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Employment growth following takeovers

Karen Geurts∗
and

Johannes Van Biesebroeck∗∗

We construct a comprehensive sample of takeovers in Belgium that shows they are remarkably
common. Takeovers involve both small and large firms and, over a five-year period, 17% of private
sector employment. We estimate their impact on employment growth using a framework that
explicitly takes into account that takeovers involve pairs of firms and that post-merger outcomes
are heterogeneous. The average merger temporarily reduces employment of the combined entity
by −1.4%. Mergers likely to be motivated by market power show a stronger and permanent
employment reduction of −14%, whereas those motivated by efficiency gains lead to employment
expansions of +10%.

1. Introduction

� When employment effects of mergers or takeovers are mentioned in the media, the news is
almost invariably negative. Benefits for merging firms are expected to come from rationalizing
their operations, avoiding the duplication of fixed costs, and tackling inefficiencies. This will
boost their bottom line, but at the expense of their workers. When the authorities investigate a
proposed merger because they fear the exercise of market power, higher prices, and lower output,
this is implicitly expected to reduce employment further.

Existing research shows a range of estimates for the employment effects of mergers, but no
consensus has emerged. Studies that find a negative effect outnumber those that find a positive
effect, but all come with caveats. For example, in the context of foreign takeovers, Girma and Görg
(2004) find a reduction in employment growth for targets in the United Kingdom (UK) electronics
sector, but not in the food sector; Lehto and Böckerman (2008) find a similar reduction for Finnish
manufacturing plants, but not in the service sector. In contrast, Bandick and Görg (2010) find
evidence of employment expansion in Swedish targets, but only for exporters in vertical takeovers;
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McGuckin and Nguyen (2001) find more general positive effects in US manufacturing, except
for the largest plants.

At the same time, the literature has long noted the potential for efficiency gains from
mergers. Acquirers often argue that reduced variable costs can offset market power and lead to
lower prices, which in turn can raise optimal output and employment. This can work through
several channels, for example, sharing of assets (Maksimovic and Phillips, 2001), transferring
superior (intangible) assets of an acquirer, such as managerial expertise (Hortaçsu and Syverson,
2007; Bloom, Sadun, and Van Reenen, 2012), or combining complementary assets (Gans and
Stern, 2003). Working with detailed historical data for the Japanese cotton spinning industry,
Braguinsky et al. (2015) document large physical productivity effects of mergers and an even
larger boost to firm profitability. Blonigen and Pierce (2016) find robust support for higher
markups and a positive effect on revenue-based total factor productivity (TFP) for acquired
establishments across the entire US manufacturing sector, but no effect on output-based TFP, a
proxy for efficiency. However, none of these studies have looked at employment effects.

One possible reason why estimated employment effects are ambiguous is that most studies
only consider the effects on acquired firms, whereas effects on acquirers could go in the other
direction. Margolis (2006) finds, for example, that employees of acquired firms are more likely to
leave than those of the acquiring firm in the years immediately following a merger. Stiebale and
Trax (2011) find positive effects on output and productivity in the acquirer’s home market after
cross-border mergers and acquisitions (M&A), but no significant effect on employment, that is,
no downsizing. The few studies that look at the evolution of total employment for the merged
entities are again inconclusive. Brown and Medoff (1988) find employment expansion following
a merger, at least when the firms integrate their workforces. Conyon et al. (2002) find sharply
reduced demand for labor, even after controlling for output changes. Also, Gugler and Yurtoglu
(2004) find negative employment effects for European, but not for US firms.

To estimate a well-defined employment effect of mergers, we need to answer the following
three questions: (i) How can we identify a merger? (ii) What is a proper counterfactual for a newly
created firm? (iii) Why did the firms merge? Answering these questions forces us to deal with
important measurement challenges that help explain the wide range of estimates in the literature.
We make a contribution on each dimension.

Our first contribution is to identify the universe of mergers between two domestic firms
in Belgium between 2005 and 2012, by following workers as they move between different firm
identifiers. One reason for conflicting results in the literature are differences in the samples of
mergers. Some studies only look at a relatively small number of mergers by large, listed firms
(e.g., Gugler and Yurtoglu, 2004), whereas others use innovative methods or unique data to obtain
a record of all mergers in a target population (e.g., Brown and Medoff, 1988). Our objective is
to identify the universe of firm-level reorganizations that are an integral part of firms’ growth
process. We complement filings at the Commercial Court with instances where we observe in the
Belgian social security records that workforces of two firms are combined or that a substantial
fraction of the workforce moves from one firm to another.1 We do not include strategic mergers
that are often motivated by diversification or market power, where the original firms continue to
operate independently. Instead, we focus on the process of firm integration and the impact of such
restructurings on firm growth.

In the process of constructing a control sample of potential mergers, we document new
insights about which firms merge and we show that takeover activity is a more dynamic and more
widespread phenomenon than often portrayed, involving both small and large firms. Note that
the distinction between mergers and takeovers or acquisitions is essentially a legal one without a
clear-cut difference in an economic sense. Similar to previous work, we do not discern between
them and use the terms interchangeably. In our comprehensive sample of takeovers in the Belgian
domestic market, we count 2601 mergers over a seven-year period, involving 6000 firms as

1 This analysis is based on the universe of employer-employee records for the private sector in Belgium.
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acquirer or target. In an average five-year period, 17% of private sector employees work for a firm
involved in a takeover. If these events systematically increased or reduced firms’ labor demand,
it would imply a huge impact on the labor market.

A second difference with most previous studies is to focus on total year-on-year employment
growth for the two merged firms combined, rather than follow the employment evolution of
acquired firms only. This accounts for reallocations of jobs between targets and acquirers and the
fact that one of the original entities often ceases to exist when firms are combined. To deal with
endogeneity, we only look at changes in outcomes, combining a difference-in-differences setup
with matching on observables to construct an appropriate control group (Imbens and Wooldridge,
2009).2 Given that mergers are formed by pairs of firms with different characteristics, we do
not use an individual firm as control, but construct a control group from simulated pairs of
nonmerging firms that match pre-merger characteristics of both the target and the acquirer. This
“dyadic” approach has been used in the strategic alliance literature, where alliance formation is
considered to be determined by both partners’ preferences and characteristics (Chung, Singh, and
Lee, 2000). It specifically allows for the characteristics of both the target and the acquirer and
even the combination of characteristics to affect both the decision to engage in a takeover as well
as the post-merger growth pattern.

The third and most important difference with the existing literature is to allow observationally
distinct types of mergers, that is, involving firms with unique combinations of characteristics and
possibly initiated for unique reasons, to have different employment effects. We already mentioned
that increased market power and the elimination of duplicated fixed costs are likely to reduce
employment. More efficient use of existing workers, for example, by renegotiating existing labor
contracts (Shleifer and Summers, 1988) or raising capacity utilization through scale economies
(Kalnins, Froeb, and Tschantz, 2017) are other motivations for mergers that will have similar
effects. Potential efficiency gains from mergers, as mentioned above, provide an opposite force:
they increase labor productivity, lower variable costs, and raise optimal output and employment.
Merely including control variables in a regression that estimates the employment effect of a
representative merger will not capture this richness.

We construct a control group of simulated firm pairs in two steps, in order not to be
constrained to estimate a single effect across all mergers. In a first step, we match merging firms
and control firm pairs exactly on a set of discrete characteristics that create cells with unique
combinations of values for all variables. In a second step, we use the propensity score estimated
within each of these cells to select nearest neighbors or construct weights for the performance
regression. As a result, we can estimate separate effects for each cell or, more practically, for a
group of cells that correspond to a specific merger “type”. Because the selection-on-observables
is performed independently by cell, it allows flexibly for different selection equations for different
types. We draw on the theoretical literature to select a few observable characteristics of acquirers
and targets that define two types of mergers. One type is expected to raise market power and
reduce employment, whereas a second type of efficiency-enhancing mergers is expected to raise
employment. This differs from Blonigen and Pierce (2016), who estimate the effect of mergers
on different dependent variables, such as productivity or the markup, but impose a uniform effect
for all mergers in their sample. In contrast, we focus on employment as key performance variable,
but allow for different effects for different subsets of mergers.3

Beyond these methodological innovations, our results show a number of interesting economic
findings. First, mergers that lead to workforce integration are a lot more common than one
might expect, affecting on average 0.74% of firms and 4.3% of workers each year. Second, the
average merger reduces employment by 1.4%, compared to the employment evolution of an

2 Even though endogeneity of mergers is clearly important, it is sometimes ignored because it has proven virtually
impossible to find a good instrument. Any variable correlated with a firm’s decision to engage in a merger is likely to be
correlated with post-merger performance.

3 In Table 10, we also report takeover effects on value added and labor productivity. The effects for the two subsets
of mergers are in line with expectations, but they are estimated too imprecisely to carry a lot of weight.

C© The RAND Corporation 2019.



GEURTS AND VAN BIESEBROECK / 919

TABLE 1 Expected Employment Effects of Takeovers with Different Motivations

Reason for Merger or Takeover Employment Effect Example

1. Market power motivated
–Increase market power �L < 0 Especially for horizontal mergers (Farrell and Shapiro,

1990)
–Avoid double marginalization �L > 0 For vertical mergers (Salinger, 1988)

2. Cost reductions
–Realize scale economies �L ≷ 0 <0: No duplication of fixed costs (Pesendorfer, 2003;

Atalay, Hortaçsu, and Syverson, 2014)
>0: Technological increasing returns to scale with high

demand elasticity (Grieco, Pinske, and Slade, 2018)
–Improve productivity �L > 0a Complementary assets (Gans and Stern, 2003; Arnold

and Javorcik, 2009)

3. Other (not short-run π–max) �L ≷ 0 Spending free cash flow (Jensen, 1988)

Notes: aThe reverse effect is unlikely, but not impossible, for example, if better management and control specifically
targets excess employment (Shleifer and Summers, 1988).

observationally equivalent pair of nonmerging firms, but this employment loss dissipates quickly.
The point estimates turn positive two years after the merger and become larger in subsequent years,
but are not statistically different from zero. Third, we find evidence of substantial heterogeneity.
Partitioning all mergers in 76 exhaustive groups, we estimate two-year employment effects
that range from −25% to +25%. Fourth, the employment effects of the two distinct types of
mergers that we consider go in the expected direction. Four years after a merger, employment has
contracted by −6.0% for mergers likely to be motivated by market power, and even by −13.8% in
concentrated industries. For the remaining mergers, which are more than 80 % of the total, average
employment change is positive, at +3.5%. We find even larger positive effects, from 6.2% to 9.8%,
for three specific subsets of mergers that are most likely to be motivated by efficiency gains.

The remainder of this article is organized as follows. In Section 2, we summarize different
reasons for mergers or acquisitions and discuss their likely employment effects. In Section 3,
we outline the estimation framework, and in Section 4, we introduce the data. In Section 5, we
describe how we identify mergers and construct an appropriate control group, and we document
the characteristics of merging firms. In Section 6, we show employment effects of mergers, first
the average effect, and then by type of merger. Section 7 concludes.

2. Reasons for mergers and acquisitions

� The literature has considered a range of motivations why firms engage in mergers or acqui-
sitions. We can classify them in three broad categories: market power-related reasons, lowering
costs, and other motivations not directly related to short-run profit maximization. We discuss
the different reasons in some detail, focusing specifically on the likely effects on employment.
Table 1 shows the predicted employment effect for a few important examples of each type.

In the industrial organization literature, market power has received the most attention as a
motivation for mergers and the expected employment effects are straightforward. If a horizontal
merger reduces the number of competitors in a market, firms will have stronger incentives to
withhold output and move higher up the industry’s demand curve (Farrell and Shapiro, 1990). As
quantity is reduced, fewer inputs, including workers, are needed and this effect is likely to fall
primarily on the merging firms. Moreover, a merger might facilitate collusion with competitors,
lowering output and employment further (Miller and Weinberg, 2017). Vertical mergers can have
similar effects if firms use them to raise entry barriers downstream or foreclose downstream
competitors (Salinger, 1988). Even conglomerate mergers in unrelated markets can raise market
power and lower output, for example, because multimarket contact makes punishment strategies
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more effective and facilitates collusion (Bernheim and Whinston, 1990) or firms can derive
market power from offering consumers the benefit of one-stop shopping.

Mergers can increase market power, but a vertical merger is one way to avoid double
marginalization and ameliorate one negative effect of market power (Salinger, 1988). The market
power of an upstream firm inflates the effective marginal cost that a downstream firm considers
in its own price setting. This is suboptimal from the perspective of joint profit maximization
and combining the two firms will internalize this externality. Output and employment will rise
when this issue is resolved. Undoubtedly, this is an important issue in some cases, but we do not
investigate it further, as it only affects very specific firm pairs and such situations are hard to
identify generically.

Farrell and Shapiro (1990) highlight that a necessary condition for a merger not to decrease
consumer surplus is that the marginal cost of the combined firm is strictly below the minimum
marginal cost of the different firms that enter into a merger or takeover. For mergers to be welfare
increasing, they need to have synergies or cost savings. Röller, Stennek, and Verboven (2001)
discuss the potential for different types of efficiency gains. We distinguish between two forces
behind cost reductions which are likely to lead to opposite employment effects.

On the one hand, mergers necessarily increase firm size, and this can generate scale efficien-
cies that lower marginal costs. The impact on employment depends on the effect on optimal output
and on which production factor is affected most, but in most cases, labor demand will be reduced.
Most prominently, merged firms can avoid duplicating fixed costs, for example, in headquarter
services (Lichtenberg and Siegel, 1990) or in their sales and distribution network (Pesendorfer,
2003). Firms might also be able to raise their capacity utilization simply from operating at a larger
scale if they face stochastic but independent demand, as shown for the hotel industry in Kalnins,
Froeb, and Tschantz. (2017).

Scale economies are not guaranteed to reduce employment. Some industries benefit from
natural scale economies in their production technology, for example, in the brewing industry
(Grieco, Pinske, and Slade, 2018). If marginal costs fall with scale, the merged firm will increase
its optimal output. Depending on the elasticity of market demand revenues will rise or fall, but
output will unambiguously increase. If these scale economies have only a second-order effect on
the input-mix used in production, employment will increase as well.

Another form of scale economies, namely, reduced factor prices due to greater bargaining
power, illustrates the ambiguous employment effects. Lower prices for intermediate inputs (Horn
and Wolinsky, 1988) or improved access to credit (Mueller, 1969) will reduce marginal costs,
raise output, and boost labor demand. However, input substitution away from labor works in the
opposite direction, leading to an ambiguous net impact on employment. The situation is similar
in the paper and pulp industry that Pesendorfer (2003) studies. Following a merger, the larger firm
finds it optimal to invest in more specialized machinery which lowers marginal costs. Opposing
output and substitution effects makes the net impact on employment ambiguous. However, if a
larger firm is able to negotiate lower wages due to stronger bargaining power versus a firm- or
plant-specific union, as in Lommerud, Straume, and Sørgard (2005), the output and substitution
effect both work in labor’s favor.4

On the other hand, a merged firm can realize efficiency gains that lower marginal costs
but have limited impact on the input-mix. For example, merging firms can pool assets, such as
knowledge, patents, or skills, and benefit by using them more intensively. McGuckin and Nguyen
(1995) and Maksimovic and Phillips (2001) suggest this as an explanation for the positive effects
of mergers on total factor productivity that they find. Firms can also possess complementary assets
that are more productive when used together. Gans and Stern (2003) argue that assets conducive
to generate new ideas are not necessarily the same assets that are needed for commercialization.
Technology entrepreneurs thrive when the market for ideas works well. There is a large literature
in international business that studies multinationals transferring some assets to a local subsidiary

4 Monopsony power on the labor market would have a similar effect.
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to raise its productivity and raising optimal output. Arnold and Javorcik (2009) show strong
evidence consistent with this channel.

Management skills are one particular type of intangible assets that can be transferred after a
merger. The work of Bloom, Sadun, and Van Reenen (2012) not only shows large differences in
the average level of managerial quality in different countries, their results also indicate that firms
are able to transplant their superior management quality to their foreign subsidiaries. Overall
productivity, and the productivity of IT capital in particular, increases after UK establishments
are acquired by US firms. The impact on employmOn the other hand, a merged firm can realize
efficiency gains that lower marginal costs but have limited impact on ent from stronger manage-
ment and control naturally depends on which production factor is affected most. Shleifer and
Summers (1988) emphasize the greater willingness of new owners to break explicit or implicit
labor contracts and trim excess workers. Hortaçsu and Syverson (2007) for ready-mix concrete,
and Atalay, Hortaçsu, and Syverson (2014) for the manufacturing sector more broadly, find that
total employment and hours worked fall after firms integrate vertically, but this reduction is con-
centrated on nonproduction workers. Output per hour increased in both studies. Braguinsky et al.
(2015) show that a change in ownership can have a large effect on TFP, which they link to lower
inventories and higher capacity utilization. They do not report employment effects, but indicate
that over the time period studied, average employment per plant increased five-fold.

Finally, a large literature in corporate finance has evaluated the wave of conglomerate mergers
that peaked in the 1980s. Merger waves can be understood as high stock market valuations making
it cheaper to engage in equity-financed acquisitions. The underlying motivation for a merger does
not necessarily change, but lower expected net benefits are needed for firms to act on a merger
opportunity. However, several studies interpret the negative outcome found for the average merger
as suggestive that mergers are often motivated by empire building and managers’ preference to
spend free cash flow rather than return it to shareholders (Jensen, 1988; Jarrell, Brickley, and
Netter, 1988). Given that no clear theory exists of post-merger adjustment, it is impossible to
predict employment effects in these situations.

3. Estimation framework

� To evaluate the impact of takeovers on post-merger employment, we make three important
modelling choices. First, we use as dependent variable the sum of employment of the two merging
firms rather than looking only at target firms or acquirers. Second, as counterfactual, we use the
evolution of employment for simulated firm pairs with characteristics similar to the merging
firms rather than comparing with a single firm. Third, we identify observationally similar controls
in two steps: first, we pre-match exactly on discrete covariates of both the target and acquirer;
in a second step, we find matched controls (or construct weights) using a propensity score that
is estimated separately within each cell defined by the discrete covariates. We describe these
modelling choices in greater detail and highlight their advantages.

� Dependent variable: total employment. Most previous studies restrict their analysis only
to post-merger outcomes for the target plants or firms. That is a natural choice if one is interested
in studying the effects of acquisitions of domestic plants by foreign multinationals, but it is
ill-suited to study the role that domestic takeovers or mergers play in the firm growth process.
Takeovers may very well affect employment of the acquiring firm too, as it is common for jobs
or even entire departments to be reorganized or reallocated across the merged entities (Furlan,
2015). Looking only at jobs lost or gained in the target firm may under estimate or overestimate
the overall employment impact.

A straightforward solution, used by Brown and Medoff (1988) and Conyon et al. (2002), is
to estimate the employment impact at the level of the combined entity, that is, on the combined
employment of the target and acquiring firms. Gugler and Yurtoglu (2004) follow the same
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approach and further take into account that firms often undertake multiple mergers or divestitures.
Using combined employment raises two potential problems.

In each of these three studies, the comparison group in the performance regression consists
of all nonmerging firms.5 However, if control observations have the same size as the combined
entity, it must be the case that the two firms participating in a merger are smaller initially. This
is a problem if employment growth depends on firm size. The control variables for lagged (pre-
merger) firm size cannot appropriately control for both the expected growth rate of the control
firms that are not reorganized, as well as for the growth rate of the merging firms, which were
operating independently prior to the merger but now form a larger, integrated firm.

More generally, all three studies include control variables in the performance regression
to hold constant differences between the characteristics of the merging and control firms. This
approach disregards that takeovers are formed by two firms with different characteristics, and
these differences might be important for the subsequent performance of the merged firm. Specific
combinations of target and acquirer characteristics may reflect different motivations for merging.
For example, a large pharmaceutical company taking over a small, high-growth IT firm, is likely
to have a different motivation and different post-merger strategy than two direct competitors
joining in a horizontal merger.

� Control group: simulated pairs of comparable firms. To estimate the impact of a merger,
we need a valid control group to construct the counterfactual employment evolution. We consider
explicitly that takeovers themselves consist of two firms and we simulate, as comparison group,
pairs of firms that did not integrate. This so-called “dyadic” approach has been used in the strategic
alliance literature, which evaluates the performance of research joint ventures (Chung, Singh, and
Lee 2000; Mindruta, Moeen, and Agarwal, 2015). As a relationship between two independent
organizations that choose to combine forces to leverage the strengths and capabilities of both
partners, an alliance resembles a merger. Alliance formation is modelled as a function of the
characteristics of both partners.

In line with this approach, we use simulated pairs of nonmerging firms that share pre-
merger features with the target and the acquirer firms as control group. This approach has three
advantages compared to previous evaluations. First, pairs of nonmerging firms provide a more
appropriate estimate of the counterfactual employment growth in the absence of a merger than
the experience of a single firm. Second, it allows us to model the probability of a merger as a
function of characteristics of both target and acquirer firms and interactions between both firms’
characteristics, for example, their relative size or distinguishing horizontal and vertical mergers.
Existing studies based on a matching estimator select control firms with a similar predicted
probability of becoming a target or becoming an acquirer, but only consider the firm’s own
characteristics. Third, given that we construct a counterfactual employment evolution for each
merger, we are not restricted to study only the impact of a representative merger. We can allow
different “types” of mergers, defined using a combination of target and acquirer characteristics,
to have differential employment effects.

The control firm pairs of nonmerging firms are selected from among all possible combina-
tions of two firms, where one satisfies the preconditions of an acquirer and the other those of a
target.6 A large subset of firms in our data set have characteristics that are virtually never observed
for merging firms, that is, very small and very young firms are rarely involved in a takeover. We
therefore restrict the sample of actual and potential acquirers to firms with at least 10 employees
that operated for at least four years before a takeover (year t), and we restrict the sample of targets
to firms with at least two employees that existed for at least one year before the takeover. These
prior restrictions on the sample can be considered as preselection on a few observables.

5 Conyon et al. (2002) uses a random sample stratified by industry.
6 We impose that both firms in the pair cannot be the same firm and that they cannot be part of a merger themselves.
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To learn which characteristics are important determinants of the likelihood of engaging in
a merger, we first estimate two selection equations. They provide interesting information in their
own right regarding the prevalence and type of mergers that we observe in our sample. Because
these determinants may differ for acquirers and targets, we estimate the selection equations
separately for both types of firms. For each of the two options, x = {acquirer, target}, the
following treatment model is estimated:

M x
it = X ′

it−p γ f + X ′
kt−p γI + γs + γt + εit. (1)

The dummy variable M x
it takes a value of one if firm i is an acquirer (target) between period

t–1 and t. Xit−p is a set of firm-level variables at a time before the takeover (p ≥ 1), Xkt−p is a set
of industry characteristics (firm i ∈ industry k), and γs and γt are broad sector and year dummies.
We assume the extreme value distribution for the error term and estimate equation (1) using a
logit model.

� Two-step matching on discrete and continuous covariates. The three studies mentioned
earlier that evaluate the evolution of total employment for the merged entity largely ignore
the endogeneity of mergers. They only include a number of control variables in the performance
regression, for example, Gugler and Yurtoglu (2004) specifically include the Research and Devel-
opment (R&D) to sales ratio to capture potential dependency of merger activity on technological
change. We rely more explicitly on the selection-on-observables assumption to select a group of
appropriate counterfactuals from the full set of nonmerging firm pairs. If employment growth
for merging firms in the absence of the merger would have been similar to that of control firms
once we condition on a set of covariates, our treatment effects estimator measures the causal
employment impact of a merger (Imbens, 2004; Imbens and Wooldridge, 2009).

Naturally, this is a big assumption and its plausibility depends on the richness of covariates
we use as controls.7 The matching variables are chosen to capture the diversity of motivations
for mergers. They include the industry of the acquirer and the target, as different types of
mergers might involve different industry-pairs, as well as the year of the merger. Other controls
to predict both selection into takeovers as well as future employment growth are employment
size, pre-merger growth, labor productivity, capital intensity, firm age, and an indicator for
multifirm corporations. All variables are observed separately for targets and acquirers. As we
use employment growth as dependent variable, we implicitly condition on a firm-fixed effect.
Any difference between merging and control firms that is constant over time is automatically
controlled for.

Much of the literature conditions on observables by matching treated and control obser-
vations using the propensity score as an aggregator of all relevant covariates, see Lehto and
Böckerman (2008) and Bandick and Görg (2010). Our procedure consists of two steps. First,
we condition exactly on a number of discrete pre-merger characteristics of the acquirer and the
target; then we estimate the propensity score separately within each cell defined by these discrete
covariates. Pre-matching fully flexibly on discrete variables allows combinations of characteris-
tics of targets and acquirers to play a role in selection and subsequent performance. It is even less
restrictive than including all possible interactions of the discrete variables in a single propensity
score estimation, as in Imbens (2004).8

7 Even without the assumption that treatment is conditionally exogenous, our estimates still have a clear interpre-
tation, but not a causal one. By constructing a benchmark of nonmerging firms that are observationally equivalent to the
merging firms, the estimates capture the performance difference explained jointly by the unobservable that leads to the
merger and the subsequent effect of the merger itself.

8 Including covariates in the performance regression only controls for differences in mean outcomes between treated
and controls along each dimension separately. Similarly, a single propensity score estimation would impose that each
continuous variable affects the probability of treatment the same way for all combinations of discrete characteristics that
implicitly define different types of mergers.
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The first step partitions the sample of takeovers as well as the universe of potential control
firm pairs into mutually exclusive cells which are defined by the interactions of all possible
values for the following nine discrete covariates: the year, the acquiring firm’s employment size
quartile (within its industry-year), the target firm’s employment size relative to the acquirer
(above or below the median) and, for both firms, the industry (at the 2-digit level), a dummy
for affiliation with a company group, and the quartile of pre-merger employment growth. The
unique combinations of all possible values define 1,008,000 cells that each represent a possibly
unique type of merger with potentially different future employment growth. Differences in discrete
characteristics between treated and control firm pairs, for example, the acquirer’s quartile in the
employment growth distribution, are eliminated entirely in the first step. Remaining differences
in continuous variables, for example, the acquirer’s exact employment growth rate, are eliminated
in the second step by propensity score matching (or by constructing a weighted average) within
each cell. We show evidence that our final sample is balanced on all observables.9

Of course, we only need to consider cells that contain at least one merger or takeover. The
2411 mergers in our sample for which the acquirers and targets satisfy our earlier selection criteria
are spread over 2086 separate cells; for only one merger, we find no controls.10 Exact matching in
the first step is feasible because we observe a very large number of potential counterfactuals even
within these narrowly defined cells. To keep the number of counterfactual pairs to a manageable
size, we keep at most 150 potential control firms that match the target characteristics in each
cell.11 After the first step, each cell contains between one and eight takeovers (on average 1.4)
and between 27 and 119,000 control firm pairs (on average 7658).

In the second step, we estimate a selection model separately for each cell and calculate the
propensity score for each firm pair. As control variables, we include the continuous variables for
acquirer and target employment size and growth, as only the quartiles are matched exactly in
the first step, as well as labor productivity, capital intensity, and firm age. Given that we do not
observe value added or the capital stock for some firms, we include dummy variables that take a
value of one if the variable is missing and put the variable’s value to zero in that case. That way,
we do not need to drop observations with missing values for some variables.

� Treatment effect estimation. Using the estimated propensity score, we can identify the
k-nearest neighbors of each takeover. The benchmark results use the 20 control firm pairs with
the closest match, but we show robustness using the single nearest neighbor or using up to 1000
control pairs. The treatment effect is calculated simply as the average difference in employment
growth between firms involved in a takeover and the corresponding growth for the control firm
pairs, which provides an estimate of the potential outcome in the absence of the takeover.

In practice, we estimate the outcome model using the following regression:

gjt = α + βMjt + εit, (2)

where gjt is the firm-level employment growth for the combined entity and the dummy variable
M jt takes a value of one if pair j is a takeover observation, and zero if it is a control firm pair. β

represents the percentage point difference between their mean employment growth rates.12

Including the variables from the selection stage or the estimated propensity score as controls
in equation (2) does not change the point estimates at all if only the 20 closest matches are

9 Our two-step conditioning is similar to stratified matching (Anderson, Kish, and Cornell, 1980) and coarsened
exact matching (Iacus, King, and Porro, 2012), which share the advantage of exact matching that bias is reduced and
precision gained as the number of subclasses is increased.

10 To avoid that mergers end up in a cell with few controls, we combine the Q1 and Q2 or the Q3 and Q4 quartile
dummies if there were too few controls, keeping only a below- or above-median indicator for firm size or firm growth.
As a result, only a single takeover had to be dropped due to a lack of control firm pairs in its cell.

11 This only affects industries with many small firms, such as construction, retail, or restaurants. The number of
firms that match the acquirer characteristics never exceeds 150 per cell. Observations with outliers in employment growth
between t−1 and t are also excluded, that is, if growth rates are below −50% or above +50%.

12 As observations within cells could face similar shocks, we report cluster-robust standard errors by cell.
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included. When we keep more control observations, we include the propensity score in (2). With
more than 20 controls, the number of control pairs varies across mergers and we use weights to
obtain the correct difference in average growth rates.13 Rather than using the propensity score
to select matched control pairs, we also report a robustness check that uses the propensity score
to construct inverse probability weights (Imbens and Wooldridge, 2009).

Regression (2) is used to estimate the impact of takeovers on employment growth from the
last year prior to the first year following the transaction (t−1 to t). As labor force adjustments can
take time and takeovers can have a persistent impact on employment growth, we use as dependent
variables growth rates up to the three years after the takeover. The post-merger impact is estimated
both as year-on-year employment changes or as cumulated changes over the entire post-merger
period. The first provides information on the dynamic adjustment paths conditional on survival,
whereas the latter gives insight in the long-term employment gains or losses. We calculate growth
rates as the change in employment relative to the average level over the beginning and the end
of the period considered, as in Davis, Haltiwanger, and Schuh (1996).14 These growth rates show
job creation and destruction symmetrically, are bounded away from infinity, and do not restrict
the analysis to surviving firms.

In addition to flexibly controlling for combinations of firm characteristics, the exact matching
on discrete covariates has the advantage that it can readily accommodate heterogeneous employ-
ment effects for different types of takeovers. Such types can be defined using combinations of
the discrete covariates of the acquiring and target firms. We introduce in equation (2) a dummy
variable Sjt for a specific subset of mergers, as well as its interaction with the takeover dummy:

gjt = α + βMjt + γ Sjt + δMjt Sjt + εjt. (3)

The coefficient of interest δ measures the difference in the takeover effect on employment
growth for the mergers in the subset relative to the average effect for all other mergers β.

4. Data

� The analysis is based on the register of Belgian employers maintained by the National
Social Security Office. It covers all private firms with at least one employee in the period from
2003 to 2012. Firm employment is measured as the number of employees on June 30 of each
year.15 Information on the control structure of firms—that is, whether they are part of a domestic
or foreign enterprise group—is taken from a separate data set provided by Statistics Belgium.
Information on value added, total assets (capital), and firm age is taken from the Annual Accounts
data set maintained by the National Bank of Belgium. An overview of all variables and their exact
construction is provided in Table B1 in the Appendix.

We identify takeovers or mergers between two or more firms between 2006 and 2012 using
two methods, which are discussed in detail in the next section. It leaves us with an unbalanced
panel of firms that includes at least three years of information prior to each merger, as necessary
to construct the control variables.

Some takeovers, namely, those involving temporary agencies and firms in highly subsidized
sectors, are excluded to avoid measurement error, as these firms often show incomparable growth
patterns.16 As noted before, the few takeovers by very young or small acquirers are dropped, and

13 We assign a weight of
∑

j t∈c M jt/
∑

j t∈c (1 − M jt ) to a control observation jt in cell c such that the sum of weights
over all controls in the cell equals the number of takeovers in the cell. In a cell with only a single takeover and Nc control
observations, which is the most common situation, all controls receive a weight of 1/Nc.

14 Denoting employment of pair j in year t as E jt the k-y. ear growth rate equals gjt = (E jt − E jt−k)/Ē jt with
Ē jt = (E jt + E jt−k)/2. These are clo. se to logarithmic growth. rates if changes are small. In the case of firm exit, the
growth rate takes the lowest possible value of −2. A robustness check shows that omitting exiting firms from the sample
has only a very small effect on the point estimates.

15 In an average year, the sample includes 178,000 firms and 2,070,000 employees.
16 Temporary agencies exhibit frequent reshuffling of legal entities within enterprise groups; firms in highly subsi-

dized sectors experience employment growth that strongly depends on changes in policy measures.
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we also exclude takeovers where the target is much smaller than the acquirer. These events do not
correspond to substantial workforce integrations, which is the focus of our study, and they do not
satisfy the necessary common support condition for the matching estimator, as they occur with
a probability close to zero. Remaining takeovers satisfy the following conditions. The acquirer
has at least 10 employees and is at least four years old in the year before the transaction (t−1);
the target has at least two employees and is at least one year old in t−1; the target represents
at least 1% of employment of the combined entity; the merged entity survives in t. Of all firms
not involved in a takeover, all firm-year observations that meet these same conditions are used to
construct potential counterfactuals.17

We control carefully for other changes in the firm structure that may occur before or after
the takeover. Takeovers can be accompanied by divestitures in the year of the transaction or in
the post-merger period. Moreover, firms may subsequently engage in another merger, split-up,
or disappear from the data set because they change identification number. Statistics in Table B2
show that firms involved in a takeover have a much higher probability than other firms to be
involved in an additional restructuring. Studies that do not control for such events are likely to
measure the employment level in the post-merger period with error, which will bias estimates of
takeover effects. We control for ID changes and changes in the firm structure that occur before
or after the takeover period using three record linking methods: employee-flow record linking,
probabilistic matching, and relying on supplementary data sources. They allow us to reconstruct
consistent employment histories of firms involved in a takeover three years before and three years
after the transaction.18

The source data contains information on firms’ industry at the 4-digit level of the NACE clas-
sification. The selection equations that we estimate include industry dummies and time-varying
industry variables. Knowledge-intensive industries are identified using the 2-digit Eurostat clas-
sification and declining industries are defined as 2-digit sectors that exhibited negative output
growth between t−3 and t−1. We also use a ratio of industry concentration, equal to the em-
ployment share of the four largest firms at the 3-digit level in t−1, and a dummy for increasing
concentration if this share increases from t−3 to t. Table B1 in the Appendix provides more detail
on the exact construction of these variables.

5. Takeover activity

� Frequency of takeover activity. Most previous studies focus on mergers and acquisitions
by listed or large firms which implies relatively small samples, even for large countries and
over extended time periods. For example, Conyon et al. (2002) use a sample of 277 mergers and
acquisitions for the UK over 22 years (1975–1996). Gugler and Yurtoglu (2004) study 646 mergers
and acquisitions for the whole of the United States and Europe over 12 years (1987–1998).

A few studies identify a comprehensive set of mergers for a particular jurisdiction. Lehto
and Böckerman (2008) for Finland and Burghardt and Helm (2015) for Switzerland construct
samples that include the universe of transfers of control for active establishments in the respective
countries. The first study relies on reports by a trade magazine to record all instances where
a transaction changes which firm owns at least 50% of an establishment. It excludes targets
or acquirers with annual turnover below approximately €500,000. In total, 7923 establishments
experienced an ownership change over a 15-year period (1989–2013), or an average of 566 per
year. Takeovers are procyclical and their frequency is greatly influenced by industry restructuring
waves. The second study identifies all establishments where the identification number of the
controlling firm in the Swiss national business census changes between the years 2001 and 2005,
omitting firms with only a single establishment. Of the 305,410 active establishments in 2001

17 A firm may be included in a control firm pair in each year it satisfies these conditions. Note that potential acquirers
are a subset of potential targets.

18 This process is briefly described in the Appendix and documented in greater detail in Geurts (2016) and Geurts
and Van Biesebroeck (2016).
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that survived to 2005, 5489 changed ownership over those five years. The rate was almost twice
as high for service establishments (1.64%) as for manufacturing plants (0.89%).

Brown and Medoff (1988) start from the universe of employers that report to the Michigan
Unemployment Insurance system. The payroll records indicate when employers with different
firm identifiers integrate. In total, they identify 2829 mergers or acquisitions that involve at least
two firms over a 6.5-year period. They do not report enough summary statistics to calculate the
likelihood a firm is involved in a transaction, but they mention that the full sample counts more
than 200,000 firms. In only 15% of merger cases do the firms integrate their two workforces,
straightforward transfers of assets (control) are much more common. Interestingly, ownership
changes that only lead to a transfer of assets tend to be associated with employment reductions,
whereas employment tends to expand when firms integrate their workforces.

Given our interest in the role of mergers and takeovers in the overall growth process, we use
a procedure that focuses on firm integration. In our sample, a takeover is defined as the integration
of two previously independent Belgian employer firms into a single legal unit.19 We identify them
based on two sources of information.

The first source is a data set compiled by Statistics Belgium based on all official mergers and
acquisitions recorded and approved by the Commercial Court. It includes share deals between
companies where the buyer becomes the owner of the other legal entity and acquires the target’s
assets as well as all existing liabilities and debts.20

The second source is based on employee-flow linkages between firms using a linked
employer-employee data set (Geurts, 2016; Geurts and Van Biesebroeck, 2016). A takeover
is defined as an event where an existing company absorbs the workforce of another firm and the
latter is dissolved after the transaction. The dissolved firm is defined as the target and the firm
that continues as the acquirer. A merger is identified as two firms that are dissolved and merge
their workforces into a newly created firm, represented by a new firm identifier.21 In such case,
we label the largest firm as the acquirer. The employee-flow method is only used for events where
the workforce reallocation between the two firms comprises at least five employees.

The vast majority of observations in our sample are takeovers, which means that no new
firm identifier is created. Plain mergers represent less than 3% of our sample. In line with many
previous studies, we do not distinguish between the two forms of integration and use the terms
interchangeably. When several firms are taken over in the same year, the transactions are collapsed
into a single event.22 Takeovers in different years are included as separate events.

Using these two sources that encompass merger activity irrespective of size and company
type or shareholder structure, we find that takeover activity is a more dynamic and frequent
process than most studies of mergers would lead one to expect. Even for the relatively small
Belgian economy, we identify over a seven-year period a comprehensive set of 2411 domestic
takeovers, or an average of 344 takeovers each year, that involve 3060 target firms. They involve
both small and large firms and affect an important share of employment.

Figure 1 shows the population and employment coverage of acquirers and targets involved
in these takeovers. Together, they represent 0.74% of active firms in a given year, targets make up
a somewhat higher share than acquirers (0.42% versus 0.32% percent of all firms), as multiple

19 With independent, we mean existing as separate legal entity with its own official firm identification number. We
do not observe ownership of these entities. Before a merger, each firm pays its own social security contributions, corporate
taxes, and files annual accounts. After a merger, these obligations are fulfilled by the joint entity.

20 Not all takeovers are subject to a Commercial Court procedure. Asset deals, mergers between firms owned by
the same corporation, and buy-and-sell operations can be executed without a need for approval. Moreover, there is often
a delay between the factual integration of workforces and the administrative records.

21 More specifically, a takeover corresponds to an event where at least 50% of the employees of the dissolved firm
are transferred to the incumbent. A merger corresponds to the transfer of at least 50% of the employees of two dissolved
firms into a new legal entity. Most takeovers and mergers in the sample correspond to transfers of close to 100% of the
workforces into the combined entity.

22 In the case of multiple targets, we use as characteristics of the takeover target the sum of the employment, value
added, and capital stock across all targets, and the industry and age of the largest target.
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FIGURE 1

FREQUENCY OF TAKEOVERS

0% 1% 2% 3% 4% 5% 6%

0% 3% 6% 9% 12% 15% 18%

(bottom scale)

(c) Share in employment over five-year period:

by merger source

by partner type

(b) Annual share in employment (top scale):

by merger source

by partner type

(a) Annual share in population (top scale):

All Acquirers Targets

Commercial Court only Both Employee-flows only
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Notes: Panels (a) and (b) report average annual shares, comparing the sum of acquirers and targets to all active firms in a
given year that satisfy the preconditions of a target (at least two employees and at least one year old). The share in Panel
(c) is calculated as the average annual employment of all firms involved in a takeover at least once in a five-year period,
divided by the corresponding value for all active firms that satisfy the preconditions of a target.

firms may be acquired in a single takeover. Because takeover activity is more likely among larger
firms, firms involved in takeovers account for an important share of employment. In an average
year, more than 4% of all employees in the Belgian private sector work for a company that is
involved in a takeover: 3.5% are employed by an acquiring firm, and 0.8% by a target firm. Over
an average five-year period, firms that engage in takeover activity cover 17% of total private sector
employment. Our two data sources are complementary for the identification of takeovers. The
Commercial Court files identify 58% of all takeovers in the sample, but most of these are also
picked up by the employee-flow method, which covers 85% of the sample. 42% of takeovers are
only identified by the employee-flow method, and a small share, including mainly smaller firms,
is only found in the Commercial Court files.

Takeover activity varies strongly by sector, as shown in Figure 2. Firms in Energy are most
likely to engage in a takeover (1.8% per year), followed by firms in Transportation, Manufacturing,
and Business services. In terms of employment, employees in Energy and Business services are
most likely to be affected (ca. 6%), followed by Manufacturing (5%). Takeover activity in these
sectors is relatively more concentrated among larger firms. The statistics in panel (b) provide
more information about the sample composition. More takeovers are by firms in Trade than in
any other sector, but the absolute number of firms in a takeover (as targets or acquirers) is large as
well in Business services and Manufacturing. Together, these three broad sectors make up 71%
of the sample.

� Characteristics of acquirer and target firms. Table 2 summarizes pre-merger character-
istics of acquirers and targets, and compares them to the more than 800,000 firm-year observations
of nonmerging firms, from which the counterfactual firm pairs are simulated. The three subsets
differ widely in terms of observable characteristics, highlighting the importance of our matching
approach. Acquirers employ on average 189 employees in the year before they merge. They are
6 times larger than target firms, and more than 10 times larger than the average nonmerging firm.
Size distributions are strongly right-skewed, as can be seen from the much smaller median sizes
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FIGURE 2

TAKEOVER FREQUENCY BY SECTOR
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Notes: Panel (a) reports average annual shares, based on the sum of acquirers and targets to all active firms in a given
sector and year that satisfy the preconditions of a target (at least two employees and at least one year old).

of 45, 12, and 4 employees, respectively. The median sizes further illustrate the importance of not
focusing only on takeovers by large firms, as the majority of acquiring firms are relatively small.

Pre-merger performance differs greatly as well. Average employment growth of acquirers
in the two-year period before a merger is 4.6%, compared to 8.9% for targets. This difference
mostly reflects their age and size differences; recall that acquirers are at least four years old and
targets at least one year old. Growth rates of nonmerging firms are much higher, at 22.7% overall,
or 9.5% if entrants are excluded.23 Their high growth rates are partly explained by their younger
age composition: more than 18% are five years or younger, whereas this share is only 1.2% for
acquirers and 5.5% for target firms. The averages mask wide underlying variation, as can be seen

23 According to our definition, growth rates of entrants equal 200%. If targets that enter in t−2 are excluded, their
average growth rate turns negative (−4.5%).
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TABLE 2 Characteristics of Acquirers, Targets, and Nonmerging Firms

Acquirers Targets Nonmerging Firms (firm-years)

Number of firm-year observations 2401 3060 808,662
Size (t−1)

Mean (standard deviation) 189 (704) 31 (103) 17 (212)
Median 45 12 4

Pre-merger growth rate (t−3 to t−1)a

Mean (standard deviation) .046 (.273) .089 (.649) .227 (.614)
Median .010 .000 .000

Share of firms
Part of enterprise group (t−1 or t−2) (%) 51.7 41.5 9.6
Engaged in FDI (t−2) (%) 11.5 6.7 1.1

Age distribution (t−1)b

Five years old or younger (%) 1.2 5.5 18.2
More than five years old (%) 77.3 83.8 75.6
In event in five-year period before takeover (%) 21.5 10.7 6.1

Notes: Statistics are based on the full sample of takeovers between 2006 and 2012 that satisfy in t−1 the preconditions of
acquirers (at least four years old and 10 employees), targets (at least one year old and two employees), and target share (at
least 1%). Statistics for nonmerging firms are based on all firm-years in 2006–2012 that satisfy in t−1 the preconditions
of targets.
aPopulations of targets and nonmerging firms include entrants in t−3 to t−2. Excluding entrants, growth rates are -0.045
and 0.095, respectively.
bBased on observations in 2008–2012.

from the large standard deviations. Differences across sectors explain part of this variation, but
standard deviations are also large within sectors.

Another difference between the subsamples is that firms involved in a takeover are more
likely to have been involved in another firm restructuring before the merger. This can be another
merger, a split-up, ownership change, or another form of restructuring involving multiple firms.
More than 20% of acquirers and 10% of targets have been involved in a restructuring in the
five-year period before a merger. The corresponding share for nonmerging firms is only 6%.
Finally, firms involved in a takeover are much more likely to be part of a larger company group
than nonmerging firms, and they engage more often in foreign direct investment. More than half
of the acquirers are part of an enterprise group and 11.5% were engaged in (inward or outward)
Foreign Direct Investment (FDI) in the period before the merger. The shares are somewhat lower
for target firms and minor for nonmerging firms.

Our matching procedure will select firm pairs from the large set of nonmerging firms that
are similar to the acquirer and target firms as counterfactuals. In Table 3, we show some patterns
that illustrate the importance of accounting for their combined characteristics. Results in panel (a)
show that across the size quartiles of acquirers, the average size of the target firm increases almost
as strongly as the acquirers’ own size, and vice versa across the size quartiles of targets (shown
on the right). Even though most targets are small enough to be feasible takeover targets for a
large majority of acquirers—for example, almost 90% of targets are smaller than the median
acquirer—there is a strong positive association between the two firms’ sizes.

Panel (b) reports similar positive assortative matching based on pre-merger growth rates.
The relationship is almost as monotonic as for size in panel (a), with one exception. Acquirers
with growth rates in the bottom quartile, which on average are strongly negative, tend to take over
targets that have an average growth rate close to the mean. Similarly, targets that show the slowest
growth, which is even more negative on average, tend to be taken over by acquirers with average
growth rates. The first step in our matching procedure can flexibly reproduce these systematic
patterns in the combination of acquirer and target characteristics.

We next describe estimates of selection equation (1). The objective is both to provide
insights into which type of firms enter into mergers, as well as to illustrate the predictive
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TABLE 3 Joint Distribution of Employment Size and Growth of Acquirers and Targets

(a) Acquirer and target pre-merger size (t−1)

Mean Mean

Acquirer Size Target Size Target Size Acquirer Size

Acquirer Size Quartile Target Size Quartile
Q1 15 7 Q1 4 54
Q2 31 13 Q2 8 71
Q3 77 21 Q3 17 119
Q4 632 63 Q4 75 507

(b) Acquirer and target pre-merger growth rate (t−3 to t−1)

Mean Mean

Acquirer Growth Target Growth Target Growth Acquirer Growth

Acquirer Growth Quartile Target Growth Quartile
Q1 −.227 .069 Q1 −.547 .034
Q2 −.029 .039 Q2 −.121 .019
Q3 .072 .080 Q3 .036 .050
Q4 .366 .122 Q4 .481 .069

Entrants 2.000 .096

power of the variables that we use in the matching. Columns (1) and (2) of Table 4 show re-
sults for the acquirer dummy as dependent variable, and columns (3) and (4) show results for
targets.

Parameter estimates on the linear and quadratic size variables imply that the probability of
being an acquirer or target increases concavely with firm size (measured by employment). The
more negative squared term for targets indicates that the positive effect of size decreases more
rapidly for them. Lagged growth is negatively correlated with takeover activity. Firms that show
strong organic employment growth are less likely to be an acquirer and especially less likely to
be a takeover target. Being part of an enterprise group significantly increases the probability of
engaging in a takeover, but the coefficient on the FDI dummy is estimated much less precisely
and also less robustly. One reason is that those two dummies are highly correlated. If the FDI
dummy is included on its own, the point estimate is strongly positive for both acquirers and
targets.

The results in columns (1) and (3) include broad sector and year fixed effects and a number
of time-varying industry characteristics that are measured at a more detailed level. They show
that firms in declining industries are less likely to be the target of an acquisition, but industry
growth has no significant effect on being an acquirer. In contrast, firms in knowledge-intensive
sectors are more likely to engage in takeovers, and this positive effect is especially pronounced
for targets. Companies in highly concentrated industries are significantly less likely to acquire
other firms, and this tendency is further diminished if the industry has recently become more
concentrated. At the same time, however, there is some evidence for merger waves as an increasing
level of industry concentration is strongly associated with firms in an industry being taken over,
and a high existing level of concentration does not deter this. The opposing coefficients for
acquirers and targets suggests that the two sides of these transactions often come from different
industries.

For the results in columns (2) and (4), the broad industry-fixed effects and time-varying
industry variables are replaced by a set of 166 industry-fixed effects at the NACE 3-digit level.
Compared to the earlier results, the absolute magnitudes of most coefficient estimates decline
slightly, but changes are minor. All firm-level coefficients remain highly significant.
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TABLE 4 Determinants of Becoming an Acquirer or Target

Dependent Variable Is a Dummy for . . .

Acquiring Firm in Period t−1 to t Target Firm in Period t−1 to t

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

Firm-level variables
Size (log employment in t−1) 1.498*** 1.386*** 1.599*** 1.543***

(.101) (.107) (.069) (.071)
Size² (log employment in t−1) −.083*** −.067*** −.180*** −.177***

(.011) (.012) (.011) (.012)
Pre-merger growth rate (t−3 to t−1) −.406*** −.369*** −1.107*** −1.095***

(.094) (.096) (.065) (.065)
Part of enterprise group 1.034*** 1.051*** 1.282*** 1.228***

(t−2 or t−1, dummy) (.045) (.046) (.046) (.046)
FDI (t−2, dummy) −.162** −.193** .198** .080*

(.077) (.082) (.093) (.098)
Industry variables

Declining industry −.060 −.109*

(t−3 to t−1, dummy) (.059) (.060)
Knowledge-intensive sector .164* .480***

(dummy) (.090) (.088)
Industry concentration ratio −.710*** .286**

(t−1) (.135) (.130)
Increasing industry concentration −.479 1.376*

(t−3 to t−1, dummy) (.866) (.810)
Sector FE (9 classes) Yes Yes
NACE 3-digit FE (166 classes) Yes Yes
Year FE Yes Yes Yes Yes
Pseudo R2 .122 .147 .121 .143
No. of observations 166,367 147,089 719,577 638,972

Notes: Coefficient estimates from logistic regressions. Results are based on the sample of takeovers and nonmerging firms
in 2006–2012, which in columns (1) and (2) satisfy the preconditions of an acquirer in t−1 (at least four years old and 10
employees) and in columns (3) and (4) the preconditions of a target (at least one year old and two employees). Acquirers
and targets are identified either using Commercial Court records or using the employee-flow method. Standard errors in
parentheses; *, **, *** indicate significance at the 10%, 5%, or 1% level.

In Table B3 in the Appendix, we use the more flexible results with detailed industry-fixed
effects to verify whether results are similar for acquirers and targets identified by either of the
two data sources used to identify takeovers. We first show estimates for takeovers that are legally
obliged to obtain approval of the Commercial Court, which produces a sample of takeovers more
similar to Lehto and Böckerman (2008) and Burghardt and Helm (2015). In the other columns, we
presents results for takeovers that are only picked up by the employee-flow method. The results
in both subsamples are very similar, which suggests that the less conventional employee-flow
method picks up reorganizations between firms that do not fundamentally differ from officially
registered takeovers. Two differences have an intuitive explanation. First, the larger size coefficient
for targets in column (4) is a direct result of the employee-flow method, which by construction,
does not identify takeovers of very small firms, that is, those with fewer than five employees.
Second, the larger coefficient for the enterprise group dummies in columns (1) and (3) suggests
that larger corporations are likely to be subject to more stringent legal obligations and therefore
more likely to appear in the Commercial Court files.

6. Employment effects of takeovers

� Pre-matching and post-matching statistics. Because firms in takeovers differ notably
from nonmerging firms, it is vital to construct a valid control group. Given that acquirers further
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TABLE 5 Characteristics of Acquirers, Targets, and Control Firms Before and After Matching

Pre-matchinga Post-matchingb

Takeovers
Potential
Controls Difference

Controls
(20 nn) Difference p-value

(Year before the merger) A B |A-B| C |A-C|

(a) Acquirers
No. of firms in total 2,410 166,229 48,200

Discrete covariates (all in %)
1st quartile employment .000 .000 .0000 .000 .0000 1.00
2nd quartile employment .223 .516 −.2932 .223 .0000 1.00
3rd quartile employment .696 .466 .2295 .696 .0000 1.00
4th quartile employment .081 .018 .0638 .081 .0000 1.00
1st quartile employment growth .018 .003 .0152 .018 .0000 1.00
2nd quartile employment growth .561 .504 .0567 .561 .0000 1.00
3rd quartile employment growth .415 .492 −.0775 .415 .0000 1.00
4th quartile employment growth .006 .001 .0056 .006 .0000 1.00
Part of enterprise group .511 .191 .3200 .511 .0000 1.00

Continuous variables used to estimate the propensity scores:
Employment (absolute level) 170.81 38.93 131.8750 128.90 41.9050 .00
Employment (top-coded)c 73.67 29.98 43.6900 74.32 −.6500 .64
Employment growth (t−3 to t−1) (%) .044 .081 −.0368 .043 .0012 .83
Value added per worker (in log) 10.10 10.87 −.7682 10.19 −.0870 .12
Total capital per worker (in log) 11.07 11.61 −.5390 11.18 −.1140 .14
Age 24.82 22.93 1.8890 25.23 −.4100 .20

(b) Targets
No. of firms in total 2,410 716,627 48,200

Discrete covariates (all in %)
Employment <25% of acq. empl. .523 – .523 .0000 1.00
Employment >25% of acq. empl. .477 – .477 .0000 1.00
1st quartile employment growth .243 .167 .0761 .243 .0000 1.00
2nd quartile employment growth .401 .385 .0163 .401 .0000 1.00
3rd quartile employment growth .324 .383 −.0593 .324 .0000 1.00
4th quartile employment growth .013 .012 .0009 .013 .0000 1.00
New entrant between (t−3 and t−1) .019 .053 −.0342 .019 .0000 1.00
Part of enterprise group .418 .085 .3337 .418 .0000 1.00

Continuous variables used to estimate the propensity scores:
Employment (absolute level) 38.00 12.16 25.8360 36.12 1.8760 .33
Employment growth (t−3 to t−1)d (%) −.007 .200 −.2069 −.009 .0012 .91
Value added per worker (in log) 9.67 10.77 −1.1033 9.77 −.0970 .20
Total capital per worker (in log) 10.86 11.65 −.7900 11.03 −.1690 .06
Age 19.73 17.85 1.8800 20.62 −.8900 .01

Notes: nn = nearest neighbors.
aPre-matching statistics are based on the sample of takeovers and all active firms in 2006–2012 that satisfy in t−1 the
preconditions of acquirers or targets.
bPost-matching statistics are calculated after the two steps in the matching procedure, keeping 20 firm pairs in the control
group.
cEmployment is top-coded at 181 employees.
dPre-merger growth rates for new entrants equal +2.

differ from targets, this requires separate control groups for the two subsets. Table 3 even showed
systematic patterns in the characteristics of firms that choose to partner. We account for this by
selecting pairs of firms that jointly match the characteristics of acquirers and targets.

More specifically, we match takeover and control firm pairs in two steps. We first match
exactly on nine discrete covariates and we then select the 20 nearest neighbors based on a
propensity score estimated within each of the cells defined by the discrete covariates. Results in
Table 5 illustrate that on the full set of potential controls (pre-matching), the mean differences of
some variables are rather large (shown in the |A-B| column). The initial sample contains about
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FIGURE 3

PRE-TAKEOVER TRENDS IN EMPLOYMENT LEVELS AND GROWTH RATES [Color figure can be viewed
at wileyonlinelibrary.com]

82

84

86

88

90

92

94

t-4 t-3 t-2 t-1 t t+1 t+2 t+3

(a) Employment level

  Takeovers   Control firms

-0.06

-0.04

-0.02

0.00

0.02

0.04

0.06

t-4 t-3 t-2 t-1 t t+1 t+2 t+3

(b) Employment growth

  Takeovers   Control firms

Notes: We top-coded acquirer employment at 181 prior to the takeover (up to t−1) and throughout we top-coded the sum
of acquirer and target employment at 220 employees.

166,000 observations of nonmerging firms that satisfy the preconditions of an acquirer in t−1,
and 717,000 firms that satisfy the preconditions of a target.24

After the first step, more than 15 million simulated firm-pair observations are created and the
discrete covariates are fully equalized within each cell. On the matched sample (post-matching),
this appears as mean differences in the |A-C| column that are exactly equal to zero. After the
second step, we only keep 20 controls for each takeover and the post-matching column C shows
the mean values for the continuous variables. The mean differences with the merging firms have
shrunk substantially. The last column of Table 5 shows the p-value for a test whether the sample
means for merging and control firm pairs are equalized.

After matching, almost all means are balanced (p-values > 5%). For two variables, the
means are still significantly different. The first and most important variable is employment size
of the acquirer. After matching, the average for the control group rises from 39 to 129 employees,
but still falls short of the average employment of 171 for actual acquirers. The reason is that the
acquirer is often the largest firm in a cell. Acquirer employment for treated and control pairs does
balance for firms in the first three quartiles of the acquirer size distribution (p-value of 52%).25

The overlap condition is violated for the acquirer size variable, because for a subset of mergers,
there are simply no control firms that are similar to treated firms. However, this is not really
a problem for the performance analysis, as there is strong evidence that firm growth does not
depend on size for firms with at least 100 employees (results available on request). We therefore
use top-coded employment at 181, which is the 98th percentile of the employment distribution
of all potential acquirers, as an alternative variable to include in the propensity score estimation.
For this variable, the sample mean does balance after matching (p-value of 64%). The only other
variable for which balancing also fails is target age, but the absolute difference of the two averages
is less than one year.

Given that the analysis focuses on the post-merger evolution of employment as the perfor-
mance variable of interest, we illustrate in Figure 3 that there are no pre-merger differences in
trends for the treated and control groups. We sum employment of the acquirer and target and plot
both the level and year-on-year growth rates for combined employment. The red (solid) lines are

24 These are really firm-year observations, but only includes years for which we are able to calculate employment
growth starting three years before the takeover and ending at least one year after.

25 The averages also become more similar if we only use the nearest neighbor in the control group, but the two
averages remain statistically significantly different from each other.
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for takeovers and the black (dashed) lines for the control pairs. In order to balance the acquirer
employment for takeover and control firms, we top-coded it at 181. Given that this is only possible
up to year t−1, we also applied a top-coding at 220 on the combined employment to avoid a
large jump in year t. The most important feature in the graph is that both the levels and growth
rates show very similar patterns for the two groups of firm pairs, at least up to the year before the
takeover year (shown by the vertical line).26

Equally important as balancing of individual acquirer and target characteristics, is that
the matching procedure generates a control sample with a similar joint distribution for the
characteristics of both partners. To illustrate the increased similarity after matching, we show
correlations of several variables for both the takeover and control pairs in Table B4 in the
Appendix. In panel (a), we show correlations for the same variable between the two firms and in
panel (b), we show a few combinations where the correlation between different variables of the
acquirer and target are significantly different from zero in the takeover sample.

These correlations are often very strong, up to 0.59 for the likelihood of both firms being
part of an enterprise group or 0.54 for the employment levels. Importantly, the correlations are
also large in our sample of matched control pairs, although slightly lower in most cases (but
matching exactly for discrete covariates, for example, for the enterprise group dummies). For
example, the correlation of the two merging firms’ labor productivity is 0.27, whereas it is 0.17
in the control sample. As a comparison, the middle column shows the corresponding correlations
for a sample of randomly generated firm pairs from the set of potential acquirers and targets.
Those correlations are all indistinguishable from zero, except for the employment sizes of the
two firms, as the matching procedure excludes firm pairs where the target is very small relative
to the acquirer.

� Average effect of takeovers on firm employment growth. Table 6 presents the impacts
of takeovers on firm-level employment growth up to the third year after the transaction estimated
on the full sample. Panel (a) shows the effects on year-on-year employment growth, and panel (b)
the effects on growth rates calculated over the entire n-year post-merger period. The coefficients
measure the average treatment effect on the treated, estimated using outcome model (2) and
comparing the evolution for the takeover to the average evolution for the 20 most similar control
firm pairs.27

The estimate in the first column of panel (a) indicates that takeovers have a small but
significantly negative impact on the employment of the combined entity immediately following
the merger. Employment growth is 1.4 percentage points lower than for control firm pairs. Results
in the next columns indicate that this adverse effect does not persist for very long. In the first
full year after the merger, growth is higher for merging firms; the difference is almost of the
same magnitude as in the first year, but in the opposite direction. From the second year after
the takeover, there are no more significant differences between takeovers and controls. Standard
errors become larger as the sample shrinks and employment experiences of firms diverge, but the
point estimates themselves are very small.

The results in panel (b) for the cumulative impacts over post-merger periods, that is, from
the pre-merger employment level in t−1 to the nth year after the transaction, confirm that the
employment contraction is short-lived. By the third year after the merger, in t+2, employment
relative to the controls has recovered to the pre-merger level. In the following year, the point
estimate on employment growth even turns positive, but is not statistically significant.

Finally, in panel (c), we report the effects of takeovers on the change in growth rates after the
merger, that is, a triple-difference. We compare the growth rate for the year that the merger takes
place (t−1 to t) to the growth rate in the year before the merger (t−2 to t−1). This confirms the

26 Note that we balance employment levels only in year t and individual growth rates only over the t−3 to t−1
period. In principle, employment levels for other years and growth rates over other periods could vary freely.

27 Recall that firms that exit the sample are assigned an employment growth rate of −2.
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TABLE 6 Effect of Takeovers on Post-Merger Employment Growth

(a) Year-on-year employment growth

Dependent variable: employment growth rate

nth Post-Merger Period

Takeover
Period First Second Third

(t−1 to t) (t to t+1) (t+1 to t+2) (t+2 to t+3)

Takeover effect −.014*** .010* −.001 .006
(.003) (.006) (.006) (.008)

No. of observations 50,610 44,268 35,869 26,328
No. of takeovers 2,410 2,108 1,710 1,259

(b) Cumulative employment growth over n-year periods

Dependent variable: employment growth rate

Takeover
Period

Two-Year
Period

Three-Year
Period

Four-Year
Period

(t−1 to t) (t−1 to t+1) (t−1 to t+2) (t−1 to t+3)

Takeover effect −.014*** −.002 .001 .013
(.003) (.007) (.009) (.013)

No. of observations 50,610 44,268 36,120 26,880
No. of takeovers 2,410 2,108 1,720 1,280

(c) Growth acceleration

Dependent variable: change in employment growth rate pre-merger to post-merger

Difference-in-Differences for
One-Year Growth Rates

Difference-in-Differences for
Two-Year Growth Rates

(t−1 to t) - (t−2 to t−1) (t−1 to t+1) - (t−3 to t−1)

Takeover effect −.012*** −.006
(.004) (.007)

No. of observations 50,610 44,268
No. of takeovers 2,410 2,108

Notes: Regression coefficients show the average treatment effect on the treated relative to the employment evolution for
the 20 most similar control firm pairs. The sample size declines in later periods, because no employment is observed
anymore for takeovers taking place late in the sample period. Standard errors in parentheses; *, **, *** indicate significance
at the 10%, 5%, or 1% level.

instantaneous adverse effect of takeovers on the employment evolution as growth slows down,
at least relatively for affected firms, by 1.2 percentage points. Calculating the growth slow-down
over a two-year interval, that is, comparing the two-year period in which the merger takes place
(t−1 to t+1) with the two-year period immediately preceding the merger (t−3 to t−1) reduces the
effect a lot. The estimate now indicates only a −0.6 percentage points deceleration, which is no
longer statistically significant. The results for employment growth in panels (a) and (b) implicitly
control for a firm-fixed effect in the employment level. The effects in panel (c) even control for a
firm-fixed component in employment growth.

In Table B5 in the Appendix, we report a range of robustness checks to illustrate that the
above results are not sensitive to modelling choices made in the empirical specification. We
use only the nearest neighbor in the propensity score matching, 100 neighbors, or up to 1000
controls for each takeover if the cells contain sufficient controls, in which case we also include
the propensity score in the regression. We present results that apply inverse propensity score
weighting on the sample with up to 1000 controls, and results based on a propensity score that is
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estimated on more broadly defined cells using less detailed discrete covariates in the first step. In
the last three sets of robustness checks, we vary the sample: omitting takeovers where employment
is imputed in later years due to a second takeover in the post-merger period, removing firms once
they exit rather than coding the dependent variable as −2,28 and limiting the regression to the
balanced sample of firms observed over the entire t−3 to t+3 period.

Results are extremely similar to those in panel (b) of Table 6 across all eight robustness
checks: a short-term decline in employment that does not last for more than one or two years.
The estimated absolute decline in the first year varies from 1.2 to 1.9 percentage points. In only
one case does the decline remain statistically significant even in the second year, and in one other
case, it is significant for the t−1 to t+2 period, but not from t−1 to t+1. There are two instances
where the positive long-term effect on cumulative employment becomes statistically significant.
Overall, the estimates are remarkably invariant to changes in the modelling assumptions.

In Table B6 in the Appendix, we further show three robustness checks to investigate the
validity of the key identifying assumption. First, we use randomly selected controls rather than
relying on our two-step selection procedure to find observationally equivalent controls.29 This
leads to a similar estimate for the employment reduction in the first year, but all three effects
on longer-term employment growth rates are estimated to be positive and highly statistically
significant. The absolute increase by t+3 is even estimated to be 8.1%, compared to the pre-
takeover benchmark. Given the strong employment growth for merging firms that we found in
the pre-takeover period, it is plausible that this estimate is biased upward due to self-selection of
firms into mergers.

Next, we show two placebo tests. The first one randomly selects 2410 firm pairs, erro-
neously coding them as engaging in a merger, and then applies our estimation methodology. Not
surprisingly, all point estimates are statistically insignificant and close to zero in absolute value.

The second placebo test is based on the firms actually engaged in a takeover, but recodes the
takeover date as occurring two years earlier. In this case, we find positive point estimates over the
first two time horizons rather than insignificant effects. This is likely due to the following reason.
By advancing the fictitious takeover date by only two years, affected firms still have systematically
different employment growth experiences—as suggested by Figure 3. Moreover, given the short
sample period, we cannot control anymore for the t−3 to t−1 pre-merger employment growth, only
for the t−2 to t−1 growth.30 Greater randomness in the distribution of year-on-year employment
growth reduces the match quality on this crucial dimension. Rather than finding insignificant
point estimates, we find results closer to the random control group estimates in panel (a). Note
as well that the second placebo results do not recreate the robust, but short-lived employment
reduction that we found when takeovers are coded correctly.

� Effects by type of firm. The average effects discussed above could mask large differences
between types of mergers. We now investigate whether differences in post-merger employment
growth are systematically related to observable characteristics of acquirers or target firms.

Table 7 shows differential impacts if the sample is split approximately in half, using several
firm or industry characteristics individually. Each coefficient is estimated using a separate regres-
sion of the form of equation (3), where the subset dummy is defined using a single characteristic.
The reported numbers are the δ coefficients on the interaction between the takeover and subset

28 The sample size declines after takeovers mostly due right-censoring, as employment growth three or four years
later is no longer observed for transactions that take place in the last few years of the sample period. Firm exit contributes
much less to the decline in sample size.

29 We only make sure that we compare horizontal mergers to firm pairs taken from the same sector.
30 We lose more than one third of observations in the current specification if we shift the takeover date two years

forward. We would lose more than half using the original matching algorithm. Given that we do not separately observe
acquirer and target employment after a takeover, we cannot do the reverse recoding and shift the takeover year backward.
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TABLE 7 Differential Effect of Takeovers By Single Firm or Industry Characteristics

Dependent variable: cumulative employment growth rate

Takeover Period Two-Year Period Three-Year Period Four-Year Period
(t−1 to t) (t−1 to t+1) (t−1 to t+2) (t−1 to t+3)

Matching variables (all binary)
Vertical merger .003 (.007) .013 (.015) −.003 (.023) .013 (.030)
Acquirer above median size .002 (.009) .005 (.019) −.016 (.026) −.025 (.037)
Acquirer high pre-merger growtha .022*** (.006) .023* (.014) .029 (.020) .051* (.027)
Acquirer part of enterprise group .003 (.006) .016 (.014) .001 (.020) .002 (.027)
Target share >25% −.005 (.006) −.017 (.014) −.006 (.020) −.020 (.027)
Target high pre-merger growtha .006 (.006) .002 (.014) −.009 (.021) −.017 (.029)
Target part of enterprise group −.001 (.006) .007 (.013) .012 (.020) .008 (.027)

Other firm-level variables
Acquirer invests in FDI −.007 (.010) −.017 (.017) −.014 (.022) −.017 (.022)
Target invests in FDI −.016 (.010) −.024 (.022) −.017 (.035) .029 (.037)

Industry variables
Acquirer in Manufacturing .009 (.007) .027* (.016) .011 (.023) .004 (.032)
Acquirer in Trade or Services −.002 (.006) .000 (.014) .025 (.021) .039 (.028)
Acquirer in declining industry .007 (.006) .015 (.015) .010 (.022) .036 (.039)
Acquirer in concentrated industry −.004 (.010) −.012 (.019) −.007 (.029) .007 (.040)
Target in Manufacturing .005 (.007) .009 (.018) .003 (.026) −.018 (.036)
Target in Trade or Services −.002 (.006) .008 (.015) .030 (.021) .052* (.029)
Target in declining industry .005 (.006) .002 (.014) −.006 (.022) −.020 (.037)
Target industry is concentrating .005 (.014) .015 (.025) −.007 (.066) −.007 (.084)
Target in high-tech industry −.007 (.012) .022 (.025) .043 (.034) .007 (.048)

Years with takeover effect significantly different from averageb

t = 2007 .020* (.011)

Notes: Regression coefficients show the average treatment effect on the treated using the 20 closest matching firm pairs
as controls. Each coefficient is estimated using a separate regression, where a subset of mergers is defined using a single
characteristic. The table reports the point estimate on the interaction term between the takeover and subset dummies:
coefficient δ in equation (3). Standard errors in parentheseis; *, **, *** indicate significance at the 10%, 5%, or 1% level.
aHigh growth means above the average for the same industry-year.
bOut of 28 separate regressions that is, for employment growth defined over the four time periods and takeovers in each
of the seven years in the sample, only a single takeover effect was statistically different from zero and is shown here.

dummies.31 The first panel uses firm-level characteristics that are binary versions of the matching
variables, the second panel uses dummies for foreign ownership, the third panel uses industry
features, and the final panel lists the single instance where an effect for a particular takeover year
was systematically different from the average.

No variable has a significant effect on employment growth in all four periods. The large
standard errors of most coefficients suggest substantial variation within subsets, which may be
explained by other features of the takeovers or may simply be idiosyncratic. Across all different
subsamples, only takeovers that involve an acquirer with above-average pre-merger growth show
effects that are significantly different over at least two of the four periods. Employment growth is
higher than average in the one-, three-, and four-year periods following the transaction. It suggests
that strong pre-merger performance of the acquirer has a continued positive effect, but this effect is
not there for takeovers with rapidly growing targets. Recall that acquirers with strong pre-merger
growth were less likely than average to engage in a merger (see Table 4). However, when they

31 The (β + δ)otal . effect has a difference-in-differences interpretation: it measures the employment change for
takeovers in the subset relative to the change for the control group. The δ. arameter has a triple-difference interpretation;
it compares the change in employment growth for takeovers in the chosen subset to the change for the other takeovers,
normalizing both growth rates by the average growth rate in their corresponding control group.
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do merge, they have a larger employment growth effect than mergers involving slow-growing
acquirers.

We find that no other firm-level feature systematically predicts different post-merger out-
comes. Most remarkable are the small differences and entirely insignificant coefficient estimates
for the vertical merger dummy, which takes a value of one if the two firms are not in the same
NACE 3-digit industry. Several authors have discussed the relevance of distinguishing between
horizontal and vertical mergers, and empirical studies based on small samples of takeovers by large
or listed firms have highlighted differential impacts, although not always in the same direction
(see Conyon et al., 2002 and Gugler et al., 2003).

Results further down in Table 7 indicate that most industry characteristics of the merging
firms do not explain differences in post-merger outcomes, either. We find insignificant coefficients
for industries that are high-tech (knowledge-intensive), that experienced output declines in the
year before a merger, or with a high level of concentration or becoming increasingly concentrated.
The large standard errors again suggest substantial variation among takeovers within these types
of industries. The only industry features that show an effect that differs from the average effect,
in both cases a systematically more positive effect on post-merger employment growth, is an
acquirer in Manufacturer or target in Trade or Services. In each case, the point estimates are only
significantly different for a single period.

� Effects by type of takeover. The matching strategy is based on a paired perspective:
counterfactual pairs of firms are selected on the basis of the joint similarity to both the acquirer
and the target. The decision to expand or contract the workforce following a merger could also
depend on a combination of characteristics. Individual firm or industry characteristics do not
predict differences in post-merger employment outcomes, but we now show that outcomes are
often significantly different if we look at acquirer and target characteristics in combination. The
combined features of both partners implicitly define different types of mergers or takeovers.

A first way of showing this is to estimate separate effects when we partition all takeovers in
exhaustive subsets. We use interactions of up to nine dummy variables—binary versions of the
matching covariates—to define 76 nonoverlapping and exhaustive subsets.32 They are dummies
for vertical mergers, whether the acquirer’s industry is concentrated or in decline, and for both
the acquirer and the target, their employment size and growth relative to the median firm and an
indicator whether a firm is part of a company group.33 For each subset, we estimate a separate
takeover effect on the two-period employment growth rate (t−1 to t+1) using specification (3).
We report the histogram of all 76 estimated effects in Figure 4.

The horizontal axis shows the total effect (β + δ) for each subset, all estimated relative
to the appropriate group of control firm pairs. As each subset includes only a small number of
takeovers, all the β coefficients are close to the average takeover effect in the sample, which equals
−0.2 percentage points and is indicated by the vertical line. The black areas of the histogram
indicate takeover effects that differ significantly from the average effect at the 10% significance
level (δ significantly different from 0).

For the majority of all subsets, the estimate of the total post-takeover employment effect
lies between −5% and +5% difference relative to each subset’s controls. However, the estimates
range from −25% to +25% change, and most of the point estimates outside of the (−5 +5)
interval are statistically different from the average effect. In total, one quarter of the estimates is
statistically different if we use a 10% significance level, or two and a half times the expected rate
if differences were random.34

32 Of the nine matching variables, the industry codes of the acquirer and the target are now captured by a single
vertical merger dummy, and the year of observation is not used.

33 For each additional covariate that we consider, we split cells as long as they contain at least 40 observations.
34 If we do pairwise comparisons between all possible subsets, rather than only comparing with the average, we find

more than one quarter significant differences.
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FIGURE 4

DISTRIBUTION OF ESTIMATED TAKEOVER EFFECTS ACROSS DETAILED SUBSETS
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Notes: Subsets are defined by exhaustively classifying all takeovers in 76 groups, defined by the interaction of up to nine
dummy variables. The takeover effects that are shown in the histogram are estimated separately for each subset using as
dependent variable the cumulative employment growth from t−1 to t+1. The takeover effects are estimated separately
for each subset and shown in a histogram. The black areas indicate takeover effects that differ significantly (at the 10%
level) from the average effect among all takeovers, which is shown by the vertical line.

Given that most mutually exclusive subsets contain only a small number of observations, on
average 32 takeovers and their controls, the estimates are relatively imprecise and we only find
significant differences in the tails of the distribution. A second way to illustrate that post-merger
employment outcomes are heterogeneous is to identify a subset of takeovers for which theory
can help us predict the direction of employment effects. In practice, this combines some of the
subsets shown in Figure 4 into one group for which we expect a negative takeover effect, and
some other subsets in a second group with the reverse prediction.

The first example, reported in Table 8, considers takeovers where increasing market power
can reasonably be expected to have played a role. These are horizontal mergers where the acquirer
and target are in the same 3-digit NACE industry, the acquirer shows weak organic growth in
period t−3 to t−1 (lower than average for the same industry-year), and the target is of above-
average size in t−1 (relative to the acquirer’s size comparing across all takeovers). When we
estimate the takeover effects on this subset, which consists of less than one fifth of all takeovers in
the sample, we find strongly negative effects for all four time intervals. Employment declines by
3.3% upon impact and this grows to a 6% decline by t+3, always relative to the evolution for the
control group. The employment evolution for the remaining takeovers, that is, the “Main takeover
effect” in Table 8, is now significantly positive from t+1 onward and even shows an employment
expansion of 3.5% by t+3.

The differences in point estimates between these two subsamples are even larger and always
statistically significant, even at the 1% level. Mergers where market power is likely to play a
role show a much stronger employment decline right away, lowering employment by 2.5% more
than for other mergers, and the difference rises to 9.5% over the full four-year period. The
point estimates are even more striking if the subsample is defined even more narrowly. Results
in the second panel of Table 8 show the effect limited to industries with a concentration index
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TABLE 8 Employment Contraction for a Subset of Horizontal Mergers

Dependent variable: cumulative employment growth rate

Takeover Period Two-Year Period Three-Year Period Four-Year Period
(t−1 to t) (t−1 to t+1) (t−1 to t+2) (t−1 to t+3)

Subset 1: Horizontal merger between acquirer with below-average growth and target of above-average size
Main takeover effect (β) −.008** .014* .019* .035**

(.003) (.007) (.011) (.014)
Takeover effect in subset (β+δ) −.033*** −.048*** −.051** −.060*

(.008) (.018) (.022) (.034)
Difference in effects (δ) −.025*** −.061*** −.069*** −.095***

(.008) (.020) (.025) (.037)

Subset 2: Same as subset 1, but limited to industries with above-average concentration (HHI)
Main takeover effect (β) −.010*** .009 .014 .029**

(.003) (.007) (.010) (.013)
Takeover effect in subset (β+δ) −.046*** −.090*** −.106*** −.138***

(.011) (.022) (.033) (.053)
Difference in effects (δ) −.036*** −.098*** −.119*** −.168***

(.012) (.023) (.034) (.055)

Subset 3: Horizontal merger between acquirer with above-average growth and target of above-average size
Difference in effects (δ) .014 −.004 .030 .044

(.010) (.024) (.028) (.040)

Subset 4: Horizontal merger between acquirer with below-average growth and target of below-average size
Difference in effects (δ) −.013 .001 −.022 −.026

(.009) (.020) (.029) (.040)
Number of observations 26,510 23,188 18,920 14,080
Total number of takeovers 2,410 2,108 1,720 1,280
Takeovers in subset 1 433 373 312 231
Takeovers in subset 2 195 171 143 99
Takeovers in subset 3 289 260 218 150
Takeovers in subset 4 365 316 238 175

Notes: Regression coefficients show the average treatment effect relative to the employment evolution for the 20 most
similar control firm pairs based on equation (4). The subset dummy is defined by the combined characteristics that are
measured before the merger. The main takeover effect β represents the employment effect among all other pairs of firms
not included in the subsets. The interaction effect δ represents the differential effect for the subset. β+δ represents the
total effect within the subset. Standard errors in parentheses; *, **, *** indicate significance at the 10%, 5%, or 1% level.

Herfindahl-Hirschman Index (HHI) that is higher than the industry average. The effect for mergers
in this subset is an employment contraction of 13.8% (t−1 to t+3), which is 16.8% lower than
the employment evolution over all other takeovers.

Interestingly, the distinct pattern of a strong employment destruction only appears if we
condition on horizontal mergers as well as on the two other criteria: a slow-growing acquirer
and large target. Changing the attributes of either of the merging firms has a large impact on the
results. The takeover effects estimated on subset 3—now including only acquirers with strong
organic growth—or subset 4—for targets that are smaller than average—no longer differ from
the average effects. In both cases, the point estimates are much smaller in absolute size, often
change sign, and the differences with the effects for all remaining takeovers are never statistically
significant. The pattern of a strong employment contraction following a horizontal merger very
much depends on the characteristics of both the acquirer and target.

As mentioned, once mergers likely to be motivated by market power are excluded, the
employment effects for the remaining takeovers are estimated to be positive and statistically
significant from t+1 onward. We now restrict these subsets further to verify whether positive
employment effects are even stronger for takeovers that are most likely to be productivity-
enhancing, as predicted by some of the theories listed in Table 1.
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TABLE 9 Employment Expansion for Three Types of Vertical Mergers

Dependent variable: cumulative employment growth rate

Takeover Period Two-Year Period Three-Year Period Four-Year Period
(t−1 to t) (t−1 to t+1) (t−1 to t+2) (t−1 to t+3)

(a) Vertical mergers, acquirer has above-average growth and is not part of an enterprise group
Vertical is defined at 3-digit NACE .008 .023 .025 .070

(.011) (.023) (.036) (.045)
Number of takeovers 221 195 163 126

Vertical is defined at 2-digit NACE .014 .023 .056 .098*

(.014) (.031) (.042) (.056)
Number of takeovers 156 139 114 87

(b) One firm is in manufacturing, the other one is not
Target is large (in relative size) .005 .059 .076 .098

(.019) (.048) (.052) (.064)
Number of takeovers 89 77 66 46

Target is part of enterprise group −.015* .033 .067** .079**

(.009) (.021) (.030) (.039)
Number of takeovers 163 142 116 88

(c) Acquirer in slow-growing industry and both firms are growing at below-average rates
All −.014** .029* .029 .062**

(.007) (.015) (.022) (.027)
Number of takeovers 421 362 290 225

Vertical mergers (3-digit NACE) −.008 .050*** .052* .074**

(.008) (.017) (.028) (.034)
Number of takeovers 257 218 183 143

Notes: Estimates show the treatment effects (β+δ) on different subsets of the takeovers that are taken from the leftover
category in Table 9, that is, not horizontal or above-average acquirer growth or above-average target size. Subsets are
defined using firm characteristics measured before the merger. The number of observations is always 20 times the number
of included takeovers. Standard errors in parentheses; *, **, *** indicate significance at the 10%, 5%, or 1% level.

Panel (a) of Table 9 shows results for a subset of vertical mergers where an acquirer has
strong organic growth, but is not part of an enterprise group. In such a situation, a firm might
lack some crucial assets to sustain its growth rate and choose to combine with a target firm
from another sector to remove a growth bottleneck. Gans and Stern (2003) discuss a specific
example of such a situation for entrepreneurial firms. The point estimates on the employment
growth effects are invariably positive in this case and quite large, but estimated very imprecisely.
Only few of the differences with the average effect are statistically different, but in Table 9
we only report the absolute effects (β + δ). When we define vertical mergers more restrictively
and only consider firms that are in different 2-digit sectors, the effects become even larger and
the employment growth over the full t−1 to t+3 period, which is estimated at 9.8%, becomes
marginally significant.

The next group of mergers that we consider, reported in panel (b), consists of vertical mergers
involving one manufacturing and one service sector firm. The objective here is to identify firms
that integrate forward or backward to acquire other activities in their production chain that could
constrain their growth (see Acemoglu et al., 2010). Results (not reported) are systematically
positive, but estimated imprecisely. When we limit the subset further to takeovers that involve
large target firms, which makes it more likely that the effect on the combined employment can be
picked up, point estimates are always positive and quite large, but so are the standard errors. When
we instead limit the sample to targets that are part of an enterprise group, where the acquired
firm might already have expertise collaborating with other divisions of a larger corporation, the
estimates over the periods t−1 to t+2 or t+3 are positive, large in magnitude, and statistically
significant.
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TABLE 10 Takeover Effects on Value Added and Labor Productivity

Dependent variable: cumulative growth in value added or productivity

Takeover Period Two-Year Period Three-Year Period Four-Year Period
(t−1 to t) (t−1 to t+1) (t−1 to t+2) (t−1 to t+3)

(a) Value added

–All mergers −.043*** −.030** −.031** −.008
(.009) (.012) (.015) (.020)

–Horizontal mergers −.077** −.053 −.073 −.015
(.033) (.049) (.057) (.088)

H0: same as average effect [p-value] [0.26] [0.60] [0.40] [0.91]

–Vertical mergers: three types combined −.035 −.010 .033 .035
(.019) (.026) (.029) (.036)

H0: same as average effect [p-value] [0.50] [0.24] [0.01]*** [0.07]*

(b) Labor productivity

–All mergers −.029*** −.020* −.022 .005
(.009) (.011) (.014) (.018)

–Horizontal mergers −.036 .015 .003 .062
(.033) (.048) (.053) (.086)

H0: same as average effect [p-value] [0.80] [0.46] [0.67] [0.51]

–Vertical mergers: three types combined −.031* −.027 .008 .029
(.019) (.025) (.027) (.033)

H0: same as average effect [p-value] [0.97] [0.85] [0.18] [0.33]
Number of takeovers: all 2068 1784 1458 1115
Number of takeovers: horizontal 172 150 122 80
Number of takeovers: vertical 453 394 327 266

Notes: Each statistic is estimated using a separate regression and the total effect (β+δ) for the respective subsets
of takeovers is reported. Standard errors in parentheses; *, **, *** indicate significance at the 10%, 5%, or 1% level.
Coefficients in square brackets show the p-value for a test whether the effect is the same for the subset considered and all
remaining takeovers.

The third category consists of takeovers by acquirers that operate in industries with negative
output growth in the three years before the merger and with both of the merging firms showing
below-average growth in their industry. The model in Dutz (1989) provides an efficiency rational
for mergers in industries with declining demand through capacity rationalization. In such a
situation, a merger may allow firms to retire older, outdated equipment or technologies and
combine the most promising parts of each firm with state-of-the-art technology. This is expected
to raise labor productivity and improve the firms’ bleak outlook. The results indeed show positive
employment effects over the longer period that rise to 6.2% by t+3 and even to 7.4% if we
consider only vertical mergers.

We do not observe total sales or output, but in Table 10, we report the effects of takeovers
on value added and labor productivity (value added per worker). For each dependent variable, we
first show the effects over all 2410 takeovers, followed by effects on horizontal mergers likely to
be motivated by market power (subset 2 in Table 8), and on the subset of vertical mergers that
satisfy the criteria for at least one of the three merger types that are most likely to be motivated
by efficiency gains (the second group in each of the three panels in Table 9).

Most effects are estimated less precisely than for employment, but a few patterns are worth
highlighting. The average merger leads to an initial contraction in value added followed by a
recovery in subsequent years with no more significant effects by t+3. However, the contraction
is deeper and the recovery slower than for employment, showing a 4.3% decline in value added
upon impact and still showing a decline of 3.1% by t+2. Given the larger decline in value
added than in employment, labor productivity also declines significantly for a few years and then
recovers.
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For horizontal mergers, the decline in value added in the year of the merger is 7.7%, which
is much larger than the 4.6% employment reduction. Although employment declines further
in later years, value added recovers and no longer shows a significant difference with the pre-
merger period by t+3. This opposite evolution is intuitive, as these firms are expected to sell a
lower quantity and require fewer production workers, but raise markups which contributes to the
recovery in value added. It is no surprise that there are no significant changes in productivity, as
there is no reason to expect efficiency gains or losses. Toward the end of the period, higher prices
could raise output per worker (in value terms), but there is too much variation across firms for
this effect to show up clearly in the results.

For the three types of vertical mergers where we conjecture that the employment expansion
was triggered by efficiency gains, most coefficient estimates are indistinguishable from zero.
Over the longer term, from t−1 to t+2 or t+3, output growth is significantly higher than for other
takeovers, but effects are not high in absolute terms. The productivity growth effects are estimated
equally imprecisely. The point estimates are higher than for other takeovers, but with p-values on
the test for differential effects of 18% and 33%, we cannot derive any strong conclusions from
these effects.

7. Conclusion

� We have evaluated the effects of takeovers or mergers on employment growth and report
two novel findings. First, based on a novel way to obtain a comprehensive sample of mergers
where firms integrate their workforces, we document that such takeover activity is remarkably
widespread. Much of the literature focuses on takeovers by large or listed firms, which is under-
standable, as these mergers are most likely to receive attention of competition policy authorities.
However, it misses to a large extent the important role that takeover activity plays in the firm-level
growth process. Second, the average effect of a merger on employment is negative, but this effect
is transitory. More interesting is the wide diversity in merger outcomes that we find. Previous
studies have evaluated differences in post-merger performance by conditioning on features of
the acquirer, for example, comparing takeovers by foreign and domestic firms, or the target firm.
In our sample, we find little systematic heterogeneity in outcomes when we distinguish mergers
along individual characteristics of either the acquirer or the target. We do, however, find strong
heterogeneity when we condition on combined characteristics of both partners.

The merger literature has documented a variety of reasons why firms engage in takeovers.
The subsequent performance is likely to depend on these motivations. Expected employment
effects are necessarily ambiguous if one averages over a broad sample of heterogeneous mergers,
and this might have contributed to the wide range of conflicting estimates in the literature. We
have proposed a two-step approach of pre-matching exactly on discrete covariates and propensity
score matching within cells defined by unique values of combinations of the discrete covariates.
The resulting observationally equivalent firm pairs are a more appropriate counterfactual for each
takeover. This empirical framework makes it possible to estimate separate effects on subsets of
takeovers, using the discrete covariates from the first step to define merger types. We show that
horizontal mergers that are likely to be motivated by market power lead to strong employment
declines. In contrast, employment rises for the remaining firms (80% of the total), whereas in
specific subsets of vertical mergers that are most likely to be motivated by efficiency gains,
employment expansions are quite large. The effects on value added or labor productivity for both
types of mergers are consistent with expectations, but estimated too imprecisely to yield strong
insights themselves.

A recent literature documents rising concentration and aggregate markups in the United
States, see, for example, De Loecker and Eeckhout (2017) and Autor et al. (2017). That mergers
often serve to increase market power is well understood and underpins the existing antitrust laws.
In a static context, the exercise of market power naturally increases prices and lowers output. We
show, however, that mergers are more likely than not to increase employment and presumably also
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output. This will further strengthen their impact on concentration and could lead to market power
in subsequent years, as larger firms could benefit from network effects or increase investments
in innovation or product quality. The role of the two types of mergers—with their differential
effects—in this aggregate evolution is an important topic for further study.

Appendix A

This appendix describes how employment levels are imputed if firms undergo multiple restructurings.

� Imputation of employment levels in the case of multiple restructurings. To estimate the net effect of takeovers
on firm employment growth as accurately as possible, we reconstruct consistent employment histories up to three years
before and three years after the takeover year for firms that undergo other changes in firm structure, which can be another
merger or takeover, or a split-up or divestiture. This can affect target or acquirer firms engaged in a takeover in the
pre-takeover period, or the merged entity in the post-takeover period.

Our approach is to impute employment growth at the firm level by assuming the same growth rate for each firm
involved in a restructuring event. More specifically, we first construct an aggregate employment level that combines all
firms interlinked in a given year between t and t+1. Firm-level employment in t+n with n = {1,..,3} is then imputed by
assuming the same growth rate for each firm involved in the event as the growth in aggregate event-level employment.
The imputation method treats split-offs and consolidations symmetrically and preserves the firm size distribution in the
sample. Employment is only imputed for three years after the event or up to the occurrence of a second event, if this
comes earlier. Beyond that, firm observations are excluded from the analysis, as correcting for multiple events involves a
complex set of interlinked firms and the imputation often becomes less reliable.

We perform a similar, backward employment imputation for up to three years before a takeover if, leading up to
the takeover of interest, either the target or acquirer firms themselves originate from an earlier firm restructuring, for
example, from a split-up, divestiture, or merger of other firm(s). More details on the methods for identifying events and
imputing employment histories is provided in Geurts (2016) and Geurts and Van Biesebroeck (2016).

Appendix B

Background information and additional results are provided in the following additional tables.

� Additional tables.

TABLE B1 Variable Description

Explanatory Variables Description

Firm-level variables
Size in t−1 The number of employees a firm employs at the last point of

observation before the takeover, that is, at June 30 of year t−1.
Pre-merger growth rate (t−3 to

t−1)
The employment growth rate in the two-year period before the

takeover:gi = (Eit−1 − Eit−3)/Ei wi th Ei =
(Eit−1 + Eit−3)/2.

Firm is part of an enterprise group
(dummy)

Takes a value of one if firm i owns at least 50% of the shares of
another Belgian firm or is owned by another Belgian firm for at
least 50% in t−1 or t−2.

Labor productivity The ratio of value added over the year and the employment level at
June 30 (the size variable). Nominal values are not deflated, as all
comparisons are within the same industry and year (or time
period).

Capital Total assets as reported in the firm’s annual accounts.
Age in t -1 Difference between t -1 and the firm’s year of foundation (or 1956

if earlier), as reported in the firm’s annual accounts.
FDI (dummy) Takes a value of one if firm i is either receiver or sender of FDI in

t−2.

(Continued)
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TABLE B1 Continued

Explanatory Variables Description

Industry variables
Declining industry (dummy) Takes a value of one if the industry at the NACE 2-digit level

exhibited negative output growth between t−3 and t−1.
Knowledge-intensive industry

(dummy)
Takes a value of one if the industry at the NACE 2-digit level is

high-tech manufacturing industry or a knowledge-intensive
service industry (source: Eurostat http://ec.europa.eu/eurostat/
cache/metadata/DE/htec_esms.htm).

Industry concentration ratio Employment share of the four largest firms at the NACE 3-digit
industry level (166 industries) in t−1.

Increasing industry concentration
(dummy)

Takes a value of one if the industry concentration ratio increases
from t−3 to t.

Industry classifications
NACE 3-digit level 166 industries
NACE 2-digit level 76 industries
Sector groups Nine groups: Agriculture; Manufacturing; Energy; Construction;

Trade; Transportation; Accommodation; Business services;
Other services.

TABLE B2 Share of Firms Involved in a Restructuring Event

Number of Observations Share in Event

(t) (t to t+1) (t to t+2) (t to t+3)

Takeovers 2,259 .14 .25 .34
Firms in control sample 128,025 .02 .03 .05

TABLE B3 Determinants of Becoming an Acquirer or Target: Identified Using Either Method

Dependent variable is a dummy for . . .

Acquiring Firm in Period t−1 to t Target Firm in Period t−1 to t

Commercial Court Employee-Flows
Only

Commercial Court Employee-Flows
Only

Takeovers are identified by . . . (1) (2) (3) (4)

Size (log employment in t−1) 1.527
***

1.252
***

1.157
***

2.385
***

(.141) (.156) (.085) (.139)

Size² (log employment in t−1) −.086
*** −.054

*** −.118
*** −.319

***

(.015) (.017) (.013) (.024)

Pre-merger growth rate (t−3 to t−1) −.333
*** −.399

*** −1.310
*** −.804

***

(.126) (.145) (.087) (.096)

Part of enterprise group 1.345
***

.623
***

1.463
***

.888
***

(t−2 or t−1, dummy) (.061) (.070) (.061) (.073)

FDI (t−2, dummy) −.238
** −.168 .195

* −.209
(.102) (.131) (.117) (.182)

NACE 3-digit FE (166 classes) Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Pseudo R2 .167 .111 .143 .121
No. of observations 125,682 125,849 548,722 546,297

Notes: Coefficient estimates from logistic regressions. Results are based on the sample of takeovers and nonmerging firms
in 2006–2012, which in columns (1) and (2) satisfy the preconditions of an acquirer in t−1 (at least four years old and 10
employees) and in columns (3) and (4) the preconditions of a target (at least one year old and two employees). Standard
errors in parentheses; *, **, *** indicate significance at the 10%, 5%, or 1% level.
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TABLE B4 Correlations between Acquirer and Target Characteristics Before and After Matching

Pre-matching Post-matching
(Year before the merger) Takeovers (random firm pairs) (top 20 controls)

(a) Correlations between same characteristics of acquirer and target:

Employment level .537
***

.267
***

.196
***

Employment level (top-coded) .563
***

.246
***

.577
***

Employment growth .078
*** −.003 .055

***

Part of enterprise group .589
***

.012 .589
***

Value added per worker (log) .268
***

.022 .174
***

Total capital per worker (log) .463
***

.015 .261
***

Age .245
***

.013 .170
***

(b) Correlation between a few different acquirer (ACQ) and target (TAR) characteristics:

ACQ age - TAR growth −.129
*** −.012 −.072

***

TAR age - ACQ growth −.071
*** −.014 −.040

***

ACQ LP - TAR K/L ratio .280
***

.024 .173
***

TAR LP - ACQ K/L ratio .237
***

.012 .149
***

Notes: LP = Labor Productivity; K/L ratio = Capital-Labor ratio. The correlations in the Pre-matching column, for
randomly created pairs of a potential acquirer and potential target, are calculated over 10 simulations and the average
correlations are shown. *, **, *** indicate significance at the 10%, 5%, or 1% level.

TABLE B5 Robustness Checks for the Effect of Takeovers on Employment Growth

Dependent variable: cumulative employment growth rate

Takeover Period Two-Year Period Three-Year Period Four-Year Period
(t−1 to t) (t−1 to t+1) (t−1 to t+2) (t−1 to t+3)

(a) Using 20 controls per takeover (baseline from Table 5)
Takeover effect −.014*** −.002 .001 .013

(.003) (.007) (.009) (.013)
No. of observations 50,610 44,268 36,120 26,880
No. of takeovers (a)–(f) 2,410 2,108 1,720 1,280

(b) Using one control per takeover
Takeover effect −.013*** .003 .013 0.032**

(.004) (.008) (.012) (.017)
No. of observations 4,820 4,216 3,440 2,560

(c) Using 100 controls per takeover
Takeover effect −.016*** −.008 −.007 .001

(.003) (.006) (.009) (.012)
No. of observations 253,005 212,531 173,456 129,053

(d) Full sample (up to 1000 controls) with propensity score included in the performance regression
Takeover effect −.018*** −.002 −.034 −.015

(.003) (.005) (.006) (.067)
No. of observations 2,284,426 1,991,781 1,611,923 1,180,257

(e) Doubly robust estimation: Full sample (up to 1000 controls) with inverse-propensity score weighting
Takeover effect −.019*** −.018** −.017 −.014

(.004) (.008) (.013) (.018)
No. of observations 2,144,236 1,863,293 1,516,445 1,125,990

(f) Estimate the propensity score on more broadly defined cells (20 controls per takeover)
Takeover effect −.018*** −.011 −.016* −.012

(.003) (.007) (.009) (.013)
No. of observations 50,610 44,268 36,877 27,584

(g) Omit takeovers (and their controls) with imputed employment (20 controls per takeover)
Takeover effect −.014*** 0.016** −.003 .008

(.003) (.007) (.008) (.009)
No. of observations 41,382 35,398 28,792 21,656
No. of takeovers 1,881 1,609 1,310 988

(Continued)
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TABLE B5 Continued

Dependent variable: cumulative employment growth rate

Takeover Period Two-Year Period Three-Year Period Four-Year Period
(t−1 to t) (t−1 to t+1) (t−1 to t+2) (t−1 to t+3)

(h) Removing firms that exit from the sample in t+2 or t+3 (rather than coding dependent variable as −2)
Takeover effect −.014*** −.003 −.001 −.010

(.003) (.007) (.010) (.013)
No. of observations 50,610 40,004 33,545 25,149
No. of takeovers 2,410 1,999 1,660 1,237

(i) Balanced sample of firms that survive to the end of the period (t+3) (20 controls per takeover)
Takeover effect −.012*** .003 .007 .019

(.004) (.009) (.011) (.013)
No. of observations 26,880 26,880 26,880 26,880
No. of takeovers 1,280 1,280 1,280 1,280

Notes: Same specification and estimation method as in Table 5, panel (b).

TABLE B6 Effects of Takeovers on Employment: Evaluating the Validity of the Key Identifying Assumption

Dependent variable: cumulative employment growth rate

Takeover Period Two-Year Period Three-Year Period Four-Year Period
(t−1 to t) (t−1 to t+1) (t−1 to t+2) (t−1 to t+3)

(a) Using randomly selected controls, stratified by horizontal/vertical merger
Takeover effect −.013*** .020*** 0.044*** 0.081***

(mean of 10 simulations) (.004) (.008) (.011) (.015)
No. of observations 50,610 44,268 35,987 26,128
No. of takeovers 2,410 2,108 1,721 1,281

(b) Placebo test 1: Use randomly assigned takeover pairs
Takeover effect .002 .009 .016 .021
(mean of 10 simulations) (.003) (.008) (.012) (.017)
No. of observations 50,610 29,335 16,559 8,930
No. of takeovers 2,410 2,057 1,698 1,344

(c) Placebo test 2: Recoding actual takeovers as taking place two years earlier
Takeover effect .010*** .036***

(.003) (.005)
No. of observations 37,842 37,842
No. of takeovers 1,802 1,802

Notes: Same empirical specification and estimation method as in Table 5 panel (b), but using an alternative way of
selecting controls in (a) or defining the takeovers in (b) and (c).
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