

5Non-Scalable template includes “face-to-face customer service”, “register guests”, “assign rooms”,
“issue room keys”, “make reservations”, “confirm reservations”, “handle payments”’, “transmit mes-
sages”, “receive messages’, “assist patrons”, “interact with customers”, “payroll processing”, “data
entry”, “maintains local relationships”, “provides direct assistance”, “requires on-site engagement”,
“manual labor”, “on-site tasks”, “prepare items for shipping”, “stock shelves”, “repair equipment”,
“cook”, “serve food”, “clean dishes”, “janitorial services”, “operate cash register”, “process credit card
transactions”, “receive orders”, “sell merchandise”, “sell goods”, “hotel desk clerk”, “assigning rooms”,
“registering guests”, “make reservations”, “confirm reservations”, “attach price to merchandise”, “laun-
dry”, “dry-cleaning”, “press articles”, “sew garments”, “tailor garments”, “iron clothes”, “interview”,
“cleaning”, “wash”, “cleaning agents”, “timekeeping”, “compile”, “payroll data”, “compute post wages”,
“deductions”, “prepare paychecks”, “compile records”, “accounting”, “payroll and timekeeping clerks”,
“low-level clerical jobs”, “prepare paychecks”, “compute employees time worked”, “compute employees
time commission”, “compute employees production”, and “compute employees deduction”.
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(2019). Using cosine similarity, we compute the scalable (non-scalable) similarity score
which measures how closely the task descriptions match the scalable (non-scalable) tem-
plate.

Step 4: Aggregation to Occupation Level: As each 0cc1990dd occupation is mapped
to at least one SOC code, we aggregate SOC codes to 0cc1990dd codes.®

Step 5: Normalization to Adjust for Task Length Bias: Longer task descriptions
tend to have higher similarity scores simply because they contain more words. To correct
this, we normalize the scalable (non-scalable) similarity score of each 0cc1990dd occupa-
tion by the sum of its scalable and non-scalable similarity scores. The normalized scalable
(non-scalable) similarity score is named the scalable (non-scalable) task intensity score.
Each occupation’s scalable and non-scalable task intensity scores sum to 1, allowing fair
comparisons across occupations. In our sample, the scalable task intensity score has a
mean of 0.52 and a standard deviation of 0.11.

Step 6: Define Highly Scalable Occupations: Among 320 0cc1990dd occupations
in our OEWS sample, we define an occupation as highly scalable if it is in the top
employment-weighted quartile of scalable task intensity score within the 2000 American
Community Survey (ACS).” In Table TA. B.1, we present a list of highly scalable occu-
pations. For example, Management Analysts on the list conduct organizational studies
and evaluations, design systems and procedures, conduct work simplifications and mea-
surement studies, and prepare operations and procedures manuals to assist management
in operating more efficiently and effectively. These tasks are classified as scalable since
efforts, such as organizational studies, can apply to operations at both the target and
the acquirer. Likewise, Accountants and Auditors determine tax liability or collect taxes
from business firms according to prescribed laws and regulations, examine, analyze, and
interpret accounting records for the purpose of giving advice or preparing statements,
install or advise on systems of recording costs or other financial and budgetary data, ana-

lyze financial information and prepare financial reports to determine or maintain a record

6 The crosswalks between SOC codes and 0cc1990dd are available at David Dorn’s website, https:
//www.ddorn.net/data.htm
" The ACS is available at https://usa.ipums.org/usa/
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of assets, liabilities, profit and loss, tax liability, or other financial activities within an
organization, and examine and analyze accounting records to determine the financial sta-
tus of the establishment and prepare financial reports concerning operating procedures.

Both the target and acquirer can use these tasks, which are also highly scalable.
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Table IA. B.1

Examples of highly scalable occupations

This table presents examples of occupations (0cc1990dd) that perform tasks that are highly scalable. An
occupation’s scalable task intensity score (Scalability) is defined as the intensity of the cosine similarity
between the 2000 O*NET job task descriptions of a given occupation and the predefined templates of
scalable tasks, which are developed through a natural language processing (NLP) method and indicate
the potential for centralization, automation and reaching economies of scale.

Occupation Codes Occupation Title Scalability
229 Computer software developers 0.737
26 Management analysts 0.679
55 Electrical engineers 0.672
64 Computer systems analysts and computer scientists 0.663
699 Other plant and system operators 0.652
25 Other financial specialists 0.628
178 Lawyers and judges 0.617
56 Industrial engineers 0.614
59 Engineers and other professionals, n.e.c. 0.593
37 Management support occupations 0.589
13 Managers and specialists in marketing, advert., PR 0.583
206 Radiologic technologists and technicians 0.580

7 Financial managers 0.576
22 Managers and administrators, n.e.c. 0.576
23 Accountants and auditors 0.574
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