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1 Introduction

It is a well established fact in the economics and finance literature that imperfect capital markets

grant firms differing access to capital markets, which may result in different firm-specific costs of

capital.1 One commonly used measure which represents firms’ access to capital markets and the

associated cost of capital is the discount rate (see e.g. Easley and O’hara (2004) and Diamond

and Verrecchia (1991)). For capital budgeting purposes, the discount rate is frequently applied

to evaluate optimal investment levels accounting for the riskiness of investment opportunities,

which often varies across firms and projects. Hence, a firm-level discount rate is an integral

component in the evaluation of firm-specific investment projects and firm values.

Recent studies have also established insight into the link between the discount rate and merger

formation.2 The studies provide evidence that the discount rate has an impact on firms’ merger

and acquisition decisions. Moreover, it has been shown that acquiring firms are frequently

characterized by a lower cost of capital than target firms (Erel, Jang, and Weisbach (2014),

Fluck and Lynch (1999), and Khatami, Marchica, and Mura (2014)).3 The value of investment

projects or mergers is frequently assessed in a dynamic context, in which future cash flows are

discounted to determine a present value, see e.g., Pesendorfer (2003), Gowrisankaran (1999) and

Davis and Huse (2010).4 The future cash flows are discounted according to a firm-level discount

factor, which plays a crucial role in determining the present value of an investment project such

as a merger. It reflects the opportunity cost of spending limited resources today in exchange

for expected payoffs tomorrow.5 Discount factors reflect firms’ patience levels or willingness to

wait for the returns to investments. More specifically, firms characterized by higher discount

factors place more weight on future cash flows; they are more patient and more willing to wait

for future returns on investments than firms characterized by lower discount factors. Thus, firms

1Capital markets may be imperfect due to a variety of reasons, such as asymmetric information and monitoring
costs (Akerlof, 1970), limited commitment, and/or costly default (Andrade and Kaplan, 1998).

2Over the last two decades, mergers have become a more common investment strategy for firms achieving
growth and competitive advantages. From 1990 to 2007, the number of mergers increased over three-fold and the
transaction value of mergers increased more than five-fold. The values are based on merger data taken from the
Thompson Financial SDC Platinum Global merger database, and calculated in constant 1983 US-dollars.

3Mergers are considered as an appropriate instrument for target firms to overcome financial constraints.
4This evaluation process is often referred to as the discounted cash flow (DCF) method. Mukherjee, Kiymaz,

and Baker (2004) provide a survey on the application of the DCF method.
5Note, the firm-level discount factor (δi) is inversely related to the firm-level discount rate (ri), i.e. δi = 1

1+ri
.
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with higher discount factors might see comparatively greater value in investments into a merger

project as future profits are valued higher than by impatient acquirers which are characterized

by a lower discount factor.6

Mergers differ with respect to when they realize added value. While some mergers generate

instant added value due to a dominant market power effect, other mergers generate value added

due to efficiency gains which are realized in the more distant future (Kim and Singal, 1993).7

Since firms with higher discount factors attach a greater value to returns realized in the more

distant future, they assign a higher net present value to mergers that generate value added in

the longer run due to realized efficiency gains. In contrast, firms with lower discount factors

might favor mergers that generate a more instant payoff due to market power effects. Therefore,

depending on the acquirers’ discount factors, we would expect acquirers to sort themselves into

different types of mergers, depending on whether mergers are profitable in the short run or

rather become profitable in the longer run. Accounting for the fact that firms have different

incentives to select themselves into different types of mergers (efficiency versus market power

driven mergers), it is reasonable to believe that those mergers will also cause different impacts

on market performance, especially on consumer welfare and the prices offered in the product

market.

Our study examines if firms with different discount factors select themselves into mergers for

different purposes, i.e., mergers to primarily achieve efficiency gains versus mergers aiming to

increase market power.8 Our study also evaluates if firm-specific discount factors contribute to

explaining the ultimate impact on consumer welfare through changes in output and prices. This

is an important question, as the dominance of those arguments determines market performance

and total surplus. Up to date, very little is known about the link between firm-level discount

factors and the impact of mergers on consumer welfare.

6Firms with higher discount factors are frequently referred to as patient firms in the literature. Likewise, firms
with lower discount factors are often referred to as an impatient firm.

7For example, the merger between Delta and Northwest Airlines and the merger between United and Conti-
nental Airlines realized value added only after one and a half years.

8For more information on endogenous merger formation, see Tombak (2002), Compte, Jenny, and Rey (2002),
Vasconcelos (2005), and Javonovic and Wey (2012). As an example for endogenous merger formation, Tombak
(2002) shows that firm size (and firm efficiency) explains firms’ incentives to merge, i.e., the largest firm acquires
the next largest firm etc.
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In the merger literature, it is common to distinguish whether the value created from merging,

which could be a mix of efficiency gains and increased market power, is dominated by efficiency

gains or by increased market power.9 Efficiency benefits gained from merging are beneficial

to producer and consumer surplus, as output units are transferred from less efficient to more

efficient production facilities (Salant and Shaffer (1998; 1999)). In contrast, market power effects

are associated with elevated prices which are beneficial to producers but harmful to consumers.10

In addition to the impacts on market performance discussed above, it should be noted that

firms’ discount factors may also impact merger activity through several alternative channels that

are not explicitly modeled in this paper. Because a merger includes firms with differing discount

factors, it is possible that financial synergies may occur when the merger enables the new entity

to access the capital markets at a lower cost (Erel, Jang, and Weisbach, 2014; Mueller, 1969).

Additionally, the discount factor may influence mergers during the negotiating process—either

via discussions on the method of payment or how the surplus is divided. Impatient target firms

will have lower bargaining power during the negotiations and often prefer cash over equity.

Our study concentrates on semiconductors, which are used as an input for electronic devices.11

The semiconductor industry provides a natural object for assessing the role of the discount

factors in the formation and impact of mergers for the following reasons: First, a large number of

horizontal mergers are performed in the industry. Second, the industry is characterized by a large

degree of heterogeneity across firms in production and innovation, which allows us to emphasize

the impact of mergers on market power and efficiency gains. Third, our dataset contains detailed

firm-level production data, which enables us to use future profits to identify firm-specific discount

factors. Fourth, learning-by-doing, which is well documented in the semiconductor industry,

leads firms to incorporate future discounted earnings into current production. Against the

background of learning by doing, firms’ intertemporal production decisions enable us to identify

9Williamson (1968) highlighted the trade-off between market power and efficiency benefits in determining the
impact of mergers on consumer welfare.

10Common oligopoly models predict that if the merger results in sufficient cost synergies to outweigh the
market power benefits then the price will decline and market share will increase. Likewise, if the market power
benefits outweigh the cost synergies, then the price will increase and market share will decline, see also Farrell
and Shapiro (1990), Stigler (1964), Perry and Porter (1985), Salant, Switzer, and Reynolds (1983), or Gugler and
Siebert (2007).

11A detailed industry description is provided in the next section.
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firm-specific discount factors. To summarize, the industry provides a natural object for assessing

the role of the discount factors in the formation and impact of mergers.

We use detailed firm-level production and innovation data on the semiconductor industry

from 1989–2004. Our dataset contains publicly traded and privately held firms. For publicly

traded firms, it is common procedure in the finance literature to use stock market price data to

calculate the discount factors.12 This procedure would constrain our study to publicly traded

firms. Since the majority of firms in our dataset are privately held, however, it would cause

information loss and a potential selection bias. Moreover, using price data to determine discount

rates could introduce bias because the market often anticipates mergers and adjusts for the effects

on both the merging firms and their competitors (Duso, Neven, and Röller, 2007; Fridolfsson

and Stennek, 2005). Thus, one empirical challenge in our study is to obtain the firm-specific

discount factors for privately held firms. Building on a framework by Irwin and Klenow (1994),

we estimate firm-specific discount factors from firms’ supply relations.13

Using the estimated firm-level discount factors, we proceed with evaluating firms’ incentives

to form mergers, as well as their competitive effects against the background of firm-specific

efficiency levels and discount factors. Our estimation procedure will explicitly account for firm

heterogeneities, as firms achieve different profit gains from merging and realize different impacts

on the product market depending on their efficiency levels. Following Heckman, Urzua, and

Vytlacil (2006), we apply a heterogeneous treatment effects model to control for two potential

biases, i.e., (i) the pre-treatment heterogeneity bias or selection bias, and (ii) the treatment-effect

heterogeneity bias.14

The pre-treatment heterogeneity relates to the fact that heterogeneous firms select themselves

into mergers based on their anticipated gains. For example, firm pairs characterized by more

asymmetric costs might be able to gain higher profits from merging via production rationaliza-

tion and synergy effects. Not accounting for firms’ self-selection into mergers might imply that

12Common methods to calculate the discount rate include the CAPM (Sharpe, 1964), Fama-French 3-factor
model (Fama and French, 1993), or the Fama-French Carhart 4-factor model (Carhart, 1997).

13Note, that the estimation from firms’ supply relations is similar to the methods proposed by Berry and Pakes
(2000) and Aguirregabiria and Magesan (2013).

14See also Angrist and Krueger (1999), Heckman, Urzua, and Vytlacil (2006), Morgan and Winship (2007),
Dehejia and Wahba (2002), and Brand and Xie (2010), Brand and Thomas (2013), and Pais (2011).
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mergers have drastic competitive impacts, simply because some merging firms are more efficient

than non-merging firms. Consequently, the ignorance of firms’ self-selection into mergers may

result in an upward bias if estimated by ordinary least squares. The (post) treatment-effect

heterogeneity relates to the fact that firms experience heterogeneous impacts after merging.

For example, research and production intensive firms might achieve higher gains in the tech-

nology and product markets irrespective of whether they formed a merger or not. Ignoring

the treatment-effect heterogeneity might support the finding that mergers appears to increase

the competitiveness in the product market, simply because merging firms were already more

research and production intensive than non-merging firms, before they selected themselves into

mergers.

Our study provides evidence that firms’ discount factors largely contribute to explaining

merger formation and also explain the impact on product market performance. Our estimated

firm-level discount factors confirm a significant degree of heterogeneity between firms. We find

that acquiring firms characterized by high discount factors (patient firms) merge with efficient

and innovative target firms. Their market shares increase from 1.28% pre merger to 1.73% post

merger. This result implies that efficiency benefits dominate market power benefits for mergers

among firms with high discount factors. The associated increase in market shares translate into

price reductions, as predicted by common oligopoly models, see e.g., Farrell and Shapiro (1990).

In contrast, acquiring firms characterized by low discount factors (impatient firms) merge with

large and less innovative target firms. They achieve higher market power effects in mergers,

and their market share reduces from 3.29% to 3.0%, which indicates an increase in prices.15 In

summary, our results show that the discount factor determines firms’ incentives to engage in

mergers, and also explains the dominance between market power and efficiency gains in mergers.

Our counterfactuals show that potential mergers between nonmerging firms would have gen-

erated mostly market power effects, i.e., the average treatment effect on market share is over-

whelmingly negative. This result provides evidence that nonmerging firms would have not

achieved the magnitude of efficiency gains that was realized by actual merging firms. Hence,

15Although market power may not be large in this situation, the decrease in market share is consistent with an
increase in price and a reduction in output.
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efficiency gains play a relevant role in mergers.

This study is structured as follows: Section 2 provides a description of the industry and the

data. Section 3, introduces the empirical model and explains the estimation procedure. Section

4 discusses the estimation results for discount factors and the marginal costs. Next, we present

the estimates from the heterogeneous treatment model and assess the role of discount factors

on merger formation and the impact of mergers. Finally, Section 5 concludes.

2 Industry and Data Description

The semiconductor industry is one of the most important high-technology industries because

it affects many downstream industries. Semiconductors are widely used in the computer in-

dustry, consumer electronics, and in communication equipment. Semiconductors are usually

distinguished between microprocessors, memory chips and other related devices.

The firm-level revenue data are provided by the Gartner Group. The dataset contains annual

firm-level revenue from 1989 to 2004 for the semiconductor market overall, as well as several sub-

markets, i.e., static and dynamic random access memories, and flash memories.16 It includes

international firms which actively produce in the semiconductor industry and generate more

than one million US-dollar in annual revenue. Using the producer price index (PPI) as a proxy

for the price of a semiconductor, we convert semiconductor revenue into quantity.17

Our merger data are taken from the Thomson Reuters SDC Platinum database for global

mergers for the 1989-2004 time period. Since our focus is on the relation between efficiency

and market power effects, we focus on horizontal mergers and select mergers where both, the

acquirer and the target firm are active semiconductor chip producers according to the production

data provided by the Gartner Group.18 This results in 133 mergers. We account for changes in

ownership by assigning all revenue from the target firm to the acquiring firm beginning the year

the merger becomes effective. In the rare cases where the same target is acquired multiple times

16For a more thorough description of this data see Gugler and Siebert (2007).
17The PPI for “Semiconductor and Other Electronic Component Manufacturing” is provided by the Bureau of

Labor Statistics using 1988 as the base year, http://www.bls.gov/ppi/.
18At a high level, ‘Semiconductors and Related Devices” corresponds to the Standard Industry Classification

(SIC) of 3674.
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by different acquiring firms over time, we assign the target’s revenue to the first acquirer until the

time of the subsequent merger. At this point, all revenue from the target firm is reassigned to the

second (or next) acquiring firm.19 Table 1 shows the number of firms with revenue data, total

industry revenue, as well as the number of mergers per year. The table shows that the number

of mergers increased from the mid 1990s until peaking in year 2000. On average, 8 mergers

were performed each year. Moreover, the number of producing firms, total revenue, and average

production increased until roughly 2000 and then slightly declined afterwards. The production

pattern is highly correlated with the number of mergers in the industry. Within the industry,

there is much heterogeneity among firms, especially with regard to quantity produced. Figure 1

shows a scatter plot of annual quantity by firm.20 As shown in the figure, the industry consists of

many small producers and a few large producers. Note, the order between firms, i.e., which firm

is the largest and second largest producer, remains relatively stable over time. This observation

indicates that time-invariant heterogeneity across firms is an important characteristic to control

for.

Additionally, we use patent information from the United States Patent and Trademark Office

available in the National Bureau of Economic Research database.21 For descriptors on the data

and methodological methods see Hall, Jaffe, and Trajtenberg (2001). The patent database allows

us to track the patent applications of firms over time. The dataset provides information for more

than 109,000 patent applications submitted between 1975 and 2004 in the semiconductor indus-

try.22 We establish a patent stock for every firm by accumulating the annual firm-level patents

over time, allowing for an annual depreciation rate of 5%. Figure 2 shows the accumulated

number of patents for every firm and provides evidence that firms also exhibit heterogeneity in

innovation, in addition to heterogeneity in production. Moreover, it is interesting to note that

the firms with higher production levels also have larger patent stocks.23 The large degree of firm-

19In the single case where a target firm is acquired by two firms in the same year, we assign all target production
to the merger that occurred later in the year.

20The following largest producers are illustrated in the figure: Intel, Toshiba, Hitachi, Texas Instruments, NEC
Corporation, Fujitsu, and Vitesse.

21The patent data is available at https://sites.google.com/site/patentdataproject/Home.
22Since each patent is categorized into technology classes, we are able to retrieve the patents that belong to

semiconductors.
23IBM is the one notable exception with the highest accumulated patents but very little production. It is well

known in the industry that IBM frequently licenses production to other firms.
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level heterogeneity in production and innovation indicates that firms’ selection into mergers is

an important fact to consider when evaluating the impact of mergers.

We also use several additional controls. First, it is well documented that learning-by-doing

from own experience and from other firms’ experience via spillovers is an important phenomenon

in the semiconductor industry. To account for own learning-by-doing, we use past accumulated

firm-level production as a proxy, and to account for spillover learning we use past industry-

level production by all other firms. Also, we include several industry-level variables that will

serve as supply and demand shifters: semiconductor wage, number of firms, and the GDP in

electronics.24 Table 2, provides the summary statistics for these variables. The average firm

has a market share of 0.7%, which corresponds to average annual production of 14.56 million

semiconductor chips. The accumulated production at the firm level is, on average, 54.10 million

units and the average accumulated production by others in the industry is much larger at 11.188

billion units. A firm applies on average for 36.27 semiconductor patents per year and is described

by a patent stock that consists of 227.04 semiconductor patents. The average semiconductor

price over the period is $71.98 USD.

3 The Empirical Model

Our ultimate goal is to investigate the role of firm-level discount factors in evaluating the impact

of mergers on market performance. We are especially interested in the relationship between the

discount factor and efficiency gains. In evaluating the competitive impact of mergers we take

advantage of our highly detailed production data and measure the impact of mergers on the

post-merger output of merging firms. We follow seminal theoretical contributions on mergers

and evaluate the change in market shares before and after the merger which is sufficient for

drawing conclusions for post-merger prices. Farrell and Shapiro (1990), among others, have

shown that if the market power effects dominate the efficiency effects in a merger, the market

shares decline after merger formation and prices will increase. In contrast, if the efficiency gains

24Wage information is from the Yearbook of Labour Statistics (1988–2004), ISIC second revision 3832 which
includes “semiconductor and related sensitive semiconductor devices” for U.S. manufacturers. The GDP infor-
mation is from the Bureau of Economic Analysis for “Electrical equipment, appliances, and components”.
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dominate the market power effects, market shares will increase and prices will decline.25

Since a merger is described by two independent firms merging to one entity, we formulate

firm-pairs and evaluate the change in market shares (before and after merging) and compare

those changes between merging and non-merging firms in firm-pairs. To formally formulate

the outcome equation, we consider a set of semiconductor firms i ∈ I and form firm-pairs by

matching each firm with each other for every year t. Firm-pairs are denoted by a subindex j, k,

where j ∈ I is specific to the acquiring firm in a merger, and k ∈ I refers to the target firm.

The main equation of interest evaluates the effect of a merger—indicated by the merger dummy

Mj,k,t, which takes on a value of 1 if firms j and k merged in period t, and 0 otherwise—on the

change in market shares MS from year t − 1 to year t and, for robustness, to year t + 1. In

specifying the outcome equation, we follow Mueller (1985) and Gugler and Siebert (2007) and

specify firms’ market shares as functions of the mergers, and past market shares. We consider

the sum of the market shares between firm j and k (MSj,k,t = MSj,t +MSk,t) in every period

t. Hence, MSj,k,t is the joint production if a firm-pair merged in period t, and it is the sum

of the firm-pair market share if the firm did not merge in period t. The outcome equation is

formulated as follows:

MSj,k,t = ρ0 + ρ1MSj,k,t−1 + ρ2Mj,k,t + ρ3Mj,k,t(δj − δ) + ρ4δj + γX + εj,k,t. (1)

Note, the interaction between the merger indicator and the acquirer’s discount factor allows for

heterogeneous effects. Hence, we allow the impact on market shares to vary for acquiring firms

with different discount factors (Mj,k,t(δj − δ)). It is important to remember that we assume

the heterogeneity of the discount factors mostly stems from imperfections in capital markets,

such that the discount factors enter our model exogenously. The matrix X contains additional

controls which we introduce further below, γ is a vector of parameters, and εj,k,t represents the

error term.

In estimating the outcome equation, we face two important challenges: first, firm-level dis-

count factors (δj) are unobserved and second, mergers (Mj,k,t) are endogenous events. To over-

25See also Mueller (1985) and Gugler and Siebert (2007).
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come the first problem, we estimate firm-specific discount factors from firms’ supply relationships

as we explain in detail in Section 3.1. Next, in order to to control for endogenous selection into

mergers, we apply a heterogeneous treatment effects estimator suggested by Heckman, Urzua,

and Vytlacil (2006). This endogenous merger selection is explained in Section 3.2.

3.1 Supply Relationship

In following Irwin and Klenow (1994) and Siebert (2010), we consider an oligopolistic market

and estimate firm-specific discount factors (δi) from firms’ supply relations. We consider the

set of all semiconductor firms i ∈ I in this section. Note, that we have firm-specific production

information at the semiconductor market level, which is more disaggregate than overall firm-

level information.26 Therefore, applying the same assumptions as Irwin and Klenow (1994), we

assume that each semiconductor firm chooses its output (qi,t) within a Cournot framework to

maximize its discounted firm value. The firm’s maximization problem is given by

max
qi,t

Πi = E0

[ ∞∑
t=0

δti(Pt −MCstati,t )qi,t

]
, (2)

where E0 is the expectation operator conditional on information at time 0, Pt is the price

at period t, MCstati,t is the static marginal cost, and δi is the firm-level discount factor. As

mentioned above, the firm-level discount factor relates to the firm-level discount rate (ri) as

follows: δi = 1
1+ri

. As modeled, the discount factor measures the value a firm places on future

profits and is used to calculate present value. A lower discount factor indicates that a firm values

future profits less. The first order condition with respect to quantity becomes:

P0

(
1 +

MSi,0
α1

)
= MCstati,0 + E0

[ ∞∑
t=1

δtiqi,t
∂MCstati,t

∂qi,0

]
, (3)

where α1 is the price elasticity of demand. The first order condition (3) indicates that price,

adjusted for a firm-specific markup, is equated to the dynamic marginal cost. The dynamic

26Focusing on more disaggregate markets such as the Dynamic Random Access memories or Static Random
Access would leave us with very few merger cases. Another advantage with focusing on the semiconductor level is
given by the fact that most firms are specialized in semiconductors and we are able to better evaluate an overall
firm-level discount factor in the semiconductor industry.
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marginal cost is composed of the static marginal cost (MCstati,0 ) plus an adjustment term that

accounts for the discounted value of future cost reductions (
∑∞

t=1 δ
t
iqi,t

∂MCstati,t

∂qi,0
) achieved from

learning. This incorporates firms’ intertemporal production strategy, as they increase current

production to achieve future cost reductions (Wright, 1936). Firms with higher discount factors

obtain the most benefit from learning by doing. Hence, firms optimize production according to

their dynamic marginal costs which lie below static marginal costs (MCstati,t ).

Using a recursive formulation, the equation becomes

Pt

(
1 +

MSi,t
α1

)
−MCstati,t − δi

[
qi,t+1

∂MCstati,t+1

∂qi,t
+ Pt+1

(
1 +

MSi,t+1

α1

)
−MCstati,t+1

]
= 0, (4)

where
∂MCstati,t+1

∂qi,t
accounts for changes in the marginal costs in time t + 1, which result from

production in time t. The discount factor (δi) describes the intertemporal link between current

quantity and future savings in the next period through learning by doing. Equation (4) forms

the center of how we identify the discount factor. Firms characterized by a higher discount

factor (more patient firms) value future profits streams higher than firms with lower discount

factors (more impatient firms). Firms with lower discount factor impose less weight on profits

realized in the future.27 Our identification argument builds on a well established institutional

feature of the semiconductor industry, i.e., the existence of learning by doing. In the presence

of learning by doing, firms account for the fact that a higher contemporaneous production

accumulates more experience in the future, which generates future cost savings. Forward looking

firms price according to dynamic marginal costs and increase production beyond the statically

optimal production level. They “overproduce” in a static sense to benefit from further future

experience and cost savings. Hence, instead of determining their optimal output according to

firms’ static marginal cost, they produce along their dynamic marginal costs which lie below

the static marginal costs. In contrast, impatient firms place more weight on current profits

and value future returns less. They have a lower incentive to overproduce and invest in future

cost reductions. In the extreme case, myopic firms value only current profits, adopt a statically

27The economics and management literature frequently refers to firms with higher discount factors as being
more patient than firms with lower discount factors.
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optimal production plan, and produce according to their static marginal costs. To summarize,

interdependence between today’s optimal production and the incentive to invest in future cost

reductions enables us to identify firms’ discount factors. Rearranging equation (4), we obtain

the following estimation equation:

Pt

(
1 +

MSi,t
α1

)
= MCstati,t +δi

[
qi,t+1

∂MCstati,t+1

∂qi,t
+ Pt+1

(
1 +

MSi,t+1

α1

)
−MCstati,t+1

]
+νi,t, (5)

which includes a normally distributed error term, νi,t.

We follow Irwin and Klenow (1994) and assume a semi-log marginal cost function,28

MCstati,t = λi + λ1log(Acqi,t) + λ2log(Acq−i,t) + λ3log(Waget) + λ4Pati,t. (6)

Learning by doing is incorporated at the firm-level, using a firm’s total past accumulated produc-

tion (Acqi,t) as a proxy for its experience. We also account for learning from others via spillovers

from accumulated production of all other firms (Acq−i,t). We expect both, own learning and

spillover learning, to lower the marginal cost (i.e., λ2 < 0 and λ3 < 0). Also, the factor price

of semiconductor wages is included to account for shifts in the marginal costs due to changes in

input prices.29 Patent applications are included to control for innovations that could affect the

cost of production. Finally, we allow for a firm intercept (λi) to account for firm heterogeneity.

The final estimation equation is obtained by inserting the corresponding marginal cost equation

(6) into equation (5).

3.2 Outcome Equation and Endogenous Selection

Our main equation of interest, also referred to as the outcome equation (1), assesses the evolution

of firms’ market shares over time. To properly estimate the outcome equation, we must account

for the endogenous selection into a merger. Our solution to the selection problem is to use the

heterogeneous treatment effects estimator which is detailed below.

As detailed above, we regress the joint market shares of firms j and k in period t (MSj,k,t) on

28Liu, Siebert, and Zulehner (2013) also apply this functional form.
29We also added the factor price of silicon, the main material input, however, it was highly correlated with

wages and had no significance.
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their joint market shares in period t−1 (MSj,k,t−1). In order to capture longer–term benefits, we

also evaluate the effect of mergers on joint market shares one year in the future (i.e., MSj,k,t+1).30

The outcome equation is specified as:

MSj,k,t = ρ0 + ρ1MSj,k,t−1 + ρ2Mj,k,t + ρ3Mj,k,t(δj − δ) + ρ4δj + ρ5N Firmst (7)

+ ρ6GDPelec,t + ρ7HEC1j,k,t + ρ8HEC0j,k,t +
23∑
y=9

ρyY eart + εj,k,t

We apply the heterogeneous treatment effects estimator suggested by Heckman, Urzua, and

Vytlacil (2006), which allows us to control for a potential pre-treatment bias (i.e., endogenous

merger formation) as well as the post-treatment effect.31 In closely following the heterogeneous

treatment effect literature, we account for heterogeneities in the effect of the merger for acquirers

of different discount factors by including the interaction term, Mj,k,t(δj − δ), where δ is the

mean of the discount factors across all firms. The outcome equation also includes the number

of firms (N Firms) to control for the degree of competition in the product market, electronic

GDP to control for downstream shifts in demand, and two Heckman correction terms (HEC1

and HEC0).32 The first correction term (HEC1 = Pj,k,t
φ(Zβ)
Φ(Zβ)) explains firms’ endogenous

selection into mergers, where Z and β represent the regressors and parameter estimates from

the selection equation (8) shown below, φ is the standard normal density function and Φ is

the standard normal cumulative distribution function. The second correction term (HEC0 =

(1 − Pj,k,t)
φ(Zβ)

1−Φ(Zβ)) becomes active when firms do not form a merger and is calculated in a

similar manner. Finally, we include year fixed effects and εj,k,t as the error term.

To account for endogenous merger formation and to derive the two Heckman correction

terms, we use a selection model that formulates firms’ decisions to merge. Firms simultaneously

decide if and with whom they want to merge. We have to consider all feasible pairwise merger

opportunities, since we allow every individual firm to be a potential merger candidate. We

specify the selection equation according to firms’ incentives and the value they generate from

30These results can be found in column (3) of Table 6
31Please note that equation (7) could be separately estimated on the treated and untreated group. For efficiency,

we combine the two groups for estimation.
32The structure of the outcome equation and the formaiton of the Heckman correction terms are based off of

the work of Cerulli (2012) and Heckman et al. (2006).
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merging. Hence, the decision for two firms j and k to form a merger in period t is based on a

comparison between firms’ values when they merge and when they do not merge. Let V ∗j,t and

V ∗j,t be the present value of the firms in period t. The merged pair realizes a post-merger value

of VM
j,t + VM

k,t , which is the summation of the individual payoffs to the acquirer and target and

the superscript M refers to a merger. If the firms do not merge, they earn profits denoted by

Vj,t + Vk,t. Hence, firms form a merger if M∗j,k,t = VM
j,t + VM

k,t − (Vj,t + Vk,t) > 0, where M∗j,k,t is

the latent variable measuring the underlying propensity to merge. Our selection model is based

on a probit model where Mj,k represents a dummy variable and takes on a value of 1 if firms

j and k merge in period t; otherwise it is 0. Hence, if firms engage in a merger in period t,

Mj,k,t = 1 and M∗j,k,t > 0, while if they don’t merge Mj,k,t = 0 and M∗j,k,t ≤ 0. The specification

of the selection equation looks as follows:

M∗j,k,t = β0 + β1∆MC
j,k,t−1 + β2∆δ

j,k + β3TRj,k,t−1 + β4Same Region (8)

+ β5MSj + β6MSk + β7AcPatj + β8AcPatk +

23∑
y=9

βyY eart + τj,k,t.

In order to properly estimate the outcome equation (7), the selection equation (8) must

contain instruments that impact the formation of mergers but do not impact the combined

market share (exclusion restriction). We use four instruments in the selection equation (8):

two instruments account for variation across time and firm-pairs, and two further instruments

account for variation across firm-pairs.

The first instrument, ∆MC
j,k,t−1, represents the relative absolute difference between marginal

costs the year before a potential merger occurs, ∆MC
j,k,t−1 =

|MCj,t−1−MCk,t−1|
max(MCj,t−1,MCk,t−1) , and is based on

arguments made in other theoretical studies. The studies by Bergstrom and Varian (1985) and

Salant and Shaffer (1998; 1999)) have shown that under Cournot assumptions, the equilibrium

quantities and prices in the industry (or a firm-pair) depend on the average costs. However, they

have also shown that Cournot industry output and prices are independent of the distribution

of marginal costs in the industry or between firm-pairs. A mean-preserving spread in marginal
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costs (i.e., an increase in the differences in marginal costs) will leave the equilibrium quantities

unchanged, see also Röeller, Siebert and Tombak (2007). Hence, the production is dependent

on the sum or the average of the firms’ marginal costs, but independent of the difference in

firms’ marginal costs. Therefore, the difference in marginal costs between firms will not have

an impact on the outcome or production equation. It is important to note that an increase

in firms’ differences in marginal costs increases firms’ and industry profits since more efficient

firms produce more output at a lower cost, which increases firms’ profits, see Bergstrom and

Varian (1985) and Salant and Shaffer (1999). Thus, an increase in firms’ differences in marginal

costs will increase the merging firms’ profits and therefore determine firms’ decisions to merge.

Therefore, asymmetries between firms directly effect the market share only through the merger

channel and the difference in marginal costs is an appropriate instrument for merging.33 The

identification argument is also statistically tested, see further below.

Next, we discuss ∆δ
j,k which represents the difference between the acquirer’s and target’s

discount factor, ∆δ
j,k =

|δj−δk|
max(δj ,δk) . Recent literature has shown that potential merger benefits

can exist if the two firms have differing access to capital markets, see (Erel, Jang, and Weisbach,

2014). As firms make the decision to merge, they will consider the potential benefits from

acquiring a target that has different access to capital markets. The increased profits from

providing a constrained firm with better access to capital markets will directly affect the decision

to merge. Note, the difference in discount factors between merging firms satisfies the exclusion

restriction because it only impacts combined market shares if the merger occurs. Also, following

again from the work by Bergstrom and Varian (1985), the industry output is independent of the

distribution of costs (i.e., capital costs).

Third, we establish a measure of technological redundancy (TRj,k,t−1) as an instrument in

the selection equation. Because many research efforts are substitutable, mergers between more

related firms in technology markets will results in avoidance of duplicate R&D efforts which

leads to savings in fixed costs. Upon implementation, we expect mergers between closely related

firms to increase joint profits. Note, the redundancy in technology does not directly impact

firms’ market shares, but rather has an indirect impact on firms’ market shares via mergers.

33For further discussion of this result in a merger context see Siebert and Roy (2014).
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We establish the measure of technological redundancy by adopting a measure frequently used in

other studies, see e.g., Jaffe (1986), Bloom, Schankerman, and Van Reenen (2005), and Siebert

and von Graevenitz (2010), and calculate the relatedness of firms’ levels of activities in differ-

ent technological (sub)markets, which belong to the semiconductor industry. We formulate an

uncentered correlation coefficient, which measures technological relatedness between firms each

period. Using the USPTO technological classification, we categorize all firms’ semiconductor

patent applications into 10 different classes.34 For each firm and technological classification (c),

we define Acj,t and Ack,t as firm-level variables which count the number of patent applications in

each technological class:

TRj,k,t =

∑10
c=1A

c
j,tA

c
k,t√∑10

c=1A
c
j,t

√∑10
c=1A

c
k,t

.

This measure results in a value between 0 and 1, where a value of 0 refers to firm-pairs with

completely unrelated technological research and a value of 1 refers to firm-pairs which are active

in the exact same technological areas.

As our last instrument, we follow Dafny (2009) and use an indicator for firms located in

the same region (Same Region) which accounts for important unobserved factors determining

mergers, such as cultural differences (Ahern, Daminelli, and Fracassi, 2012), trade barriers,

regional conditions, and technological market spillovers (Jaffe, Trajtenberg, and Henderson,

1993). Since the semiconductor industry is characterized by international production, it is

unlikely that the region variables have a direct significant impact on market shares. The dummy

variable, Same Region, is set to one if the firm-pair is headquartered in the same region (USA,

Europe, Japan, or Other Regions), otherwise the dummy variable takes on a value of zero.

In order to control for firm-level heterogeneity in the selection equation, we follow Wooldridge

(2002) and include averages of the acquirers’ and targets’ market shares (MS) and accumulated

patents (AcPat) over time.35 This controls for time-invariant unobservable factors such as

managerial talent, capital access, industry trends, macro market conditions, etc., which may

34We recover patents belonging to the semiconductor industry using the following technological classes: 257,
326, 360, 365, 369, 438, 505, 711, 712, 714, see also the USPTO webpage for further information.

35We follow this method instead of including firm fixed effects because our estimate for the discount factor does
not vary with time. Firm fixed effects would encompass the estimated discount factors and make it impossible to
determine the effects of the discount factor on merger decisions.
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effect the propensity to merge. Moreover, as a further control, we include year fixed effects.

Lastly, τj,k,t denotes the error term.

3.3 Estimation Algorithm

The complete estimation process incorporates the following steps. The details of each step will

be discussed below:

1. Estimation of price elasticity of demand (α1): Following Zulehner (2003), Siebert

(2010), and Liu, Siebert, and Zulehner (2013), we estimate the following demand equation:

log(Qt) = α0 + α1log(Pt) + α1log(GDPelec,t−1) + et. (9)

We instrument for price and apply a 2SLS method using a supply shifter (input price of

silicon, which is the main input for semiconductor production) and a proxy for competition

(number of firms) as instruments for price. A demand shifter (electronics GDP) is included

which controls for demand shifts originated by changes in the electronics (downstream)

markets.

2. Retrieval of marginal cost and discount factors: Using the estimated elasticity

from equation (9), we estimate the firm’s supply relation in combination with each firm’s

marginal cost to obtain firm-specific discount factors and firm/time-specific marginal costs.

3. Impact on product market: We estimate the impact of mergers on the product market

by applying the heterogeneous treatment effects estimator suggested by Heckman, Urzua

and Vytlacil (2006).

• Using the estimated discount factors (δ̂i) and the constructed marginal costs (M̂C
stat

i,t ),

we estimate the probit selection equation to investigate firm’s incentives to merge.

• Accounting for endogenous selection, we finally estimate the heterogeneous impact of

mergers on market performance (outcome equation (1)).
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4 Estimation Results

According to our outlined estimation algorithm, we begin with the estimation of the price

elasticity of demand from equation (9).

4.1 Price Elasticity of Demand

We proceed by instrumenting for price using the input price of silicon (log(Silct−1)) and the

number of firms (log(N Firmst−1)) as supply shifters. Controlling for supply shifters enables

us to trace out the slope of demand. The results for the 2SLS estimation are shown in Table 3.

The first stage regression returns a F-value of 40.62 with a p-value of < 0.001 and an R-squared

of about 0.92 which confirms a good fit for our regression. As well, the weak identification

test reports a Cragg-Donald Wald F-statistic of 44.02 which is larger than the Stock-Yogo 10%

critical value of 19.23, implying strong instruments. The estimated price elasticity of demand

(α1) takes on a value of −2.236 which is perfectly in line with the elasticity estimates of −1.5 to

−2.3 frequently seen in previous studies.36 The estimate for the GDP in electronics is positive

and significant illustrating the fact that higher GDP in electronics shifts demand outwards.

4.2 Marginal Cost and Discount Factor

Using the estimated price elasticity of demand, we continue with the estimation of the marginal

costs and discount factors. Ideally, we would like to simultaneously estimate equations (5) and

(6). However, a simultaneous estimation procedure would require estimating a firm fixed effect

in the marginal cost and another firm fixed effect as the discount factor. Instead, we proceed

with two different methods to circumvent this complication.

The first method accounts for firm and time heterogeneity by including average accumulated

patent applications at the firm level (Wooldridge, 2002) and by including a year effect in each

firm’s marginal cost (equation (6)).37 The firm average accumulated patent applications and

36See the following studies for further references on estimates on price elasticities of demand for semiconductors:
Irwin and Klenow (1994), Webbink (1977), Wilson, Ashton, and Egan (1980), Finan and Amundsen (1986), Flamm
(1993), and Baldwin (1988).

37The year effect in the marginal cost counts the number of years until 2004, starting at 16 and counting down
to 1.
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the year effect are used in the place of a firm fixed effect. This allows us to treat the discount

factor as the only firm fixed effect in the estimation of equation (5).

Second, we separately estimate the dynamic marginal cost with firm fixed effects and then

include the predicted static marginal cost (dynamic marginal cost excluding a dynamic adjust-

ment) into equation (5). Following Irwin and Klenow (1994), we estimate the dynamic marginal

cost as being equal to the price, adjusted for firm specific markup, Pt

(
1 +

MSi,t
α1

)
= MCdyni,t .

Since the dynamic marginal cost consists of the static marginal cost plus a dynamic compo-

nent, we combine equation (6) with a dynamic adjustments term and estimate Pt

(
1 +

MSi,t
α1

)
=

MCstati,t + λ5Dynamic Adjt + ui,t. We allow the dynamic adjustment term to refer to the time

period in the product life cycle (1, 2, · · · , 16), which proxies the difference between static and dy-

namic marginal costs. Firms operating at the early stages of the life cycle are able to benefit from

higher learning by doing effects and further increase output, such that dynamic marginal costs

are further below static marginal costs, see also Zulehner (2003) and Siebert (2010). A negative

coefficient on the dynamic term reflects that dynamic marginal costs lie below static marginal

costs. The error term is denoted as ui,t. To calculate the static marginal costs (M̂C
stat

i,t ) we

remove the effect of the dynamic adjustment (set λ5 = 0) from the predicted dynamic marginal

costs. Finally, we estimate equation (5) while treating the discount factor as a firm fixed effect.

Upon execution, both methods provide estimates for firm-specific discount factors that are

highly correlated (corr(δ1, δ2) = 77.81%). However, the first method yields more estimates for

the discount factor, which allows for greater efficiency due to additional mergers in the final

sample.38 Moving forward, we will focus on the results from the first estimation method.39

For the first method, the supply equation (5) in combination with the marginal cost equation

(6) is estimated via constrained OLS methods. As mentioned above, we use firm average accu-

mulated patents and a year effect to account for potential firm-level heterogeneity. For the term

∂MCi,t+1

∂qi,t
, we apply a grid search and specify different values from previous literature between

-0.1 and -0.3, settling on
∂MCi,t+1

∂qi,t
= −0.1.40 Finally, in order to ensure reasonable results for the

38In both estimation routines, if the estimated discount factor is pushed to the boundary (0.667 or 1) then the
firm is dropped and the discount factor and corresponding marginal cost is not included in the summary statistics.
This explains the difference in observations between Table 4 Panel B and Table 7 Panel B.

39Corresponding estimation results and summary statistics from the second method can be found in Table 7.
40The results by Zulehner (2003) suggest a similar effect. We attempted all different values within this range
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discount factor, we constrain δi ∈ (0.667, 1) which corresponds to a discount rate of ri ∈ (0, 0.5).

The estimated discount factors (δi) from equation (5) are summarized in Table 4, Panel B.

The average estimated discount factor is 0.931 (equivalent to a discount rate of ri = 0.076)

which is in line with other studies confirming the reliability of our estimates. For instance,

Davis and Huse (2010) find an average discount factor of 0.886 using the CAPM for a similar

group of 18 technology firms from the server industry. Figures 3a and 3b show the distribution

of the estimated discount factors and the discount rates, respectively. The discount factors and

discount rates are quasi-normally distributed around the mean with a higher (lower) median

than the mean for the discount factor (rate). Overall, the estimation results provide evidence

that discount factors differ between firms.

Turning to the estimated static marginal cost equation (6), Table 4, Panel A, shows that the

coefficient for own learning (λ1) is negative and significant and provides a learning elasticity or

-0.605 which corresponds to a learning rate of 34.25% (i.e., doubling accumulated production

reduces marginal costs by 34.25%). Likewise, the significant coefficient λ2 is negative indicating

that spillover learning lowers the marginal costs of production. For spillover learning, the learn-

ing elasticity is −8.908 which, when scaled by the average number of firms, results a learning

rate of 3.85%.41 In comparison with previous literature, the own learning rate is low. How-

ever, components of own learning may be picked up in the coefficients on patent applications

and mean accumulated patents.42 Moreover, our estimates show that the wage is significant and

positive and captures upward shifts in marginal costs. Finally, the controls for firm heterogeneity

(accumulated patents) enter significantly and negatively.

Using the estimated coefficients, we calculate the static marginal costs for each firm based

on equation (6), see Table 4 (Panel B) which shows a summary statistic.

(grid search) and the resulting estimates for the discount factors are highly correlated (i.e., > 99%) and the main
difference is seen in the magnitude of the discount factor which ranges from an average of 0.930 to 0.934.

41The own learning elasticities are evaluated using the following relationship:
∂MCi,t

∂Xi,t
= λ̂2 = α = −0.605.

Spillover learning is adjusted by the average number of firms in the market and we use the following:
∂MCi,t/∂X−i,t

N Firms
= λ̂3

N Firms
= α = −8.908

157.278
= −0.057. Learning rates are calculated from 1 − 2α, where α rep-

resents the respective learning elasticity. See Siebert (2010) and Zulehner (2003) for a similar procedure.
42See also Irwin and Klenow (1994) and Siebert (2010).
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4.3 Merger Formation

Using the results from the estimation of the discount factors and the marginal costs, we now

discuss firms’ incentives to form mergers. We especially emphasize the role of the discount

factor in firm’s incentives to merge for efficiency or market power benefits. We condition on

firms with discount factors, marginal costs, and production the year before and after merging

to arrive at 49 mergers for the remaining tests.43 We begin with discussing the descriptive

statistics on the discount factors and marginal costs separated by acquirers and targets the

year before the merger occurs, as shown in Table 5, Panel A. The following facts become clear:

first, the acquiring firms have significantly different and larger market shares (MS) than the

target firms (p-value = 0.074).44 Likewise, the accumulated production (Acq), patents (Pat),

and accumulated patents (AcPat) all report that the acquiring firms are on average larger than

the targets. Finally, the acquirers are characterized by lower marginal costs, neither one being

significantly different between acquirers and targets. The problem in interpreting the results is

that the descriptive statistics do not allow for any heterogeneity between firms.

We further allow for firm heterogeneities and separate acquiring firms into two groups: acquir-

ers characterized by low discount factors and acquirers characterized by high discount factors.45

We use the median discount factor to define a threshold which separates between both groups.

Table 5, Panel B, shows that acquirers with low discount factors merge with targets that are

characterized by comparatively lower production (p-value = 0.007), higher marginal costs (p-

value = 0.006), fewer patents (p-value = 0.337), and fewer accumulated patents (p-value =

0.402). The higher marginal costs and patent activity for these acquirers with low discount

factors hints that their targets are less efficient than the acquiring firms and that efficiency is

not the objective.

In contrast, Table 5, Panel C, shows that acquirers with high discount factors merge with

43The selection equation is estimated on 44 mergers. We removed 5 mergers that took place in the year
immediately following another merger by the same acquiring firm.

44Unless specified otherwise, the null hypothesis in this, and latter, comparisons is that the two values are not
different from one another.

45As acquiring firms decide with whom to merge, we concentrate on separating the acquirers into different
groups. In fact, tests on heterogeneities show that most of the heterogeneity comes from acquiring firms. The
results are reported in Section 4.4.
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targets that have more patents (p-value = 0.064), more accumulated patents (p-value = 0.154),

and lower marginal costs (p-value = 0.319). This fact suggests that these target firms on

average are more efficient than their acquirers, which have high discount factors. This hints

that acquiring firms with high discount factors (patient firms) attribute greater value toward

more efficient targets, presumably for acquiring intellectual property rights in order to produce

more efficiently.

Comparing the mergers characterized by acquirers with low discount factors (Panel B) with

mergers with acquiring firms characterized by high discount factors (Panel C) we gain several

interesting insights. First, we note that the acquirers’ discount factors in Panel B (δ = 0.870)

are significantly different from the acquirers’ discount factors in Panel C (δ = 0.936) with a

p-value of < 0.0001. Moreover, the acquiring firms with lower discount factors produce more

(p-value = 0.0002) at a lower marginal cost (p-value < 0.0001) than acquiring firms with higher

discount factors. As mentioned before, the comparison shows that acquirers with low discount

factors (impatient firms) merge with comparatively smaller and less efficient targets. Note

however, the targets in this group (Panel B) are larger than the targets acquired by firms with

high discount factors (patient firms). This fact suggests that acquirers with low discount factors

(impatient firms) acquire relatively larger targets to gain from immediate market power benefits.

In contrast, acquirers with high discount factors (patient firms) acquire more innovative targets,

which supports the notion that they aim for efficiency gains.

To provide descriptors relating discount factors to whether market power or efficiency effects

dominate in specific mergers, we calculate the change in market shares before and after merging

for mergers by firms with high and low discount factors. Remember, common oligopoly models

predict that market shares will increase (decrease) if efficiency (market power) benefits outweigh

market power (efficiency) benefits. Our results show that acquiring firms with high discount

factors increase market shares from 1.28% before merging to 1.73% after merging. In contrast,

acquiring firms with low discount factors reduce market shares from 3.29% before merging to

3.0% after merging. This change in market shares reconfirms the notion that more patient firms

(acquiring firms with higher discount factors) acquire for efficiency reasons, and more impatient
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firms (characterized low discount factors) merge for market power reasons.

4.4 Heterogeneous Impact of Mergers

To further elaborate on the impact of mergers and assess the relationship between discount

factors, efficiency gains, and market power, we evaluate the change in market shares before and

after a merger occurred and compare this effect to the change in market shares of nonmerging

firms as outlined in Section 3. Since different types of firms self-select into mergers, we are

concerned with potential biases arising from the fact that observed and/or unobserved firm-

level attributes highly correlate between firms’ decisions to merge and their decisions to produce.

We therefore continue estimating a heterogeneous treatment effects estimator by Heckman et

al. (2006) which controls for pre- and post-merger heterogeneities. We begin with reporting

the results from firms selecting into mergers, i.e., the selection equation (8), and then turn to

discussing the impact of mergers on market performance, i.e., the outcome equation (7).

In preparation for the estimation of the selection equation (8), we test for the presence

of unobserved heterogeneity by estimating ρ = σ2
c

1+σ2
c

where σ2
c is the panel-level variance. The

estimated ρ is the proportion of total variance contributed by the panel-level variance component.

When ρ is zero, the panel-level variance is unimportant and the panel estimator is not different

from the pooled estimator. To test if unobserved heterogeneity is related to the target firms,

the acquiring firms, or the acquirer-target pairs, we estimate the full specification (equation (8)

without MS and AcPat) which results in an estimate of ρ =0.949 for acquirers, ρ = 0.953 for

targets, and ρ =0.0001 for acquirer-target pairs which correspond to p-values of 0.000, 0.000,

and 0.495, respectively. The tests confirm that the main part of heterogeneity is originated

by the acquiring and target firms. Thus we control for unobserved firm-specific heterogeneity

originating from acquirers (MSj and AcPatj) and target (MSk and AcPatk).

We next discuss the results from estimating the heterogeneous treatment effects model, equa-

tions (7) and (8). Table 6, Column (1), shows the results of estimating the first stage selection

equation (8).46 Most importantly, the results show that the four instruments all enter signif-

46One potential problem might arise due to small number of mergers in comparison to the large number of
potential mergers. This is commonly referred to as a rare event problem. A potential solution is use the ReLogit
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icantly. The probit selection equation returns a Likelihood Ratio (LR) Chi-Square value of

122.04 which corresponds to a p-value of < 0.0001 and a pseudo R-squared of 0.162. Specifi-

cally, the results show that the first two instruments, the differences in marginal costs (∆MC
j,k,t−1)

and discount factor (∆δ
j,k) enter significantly implying differences contribute to the formation of

mergers.

Turning to the other instrumental variables, we find that the measure of technological redun-

dancy (TR) show a significantly positive impact on merger formation. This result emphasizes

that more related firms in the technological markets achieve cost savings from merging as they

benefit from removal of redundant expenses. Moreover, the dummy for the same region has a

positive impact on merger formation, which indicates that unobserved firm-level factors, such

as organizational and cultural differences, play an important role in merger formation.

The controls for firm heterogeneities, i.e., the acquirer and target size (MSj and MSk ),

positively impact merger formation.

From the first stage estimation, we derive the Heckman correction terms (HEC1 and HEC0)

which enter the outcome equation (7). We include the Heckman correction terms in the outcome

equation (7) and first estimate the effect of merging on the joint market share for the year of

the merger in column (2). The estimates show that almost 86% of the current market share is

explained by the lagged market share. This result indicates the time series on market share is

highly persistent over time.

It is interesting to note that the Heckman correction term for merging firms turns out to be

significant. This result provides evidence that firms self-select into mergers, i.e., unobserved firm

attributes drive a firm’s decision to merge and positively impact market shares after merging

due to efficiency gains.

Our results show that mergers significantly decreases market share on average. The in-

teraction term between mergers and the acquirers’ discount factors emphasize that acquirers’

discount factors determine the impact of mergers. An increase in the acquiring firm’s discount

by King and Zeng (2001). The problem with using this approace is that it would not allow for the use of the
Heckman correction in outcome equation. However, we estimated several different specifications and the results
appear to be robust. Hence we are confident that the low probability of merger and the associated flat cumulative
density function will not cause major problems for the first stage.
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factor results in an increase to the combined market share following the merger suggesting

greater efficiency benefits.

To quantify the impact of mergers on the product market, accounting for heterogeneity in

firms’ discount factors, we calculate the average treatment effects from merging on both the

treated (ATET ) and non-treated groups (ATENT ). Further, we evaluate how the impact of

mergers varies across firms with different discount factors. For answering the first question, we

calculate the average treatment effect on the treated (ATET ), i.e., the impact on market shares

of merging firms, as a function of acquirers’ discount factors (δj):

ATET (δj) =

[
ρ2 + (δj − δ̄) ∗ ρ3 + (ρ7 + ρ8) ∗ φ(Xβ)

Φ(Xβ)

]
(Pj,k,t=1)

. (10)

We also calculate the average treatment effect on the nontreated (ATENT ), i.e., the impact on

market shares if nonmerging firms did merge, dependent on the acquirers’ discount factor (δj):

ATENT (δj) =

[
ρ2 + (δj − δ̄) ∗ ρ3 + (ρ7 + ρ8) ∗ φ(Xβ)

1− Φ(Xβ)

]
(Pj,k,t=0)

. (11)

Figure 4 shows the plotted kernel density for the ATET represented by the solid line and the

ATENT represented by the dashed line. The ATET ranges from -1.46% to 0.90%. On average,

the ATET is slightly greater than zero (ATET = 0.016%) and indicates that the average merger

experiences efficiency benefits.

We next evaluate the impact of mergers on changes in market shares with respect to acquirer’s

discount factors, see the right panel of Figure 4. The graph illustrates a positive relationship

between the acquirer’s discount factor and the impact on market shares. If we consider the

ATET for the firms with higher discount factors (greater than the median, patient firms), we

find that they increased market share by 0.198 percentage points and that more than 69% of

the mergers resulted in a positive ATET . This results provides further evidence that firms with

higher discount factors (patient firms) increase market shares which reflects that efficiency gains

dominate market power effects. In contrast, the firms with low discount factors on average had

an ATET on market share of -0.184 percentage points and just over 52% of the mergers resulted
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in an negative ATET . Thus firms with lower discount factors (impatient firms) decrease market

shares more due to market power effects. The ATET ’s for the firms with low discount factors

and firms with high discount are significantly different (-0.184% versus 0.198%, p-value = 0.001).

Turning to the ATENT , we find the remarkable result that a merger between nonmerging

firms would have lowered the market shares by 2.7 percentage points on average, see Figure 4.

This significant decline is about 16 times higher than for the actual mergers and emphasizes the

fact that firms who engage in actual mergers were able to gain significant efficiencies, including

those mergers that are dominated by market power effects. It is interesting to note that the

entire range of the ATENT , as well as the mean, is lower than the ATET . This result provides

evidence that mergers between nonmerging firms would have resulted in lower market shares and

higher market power effects. The set of nonmerging firms would have not been able to generate

as much on efficiency gains as the merging firms. This provides strong evidence that merging

firms achieved more efficiency gains than nonmerging firms could have gained. Consequently,

efficiency gains play a major role in mergers and are valued even more by firms with high discount

factors (patient firms). Finally, the estimation results from Table 6 show that our controls for

competition (N Firms) and demand (GDP) describe a significant impact on market shares.

As a robustness check, we estimate the outcome equation on joint market shares the year after

merging (column (3) of Table 6). The average treatment effects and the relationship between

the average treatment effect and the acquiring firms’ discount factors are plotted in Figure 5. It

is interesting to note the ATET has shifted to the right implying that the effect of merging one

year later leans toward efficiency benefits. Consistent with our previous results, the increase in

average treatment effect is greater for firms with higher discount factors.

5 Conclusion

Our study assesses the relationship between firm-level discount factors and their incentives to

form mergers as well as their impact on consumer welfare. We estimated firm-specific discount

factors from firms’ supply relations and estimate a heterogeneous treatment effects model, ac-

counting for pre-treatment and post-treatment heterogeneity between mergers.
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Our results show that those acquiring firms, which are characterized by high discount factors

(patient firms), merge with targets characterized by lower marginal costs and more patents (both

implying more efficient production) than the acquiring firm itself. This type of merger usually

generates long run efficiency gains. In contrast, those acquiring firms, which are characterized

by low discount factors (impatient firms), merge with targets characterized by comparatively

higher marginal costs than the targets of firms with high discount factors. Our estimation results

show that these mergers mostly achieve higher market power effects. Our counterfactuals also

stress the fact that nonmerging firms would have not been able to generate comparable efficiency

gains as realized in actual mergers. Hence, the results emphasize the importance of achieving

efficiency gains in mergers.

To conclude, this study provides evidence that the acquirers’ discount factors are related to

specific types of mergers as well as the channels through which mergers generate value added.

From a policy point of view, our study suggests that firm-level discount factors play a critical role

in explaining the dominance between market power and efficiency effects. However, policy and

antitrust conclusion only go so far without further studies exploring the relationship between

firm-level discount factors and the impact of mergers. For example, it would be interesting to

examine if a similar pattern is observed in different industries.
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A Appendix: Tables

Table 1: Industry Description

Industry Firm
Year Mergers N Firms Revenue Revenue

1989 2 130 52,720 405.538
1990 3 138 54,571 395.442
1991 3 130 59,310 456.231
1992 5 155 64,705 417.452
1993 4 151 85,184 564.132
1994 5 152 109,181 718.296
1995 6 195 171,281 878.364
1996 7 182 160,685 882.885
1997 7 187 159,799 854.54
1998 11 205 149,120 727.415
1999 18 193 184,866 957.855
2000 21 155 226,766 1,463.01
2001 11 166 151,954 915.386
2002 11 169 155,629 920.882
2003 13 200 178,242 891.21
2004 6 201 219,880 1,093.93

Average 8.31 169.31 136,493.31 783.91

Table 1: Summary of the number of mergers, number of firms, industry revenue (mil USD), and revenue per firm (mil

USD). The data is provided by SDC Platinum and the Gartner Group.
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Table 2: Variable Summary Statistics

Variables Label N MEAN STD MIN MAX

Pt Semiconductor price 1,829 71.983 16.765 45.903 96.927
MSi,t Market share per firm 1,829 0.007 0.014 0.000 0.113
qi,t Quantity produced 1,829 14.560 34.644 0.014 540.580
Acqi,t Accumulated quantity

produced
1,829 54.096 157.281 0.000 2,386.690

Acq−i,t Accumulated quantity
produced by others

1,829 11,188.070 9,018.520 485.732 29,443.310

Pati,t Annual patent applica-
tions

1,829 36.266 98.529 0.000 1,020.000

AcPati,t Accumulated patent ap-
plications, with 5% depre-
ciation

1,829 227.044 640.828 0.000 4,973.760

Waget Semiconductor wage, PPI
adjusted

1,829 13.162 0.975 11.476 14.521

N Firmst Number of semiconductor
firms

1,829 157.278 19.400 124.000 189.000

GDPelec,t U.S. Electronics GDP 1,829 41.696 2.357 38.100 45.600

Table 2: Summary statistics of variables used for model estimation. Sources and methodologies are described in Section 2.

Table 3: Elasticity Estimation

(1)
Variables Dep. Var: log(Qt)

Constant 7.935
( 5.935)

log(Pt) -2.236***
(0.321)

log(GDPelec,t−1) 2.440*
(1.370)

Observations 15
Adjusted R-Squared 0.860

Table 3: Price elasticity of demand estimation of equation (9) using 2SLS. Dependent variable is log(Qt). The following

instruments for price are used: number of firms and material price of silicon. Standards errors in parentheses, *** (**,*)

denotes 1% (5%, 10%) level of significance.
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Table 4: Static Marginal Cost/Discount Factor Estimation

Panel A: Static Marginal Cost Coefficients

(1)
Variables Dep. Var: Price adj. for markup

Constant 204.194***
(13.198)

Own Learning -0.605***
(0.168)

Spillover Learning -8.908***
(0.696)

Wages 55.299***
(2.178)

Patent Applications -0.008***
(0.002)

Mean Accumulated Patents -8.295***
(1.450)

Observations 1,592
Adjusted R-Squared 0.982
Discount Factor FE Yes
Year Effect Yes***

Panel B: Summary Statistics for Estimated Factors

Variables N MEAN STD MIN MAX 5th % MED 95th

δi 228 0.931 0.034 0.709 0.963 0.846 0.942 0.959
ri 228 0.076 0.044 0.038 0.410 0.043 0.061 0.182

MC 1,829 187.679 23.277 124.757 236.573 145.281 190.227 223.700

Table 4, Panel A: : Estimation of marginal cost (MCi,t) and discount factor (δi) from equation (5) and equation (6)
substituting mean accumulated patents for the firm fixed effect. The price adjusted for firm markup is the dependent
variable. The results are obtained using constrained nonlinear OLS methods. The estimation includes a firm-specific
discount factor and year effect. The summary statistics for the discount factor (δi) are shown in Panel B and in Figure 3.
Standards errors in parentheses, *** (**,*) denotes 1% (5%, 10%) level of significance.
Panel B: Descriptive statistics for estimated δi, ri, and marginal costs. The δi is estimated as a firm fixed effect according
to equation (5). The estimation routine constrained δi such that δi ∈ (.66, 1). All boundary estimates for δi were dropped
(two firms). The interest rate, ri is calculated as ri = 1

δi
− 1. The marginal cost is calculated based on equation (6).
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Table 6: Change in Market Share Following Merger

(1) (2) (3)
Variables Dep. Var: Mj,k,t Dep. Var: MSj,k,t Dep. Var: MSj,k,t+1

∆MC
j,k,t−1 1.540*

(0.861)
∆δ
j,k -9.191***

(2.334)
Same Region 0.570***

(0.117)
TRI,j,t−1 0.360**

(0.151)

MSj 35.656***
(6.232)

MSk 29.616***
(5.974)

AcPatj -0.000
(0.000)

AcPatk -0.000
(0.000)

Constant -4.161*** 0.026*** 0.026***
(0.250) (0.001) (0.002)

MSj,k,ti−1 0.857*** 0.708***
(0.002) (0.003)

Mj,k,ti -0.027*** -0.060***
(0.007) (0.010)

Mj,k,ti ∗ (δj − δ) 0.010 -0.098***
(0.019) (0.027)

δj -0.018*** -0.033***
(0.001) (0.001)

N Firmst -0.000*** -0.000***
(0.000) (0.000)

GDPelec,t -0.000*** 0.000***
(0.000) (0.000)

HEC1 0.009*** 0.017***
(0.002) (0.003)

HEC0 -0.001 0.004
(0.003) (0.004)

Observations 82,977 87,284 79,091
Year FE Yes Yes Yes

Table 6: Estimation of a Heckman selection model as discussed in Section 4.4 for the change in market share from the year

before the merge to the year of the merger (column (2)) and the year after the merger (column (3)). Column (1) provides

results from estimating the probit selection equation (8), column (2) provides results from estimating the outcome equation

(7) using OLS for the year of the merger, and column (3) provides similar results for the effect of merging on the market

share the year after the merger. Standards errors in parentheses, *** (**,*) denotes 1% (5%, 10%) level of significance.
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Table 7: Robustness: Fixed Effect Marginal Cost Estimation

Panel A: MC Estimation

(1)
Variables Dep. Var: Price adj. for markup

Constant -100.936***
(3.584)

Own Learning -0.158**
(0.066)

Spillover Learning -4.019***
(0.183)

Wages 85.807***
(1.461)

Patent Applications -0.002***
(0.001)

Dynamic Adjustment -1.417***
(0.071)

Observations 1,853
Adjusted R-Squared 0.993
Firm FE Yes

Panel B: Summary Statistics for Estimated Factors

Variable N MEAN STD MIN MAX

MC
dyn

1,601 71.770 16.673 41.300 98.064

MC
stat

1,601 84.664 10.850 63.982 100.899
δi 196 0.860 0.080 0.671 0.996
ri 196 0.173 0.116 0.004 0.491

Table 7: Estimation of the marginal cost from equation (6) with price adjusted for firm markup as the dependent variable.

To incorporate the difference between the dynamic and static marginal cost, a dynamic adjustment term is included that

counts from 1 to 16 for each year. The predicted dynamic marginal cost is obtained and the static marginal cost is calculated

by removing the dynamic adjustment component. The predicted static marginal cost is included in equation (5) and then

the equation is estimated to obtain the discount factors at the firm level. Standards errors in parentheses, *** (**,*) denotes

1% (5%, 10%) level of significance. The summary statistics for the estimated marginal costs and discount factors are shown

in Panel B.
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B Appendix: Figures

Figure 1: Firm Quantity by Year from 1990-2004

Source: Gartner Group

Figure 2: Accumulated Patents by Year from 1990-2004 using a 5% depreciation rate

Source: NBER Patent Database (Hall, Jaffe, and Trajtenberg, 2001)
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(a) δi Histogram (b) ri Histogram

Figure 3: Histogram: firm-level discount factor and discount rate estimates for 228 firms

Figure 4: Heterogeneous Treatment Effect Estimates, Merger Year

Figure provides kernel density and relationship between ATET (δj) and the acquirer discount
factor. Second stage estimated via OLS.
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Figure 5: Heterogeneous Treatment Effect Estimates, Year After Merging

Figure provides kernel density and relationship between ATET (δj) and the acquirer discount
factor. Second stage estimated via OLS.
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