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a b s t r a c t 

Firms with good management optimize and synthesize human resources, leadership, and technical and

conceptual skills to enhance firm value. In this paper, we examine the role of management in merger and

acquisition (M&A) decisions. M&A decisions are among the most important corporate decisions, on which

firms spend a lot of resources and managerial qualities. We estimate management as a latent variable

using a structural equation production model and Bayesian techniques. The key advantage of the Bayesian

approach is the use of informative priors from survey-based management estimation methods, which are

however available for a limited number of firms. Subsequently, we examine the effect of management

on takeover events. We first show that management, on average, increases the probability of M&A deals.

However, we also uncover a nonlinear U-shaped effect, which is consistent with the theoretical premise

that poor management leads to many value-decreasing M&A deals, whereas good management leads to

many value-increasing M&A deals.

© 2022 Elsevier B.V. All rights reserved.
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. Introduction

Mergers and acquisitions (M&As) are among the most impor- 

ant decisions of enterprises. A successful M&A leads to improved 

roductivity and performance, whereas an unsuccessful one leads 

o chronic operational problems and inferior performance (e.g., 

rocena, Saal, Urakami & Zschille, 2020 ; Chen, Xu & Zou, 2017 ). 

irms spend approximately USD 4 trillion every year in their ef- 

ort to maximize the firm value via M&As, but 70% of these events 

o not meet the goals originally set. A recent line of literature 

 Delis, Iosifidi, Kazakis, Ongena & Tsionas, 2022 ; references therein) 

mphasizes the importance of management on the performance 

f M&As. However, the first key step on M&A value creation is 

hether and how firms decide on M&As. 

Identifying the role of management as a determinant of M&As 

s a significant, but still unexplored research question. Firms with 

ood management are those that optimize three key characteris- 

ics: Human resource management and leadership, technical abili- 

ies including human and intellectual capital, and conceptual skills 

o develop ideas from abstract thoughts ( Delis & Tsionas, 2018 ; 

atz, 1974 ). Thus, we consider management as a general firm-wide 

oncept that effectively encompasses the future position and strat- 

gy of the firm; this naturally includes M&A decisions. 
∗ Corresponding author.

E-mail address: kostas@dpem.tuc.gr (C. Zopounidis) .
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We propose that there exist both positive and negative forces in 

he potential relation between this general notion of good manage- 

ent and the probability of M&A events, implying that the average 

ffect of management on M&As is ambiguous. On the positive side, 

rms with good management can better distinguish the value- 

nhancing M&As from the value-decreasing M&As, due to their 

uperior technical abilities and conceptual skills. These firms also 

ave the right human resources, leadership, and technical skills, 

o organize the new firm post-M&A and smoothly transition to a 

alue-enhancing environment. Thus, firms with good management 

ave incentives to promote expansion via M&As, and are thus more 

ikely to participate in M&As by scrutinizing the market and find- 

ng good deals. 

On the other hand, some managers may have the mentality 

f empire building. Such managers acquire firms that do not add 

ynergistic gains to the combined firm, possibly because they pre- 

er growth over value, which might relate to their personal ob- 

ectives (as opposed to the shareholders’ objectives). In turn, such 

gency problems lead firms with low quality management to also 

ursue several M&A deals. As management improves, but does 

ot become superior, this potentially negative relation between 

anagement and M&A deals weakens, because managers of av- 

rage quality neither pursue their objectives (thus leading to bad 

utcomes), nor are they able to identify value-enhancing M&A 

eals. Taken together, the positive and negative forces might im- 

ly a nonlinear U-shaped relation between management and M&A 

eals. 

https://doi.org/10.1016/j.ejor.2022.05.005
http://www.ScienceDirect.com
http://www.elsevier.com/locate/ejor
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ejor.2022.05.005&domain=pdf
mailto:kostas@dpem.tuc.gr
https://doi.org/10.1016/j.ejor.2022.05.005
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We examine this hypothesis by first estimating management, 

sing a structural equation model and Bayesian techniques ( Delis 

 Tsionas, 2018 ; Delis, Iosifidi & Tsionas, 2020 ). We assume that 

anagement is a latent input of production that enters a firm’s 

roduction function (the first equation of our model) alongside the 

bserved capital and labor ( Bloom, Sadun & Van Reenen, 2017 ; 

ucas, 1978 ). The second equation of the model assumes that man- 

gement is well-approximated by a sigmoid activation function 

hat follows an artificial neural network process. This approach, 

hich is unique to our paper, allows for a deep-learning process 

hat works very well for gradient-based optimization problems 

ith log-likelihood functions, such as those in our case. Within this 

pproach, the role of priors becomes more important compared to 

he variables used to approximate management (as is the case in 

elis & Tsionas, 2018 , who use relatively uninformative priors). 

We estimate our two-equation latent variable model using 

ayesian analysis, which provides superior inferences in models 

ith latent variables, especially when good priors are available. 

e obtain information on our priors from the World Management 

urvey, which estimates management using a state-of-the-art sur- 

ey of a finite number of firms and reports data on the same 

ariables we have used, to estimate our model. Delis and Tsionas 

2018) , Delis et al. (2020) , and Delis et al. (2022) show that this

pproach produces estimates of management that fare particularly 

ell in several validation exercises. For inference on our Bayesian 

stimates, we use Markov Chain Monte Carlo (MCMC), which we 

mplement using the particle Gibbs sampler. 

Our analysis covers a panel of about 40,0 0 0 firm-year observa- 

ions over the period 1980–2016, including 15,261 M&A deals. Us- 

ng such a wide panel would not be an option without estimating 

anagement (i.e., relying on survey data). Our management score 

akes values between zero and one (with a mean value of 0.48) 

nd approximately follows a normal distribution. The annual aver- 

ge of the score is fairly constant, which is intuitive because rel- 

tive managerial skill does not significantly change over time. The 

ross-industry variation of our index is also small. 

Mergers, according to Jovanovic and Rousseau (2002) , act as 

 conduit for capital to flow to better projects and management. 

irms with better management are more likely to acquire firms 

ith poor management. Furthermore, when a company is acquired, 

he improved management will permeate the entire organization 

i.e., the acquirer and target firms). When this happens, the newly 

ormed group of companies will be more efficient in producing the 

nal product. This means that the target’s capital, which was previ- 

usly used inefficiently, will now be used more efficiently, resulting 

n synergistic gains. 

Subsequently, we examine how management affects the prob- 

bility of M&A deals using logit models. We find that manage- 

ent has, on average, a positive and statistically significant effect 

n the probability of M&A deals. Economically, however, the effect 

s smaller than anticipated: a one standard deviation increase in 

ur management score increases the probability of M&As by ap- 

roximately 0.55%. 

We mainly attribute the economically small effect to the po- 

ential nonlinearity in the relation between management and M&A 

eals. Indeed, consistent with our theoretical contemplations on 

mpire-building behavior and agency problems, we find a high 

robability of M&A deals for low values of management. This rela- 

ion is negative up to a value of management equal to 0.43, which 

s between the first and the second quartile of our management 

core. Above this minimum, the relation turns positive, consistent 

ith our theoretical prediction of more M&A deals for firms with 

etter management. 

We delve deeper into this finding and examine if indeed M&A 

uccess is the driving force behind the identified nonlinear ef- 

ect. We assume that better management implies fewer value- 
1257
estroying M&As (those with negative cumulative abnormal re- 

urns) and more value-enhancing M&As (those with positive cu- 

ulative abnormal returns). Consistent with this premise, we find 

 negative (positive) relation of management with the probability 

f takeover events that destroy (create) value, especially for man- 

gement scores above the minimum value of 0.43. 

Our analysis and results bring together two strands of litera- 

ure. The first is the operations research literature on management 

nd its estimation. Demerjian, Lev and McVay (2012) use a two- 

tage data envelopment analysis (DEA) method to decompose firm 

fficiency into management quality and the remainder efficiency 

omponent. Andreou, Ehrlich and Louca (2013) use an equivalent 

tochastic frontier approach. Delis and Tsionas (2018) and Delis 

t al. (2020) , favor and validate a Bayesian approach that is similar 

o the one used by us, except for the equation predicting manage- 

ent (for which we use a neural network process). 

The second strand of literature includes studies on the inter- 

ection between operations research and corporate finance. Most 

elated to our analysis, Bai, Jin and Serfling (2021) show that firms 

ith more specific, formal, frequent, and explicit (i.e., “structured”) 

anagement acquire firms with less structured management. Our 

aper extends this research in three important ways. First, we 

how that a management measure with a panel (firm-year) di- 

ension that can be estimated using only widely available balance 

heet data predicts M&As. Most importantly, we provide several 

ovel results, including those on the nonlinear relation; that firms 

ith good general management acquire more and are more likely 

o be frequent acquirers (again the relation being nonlinear); that 

rms with better management participate in more events; and that 

rms with better management are less likely to participate in value 

estroying M&As based on cumulative abnormal returns. 

Our main contribution is to show that management, estimated 

s a latent variable from existing Bayesian techniques, predicts 

ergers and acquisitions. Given the scarcity of data on manage- 

ent, Bayesian techniques are ideal for measuring management 

and other latent variables). We show that management predicts 

he frequency of mergers and acquisitions in a nonlinear way that 

an be explained by standard finance theories (inter alia, the Q- 

heory of mergers and the theory of empire building). 

The rest of the paper is structured as follows. Section 2 provides 

 definition of management using the management and OR litera- 

ures; this section also discusses our Bayesian approach. Section 

 analyzes the effect of management on M&A decisions and dis- 

usses the empirical results. Section 4 concludes the paper. 

. Management and its estimation

.1. Defining management 

Management is critical to firm performance. Therefore, mea- 

uring the general performance management is important for the 

elevant literature (e.g., Harris & Holmstrom, 1982 ; Hietschold, 

einhardt & Gurtner, 2014 , Delis et al., 2020 ; Silva, 2010 ; Tarí,

olina & Castejon, 2007 ). Following Lucas (1978) , Manne (1965) , 

nd Bloom et al. (2017) , we argue that management should be 

egarded as a distinct production factor that influences firm pro- 

uctivity and performance. According to Bloom et al. (2017) , man- 

gement can be viewed as technology in the production function, 

longside other technologies, capital, and labor. Management is en- 

ogenously driven in their model and acts as a force to increase 

roduction by hiring highly skilled workers or improving the firm’s 

rganization. Our approach to measuring management is an empir- 

cal reflection of this theoretical model (similar to Demerjian et al., 

012 and Koester, Shevlin & Wangerin, 2017 ; who however rely 

n linear programming techniques). Finally, from a financial stand- 

oint, good management can be defined as a manager’s ability 
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1 We have also calculated TFP using standard methods and included it as a con- 

trol in our baseline model. We found no change in our primary findings. Results are

in Appendix Table A1 .
o generate positive synergies through takeover activities by pass- 

ng on good management to a target firm (e.g., Delis et al., 2022 ;

ovanovic & Rousseau, 2002 ). 

As a result of standard models of production, our measure 

f management is broad. We should note that this definition of 

anagement and their estimation is not unique in the litera- 

ure. Several studies in management science differentiate between 

eadership, operations, and strategy components (distinction first 

ade by Katz, 1974 ). Empirical studies distinguishing between 

hese aspects require unique (usually survey-based) data that re- 

ect the underlying qualities. In our setting, relating management 

o the probability of M&As, all three elements encompass impor- 

ant information. First, human resource management and leader- 

hip, not only motivate employees, but also interact with different 

ntrepreneurial forces to improve the position of the firm in the 

orporate world and seek for value-enhancing M&As. Second, tech- 

ical abilities, which account for the human and intellectual capi- 

al that managers at different echelons have about their respective 

oles can also affect the probability to identify targets. Third, man- 

gers with higher conceptual skills are more broad-minded and 

hink about the future position of the firm among its competitors 

nd consumers; thus these skills might also affect M&As. 

This definition characterizes a good manager from his/her abil- 

ty to gather, allocate, and distribute resources and products effi- 

iently, thus being able to increase firm value and the position of 

he firm in the eyes of its stakeholders ( Pasiouras, 2013 ). Examples 

re when managerial decisions increase firm sales and revenue 

rom using the same but better allocated inputs, and when com- 

etent managers identify or achieve lower debt premiums ( Bonsall, 

olzman & Miller, 2017 ). Several studies show that such skills re- 

ult in higher managerial compensation (e.g., Falato, Li & &Mil- 

ourn, 2015 ). 

Recent literature on management, especially by Bloom et al. 

2017) , builds on early models of management, such as Lucas 

1978) , and shows that apart from labor and capital (including 

hysical and financial capital, R&D expenses, and land), manage- 

ent is an important factor of production and the one that com- 

letes the list . This theoretical literature shows that management 

xplains large firm productivity differences and operate as a supe- 

ior technology. Therefore, differences in management between the 

op and the bottom of the distribution of firms can generate large 

ifferences in performance. To this end, we treat management as a 

issing input of production, the one encompassing these general 

rm-specific traits. 

Our definition of management and its representation as the 

issing link in the production process is also fully in line with the 

iterature on total quality management (e.g., Prajogo & Sohal, 2006 ; 

arí et al., 2007 ) and managerial ability ( Delis & Tsionas, 2018 ; 

emerjian et al., 2012 ; Koester et al., 2017 ). These studies also re-

ect the broad firm-level nature of management, including leader- 

hip, training, human resource management, information and anal- 

sis, supplier and process management, and continuous improve- 

ent. Notably, these are dynamic characteristics that can drasti- 

ally change with time, although they also present large cross-firm 

eterogeneity. 

.2. Measuring management 

We focus on measures of management that explicitly reflect the 

iterature’s broad definition at the firm-level. Part of this literature 

ses production functions and frontier techniques (data envelop- 

ent analysis or stochastic frontiers). Demerjian et al. (2012) in- 

roduce a measure of managerial ability, by measuring the man- 

gers’ efficiency compared to that of their industry peers. They as- 

ume that management is the only missing input of production —

ur analysis follows the same premise. To measure efficiency, they 
1258
se standard data envelopment analysis (DEA), differentiating be- 

ween the elements of efficiency that can be directly affected by 

anagers and those that are outside the management’s reach. A 

anager is assumed to be more efficient when she is better able 

o transform corporate resources to revenues. 

Several studies have utilized the dataset provided by Demerjian 

t al. (2012) either as a key explanatory variable, or a control in 

heir analysis. Among others, Bonsall et al. (2017) look at how 

anagerial ability correlates with credit risk assessment; Chang, 

ayes and Hillegeist (2016) study how the risk of financial dis- 

ress affects the compensation of new CEOs; and Koester et al. 

2017) study the relation between managerial ability and corporate 

ax avoidance. 

Other research uses stochastic frontier analysis (SFA) instead of 

EA. Andreou et al. (2013) use this model to estimate management 

nd study the relation between managerial ability and firm per- 

ormance. Bonin, Hasan and &Wachtel (2005) study bank perfor- 

ance in transition countries, while Tabak and Tecles (2010) look 

t the Indian banking system. Finally, Sueyoshi (1994) uses this 

ethod to measure performance in public telecommunications. A 

ood reference comparing the SFA and DEA methods is Wu, Zhou 

nd Birge (2011) . 

Other studies in operations management and economics rely on 

urvey data to measure management. A naturally related concept 

n the operations management literature is total quality manage- 

ent (TQM), which has emerged as a key tool to help firms boost 

heir activities and performance ( Powell, 1995 ). The TQM literature 

rgues that higher-quality management translates into lower costs, 

ncreases productivity, and eventually yields higher competitive- 

ess for a firm ( Deming, 1982 ; Hendricks & Singhal, 1997 ; 2001 ).

he role of well-designed surveys is the key to the proper mea- 

urement of TQM instruments (e.g., Flynn, Schroeder & Sakakibara, 

994 , Prybutok & Ramasesh, 2005 , Tarí et al., 2007 ). Similarly, a 

rominent example in the economics literature is that of Bloom 

nd Van Reenen (2007 & 2010 ) and their World Management Sur- 

ey (WMS). Using surveys is very important to assess management 

nd its components. Our approach provides a viable alternative for 

he measurement of general management, which relies on simple 

alance sheet data. Another issue is that the questions used to in- 

er management may not be appropriate in all circumstances and 

ll types of firms. This may add measurement error. 

We opt for a measure of management that combines both 

heoretical and empirical advantages. Our management score is 

ot TFP. This is due to the structural model we have chosen 

hat distinguishes the error term in Eq. (1) below. 1 Delis and 

sionas (2018) and Delis et al. (2020) , specifically propose a model 

ith management as a latent input of production, estimated with 

ayesian techniques. From a theoretical viewpoint and consistent 

ith the seminal literature discussed above, management is the 

ole missing input of production ( Andreou et al., 2013 ; Bloom et 

l., 2017 ; Demerjian et al., 2012 ; Lucas, 1978 ). Further, the stochas- 

ic nature of this model effectively separates management from 

ther unobserved components of the production process; this is 

he key advantage of this model over DEA. From an empirical view- 

oint, the key advantage of this technique is that it only requires 

idely available accounting data on inputs and outputs. As most 

rms provide such information, we can measure management for 

 far larger number of firms, compared to the survey methods. In 

ddition, Delis and Tsionas (2018) validate their measure against 

he state-of-the-art measures of management in the World Man- 

gement Survey and with Monte Carlo simulation techniques. They 

how that their measure performs better than the previous math- 
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Table 1

Variable definitions for the estimation of management.

Variable Description

Output

Sales Sales (log in millions of dollars)

Inputs

PPENT Net property, plant, and equipment (log in millions of dollars)

EMP Number of employees (log in thousands)

CINVT Cost of inventory (log in millions of dollars)

NOL Net operating leases (log in millions of dollars). We construct this as in Demerjian et al. (2012) and use firms’ footnotes in Compustat to

calculate the discounted present value of future (five years) operating lease payments. The Compustat items for the five lease obligations

are MRC1-MRC5, and we use a discount rate of 10% in accordance with previous studies.
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matical methods measuring management, and is more direct in 

apturing the actual management and not the other latent charac- 

eristics of the firm, such as firm culture. 

The model includes the following production function: 

n ( q it ) = β0 + βk ln ( k it ) + βl ln ( l it ) + βm 

ln ( m it ) + 

1 

2 

βkk ln ( k it ) 
2

+ 

1 

2 

βll ln ( l it ) 
2 + 

1 

2 

βmm 

ln ( m it ) 
2 + βkl ln ( k it ) ln ( l it ) 

+ βkm 

ln ( k it ) ln ( m it ) + βlm 

ln ( l it ) ln ( m it ) + u it . (1)

In Eq. (1) , q denotes the output of firm i in year t; k , l, and m ,

enote capital, labor, and management (the inputs of the produc- 

ion function), and u is an error term. We use a translog specifica- 

ion because of its flexibility and linearity in parameters ( Greene, 

008 ). 

Although all other variables are observed and can be measured, 

anagement is a latent variable. We measure q , k , and l using 

tandard Compustat entries for the period 1980–2016. We measure 

 with the log of sales. For k we use core capital (net property,

lant, and equipment), but also the cost of inventory and net op- 

rating leases (all variables in logs). For l we use the number of 

mployees. We provide thorough definitions in Table 1 . 

For management m , we assume: 

 it = 

G∑ 

g=1

γg φ
(
a g + x ′ it βg 

)
+ νit, 2 , i = 1 , . . . , n, t = 1 , . . . , T .

(2) 

In Eq. (2) , φ(z) = 

1
1+ e −z , z ∈ R , is a sigmoid activation function

hat follows an artificial neural network process with G nodes. We 

hoose a sigmoid function due to its good properties and fit in 

ur model. First, a sigmoid function is differentiable and mono- 

onic. Second, a sigmoid function works very well for gradient- 

ased optimization problems with log-likelihood functions (see 

lso Goodfellow, Bengio, Courville & Bengio, 2016 ), such as the 

nes in our case. Essentially, this approach allows for a deep learn- 

ng process that places significant weight on the informative priors 

iscussed below for the determination of m in Eq. (2) vis-à-vis the 

ariables in x . This is the key difference of our paper, when com- 

ared with that of Delis and Tsionas (2018) . 

Following Delis and Tsionas (2018) , we assume that manage- 

ent in Eq. (2) is approximated by lagged values of all inputs and 

he current value of labor. Practically, we contend that when in- 

uts are used in optimal quantities and allocated efficiently, man- 

gement quality is higher. Therefore, the assumption here is that 

anagement lies in the optimal use of a pre-specified vector of 

nputs, to maximize an output variable. The word optimal, as in 

elis et al. (2020) , "refers to both the absolute and the relative in-

ut quantities." We also include the price of labor as an input fol- 

owing governance literature, which finds a positive correlation be- 

ween ability and human capital (e.g., Custódio, Ferreira & Matos, 

013 ). Identification through input prices has a long tradition in 

he production economics literature (e.g., Nevo, 2001 ). In our case, 
1259
e assume the labor market is fairly competitive so the price of 

abor can be a valid instrument ( Ackerberg, Caves & Frazer, 2006 ; 

elis & Tsionas, 2018 ). 

Eventually, Eqs. (1) and 2 determine a structural equation 

odel (SEM), with management as a latent variable. To estimate 

his model, we use Bayesian techniques, which are optimal in SEMs 

ith latent variables (e.g., Kaplan & Depaoli, 2012 ; Van de Schoot 

t al., 2014 ). This is because Bayesian analysis considers uncer- 

ainty by its nature and, using informative priors, can better ap- 

roximate latent variables compared to the standard frequentist 

EM estimation. 

Scale parameters for the Bayesian estimation follow a proper 

rior of the form p(σ ) ∝ σ−( ̄n +1 ) · exp ( − q̄ 

2 σ 2 ) . We use the following 

rior for our parameters: αg , βg , γg ∼ iid N( 0 , 1 ) , q̄

σ 2
2

∼ χ2 
n̄ 
. We 

lso assume that n̄ = 50 and q̄ = 10 . This would mean that in

 fictitious sample of size 50 (denoted be n̄ ) , σ 2 
2 

would be on 

verage 1/5. We do not randomly select these priors: we choose 

hem based on the characteristics of the variables in the WMS 

atabase. 

Our management score does not measure structured manage- 

ent but general management, as the model we use is a result 

f standard economic theory. Although we use the WMS survey, 

hich concerns structured management, this is only to feed the 

ayesian algorithm with priors so that it converges faster to the 

osterior distribution—in large samples like ours, priors would not 

ake much difference ( Depaoli, Winter & Visser, 2020 ). Albeit our 

anagement score is general, we consider that structured manage- 

ent will be part of it. 

For inference, we use Markov Chain Monte Carlo (MCMC), 

nd we implement it using particle Gibbs sampling, which in- 

reases efficiency ( Andrieu, Doucet & Holenstein, 2010 ; Gelfand, 

ills, Racine-Poon & Smith, 1990 ). Specifically, the advantage of 

his algorithm is its ability to draw paths of the state variables in 

arge blocks. This simulation-based algorithm approximates contin- 

ous and marginal distributions with discrete distributions ( Creal, 

012 ). Then, the particle Gibbs sampler uses a discrete approxima- 

ion to draw a single path for the latent or state variables. When 

he number of particles reaches infinity, the particle Gibbs sampler 

s practically drawing from the full conditional distribution. 

The study by Creal and Tsay (2015) is a good source for this 

rocedure. Assume that the posterior is p(θ, λ1: T | y 1: T ) , with λ1: T

enoting any latent variable whose prior is p( λt | λt−1 , θ ) . We

se the particle Gibbs sampler to draw the structural parameters 

| λ1: T , y 1: T from the posterior conditional distributions. Assume

hat in an iteration process we get the value λ(1) 
1: T 

. We then ap- 

ly a particle filtering procedure that consists of two phases. We 

escribe the algorithm in each phase below. 

First phase: forward filtering (see also Andrieu et al., 2010 ). 

• Draw a proposal λ(m )
it 

from an importance density 

q ( λit | λ(m ) 
i,t−1 

, θ ) , m = 2 , . . . , M. 
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Table 2

Distributional characteristics of the management score.

Percentiles Smallest

1% 0.23 0

5% 0.31 0.02

10% 0.35 0.06 Mean 0.48

25% 0.41 0.06 Std. Dev. 0.11

50% 0.48 Largest Variance 0.01

75% 0.56 0.93 Skewness 0.03

90% 0.62 0.94 Kurtosis 3.01

95% 0.66 0.95

99% 0.74 1
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• Compute the importance weights:

w 

( m ) 
it 

= 

p 
(
y it ; λ( m ) 

it 
, θ

)
p 
(
λ( m ) 

it 
| λ( m )

i,t−1 
θ
)

q 
(
λit | λ( m )

i,t−1 
, θ

) , m = 1 , . . . , M. 

• Normalize the weights in the following manner: ˜ w 

(m ) 
it

= 

w 

(m ) 
it

∑ M 
m ′ =1 

w 

( m ′ ) 
it 

, m = 1 , . . . , M. 

• Do a particle resampling of { λ(m ) 
it 

, m = 1 , . . . , M } with proba- 

bilities ( ̃  w 

(m ) 
it 

, m = 1 , . . . , M ) . 

The original PG sampler stores values for t = 1 , . . . , T and a

rajectory is sampled based on the probabilities of the last iter- 

tion. There is, however, an improvement on the aforesaid algo- 

ithm of the particle Gibbs sampler proposed by Whiteley (2010) . 

e suggests drawing the path of the latent variables from the par- 

icle approximation, following the backward filtering procedure of 

odsill, Doucet and West (2004) . This can be described as follows: 

Second phase: backward filtering ( Chopin & Singh, 2015 ; Godsill 

t al., 2004 ). 

• At t = T draw a particle λ∗
iT 

= λ(m ) 
iT 

.

• Compute the backward weights: ˜ w 

(m ) 
t| T = 

w 

(m ) 
t| T 

∑ M 
m ′ =1 

w 

( m ′ ) 
t| T 

, m = 

1 , . . . , M. 

• Draw a particle λ∗
it 

= λ(m ) 
it 

with probability ˜ w 

(m )
t| T .

Notice that following the process described above, λ∗
i, 1: T 

= 

 λ∗
i 1 

, . . . , λ∗
iT 
} is a draw from the full conditional distribution. The 

econd step is a fast and efficient procedure, but still requires 

o select the importance density q ( λit | λi,t−1 , θ ) . Herein, we use

he following importance density: λit = αit + 

∑ P 
p=1 b it λ

p 
i,t−1 

+ h it ξit , 

ith ξit following a Student-t distribution with five degrees of free- 

om. For λi,t−1 we use polynomials of order P .We choose polyno- 

ials because they are easier when dealing with approximations 

f probability density functions (see among others Badinelli, 1996 ; 

ubank & Speckman, 1990 ). In the burn-in phase, we choose the 

arameters αit , b it , and h it . Here we assume P = 1 and P = 2. We do

his because we prefer to have the weights ( w 

(m ) 
it 

, ˜ w 

(m ) 
t| T ) close to

 uniform distribution. Importantly, Chopin and Singh (2015) show 

hat the sampler is uniformly ergodic and that backward sampling 

s more efficient asymptotically. Importantly, even in cases where 

he state vector is large, we can still recover the full conditional 

istribution. 

According to Geweke (1992) , the main problem of the Gibbs 

ampler is that the sequences produced are neither independent 

or identically distributed. The author introduces a method to deal 

ith this problem, which is computationally efficient and provides 

he convergence criteria (converge diagnostics). In practical terms, 

ne has to compare the last half of the chain that has converged, 

ith a smaller interval of the chain in the beginning, utilizing 

he spectral density estimation. In our study, the Gibbs sampler 

uns for 150,0 0 0 iterations, with the first 50,0 0 0 being burnt-in

o avoid any start-up effects. Conver gence is achieved and verified 

ia Geweke’s (1992) criterion and autocorrelation in MCMC never 

xceeds 0.4 in our setting. 

We report estimation results in both numerical and graphical 

orms. We first report the distributional characteristics of the mea- 

ure in Table 2 . The variable takes values from 0 to 1. The bot-

om 5% has a value of 0.31, while the top 5% a value of 0.66. The

ases where the management score takes values above 0.75 are 

are. With regard to the properties of the density function, we see 

hat the skewness is small and kurtosis is around three, which im- 

lies that the distribution of the management score resembles a 

ormal distribution. Fig. 1 shows the density. 
1260
. Management predicting M&A decisions

.1. M&A sample and empirical model 

To construct the M&A sample, we follow the standard filters de- 

cribed in Fuller, Netter and Stegemoller (2002) and used in many 

ther studies that predict M&A decisions. Specifically, (i) the ac- 

uiring company has to be a U.S. publicly listed corporation, and 

he target can be either a public, private, or subsidiary U.S. com- 

any; (ii) the acquisition must be complete; (iii) the acquirer must 

wn less than 50% of the target company before the acquisition, al- 

hough it wholly owns it afterward; (iv) the transaction is at least 

% of the acquiring company’s market capitalization 11 days before 

he announcement and it is more than $1 million; and finally, (v) 

e drop all deals that occur on the same day for the same acquirer. 

Following the above filtering process, we find 15,261 takeover 

vents for the period 1980–2016. The number of observations is 

arger because we use a firm-year panel (there are years without 

vents). We end up with a panel of about 40,0 0 0 firm-year obser- 

ations. Table 3 defines the variables used in our M&A analysis and 

rovides their sources. We report the relevant summary statistics 

n Table 4 . 

Before moving on to the empirical section, we show corre- 

ations between the management score and several variables. In 

omparison to Demerjian et al. (2012) , who estimate managerial 

bility using standard DEA methods, we find lower correlations 

ith some variables. We used the most recent data from Kogan 

t al. (2017) to calculate patents per worker. Anderson, Duru and 

eeb (2009) and Anderson, Reeb and Zhao (2012) provide the data 

n family ownership and dual class structure. The correlations 

re positive for firm outcomes such as employment, employment 

rowth, and return on assets. The family ownership correlations 

how both positive and negative signs. We see that firms with a 

igher management score are more likely to have family members 

wning more than 5% of the company’s stock. Firms with better 

anagement, on the other hand, are less likely to have dual shares. 

able 5 displays the results. 

To examine the effect of management on the probability of 

akeover events, we use the following logit model: 

 ( Y = 1 | X ) =
exp 

(
βT X 

)

1 + exp 

(
βT X 

) . (3) 

In Eq. (3) , Y is the dependent variable that takes the value one 

f there is a takeover event and zero otherwise. X denotes the 

xplanatory variables, including management. We use two more 

ependent variables, i.e., the probability of being a frequent ac- 

uirer and the number of acquisitions in a year (full definitions 

n Table 3 ). For the last case, we use a negative binomial model 

o account for the fact that we have large clusters with zero val- 

es when no takeover events occur; that is, we have overdisper- 

ion ( Cameron & Trivedi, 2013 ; Statacorp, 2017 ). In brief, assume 

hat for a count variable y j the Poisson distribution takes the form 
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Fig. 1. Graphical illustration of management scores density function.

Table 3

Variable definitions and sources for the M&A sample

The table defines the variables used in the M&A empirical analysis. The source for the M&A variables is Thomson One Banker. The source for the firm characteristics is

Compustat. For ease of replicability, we include the Compustat codes in parentheses.

Variable Description

M&A event An indicator variable that takes value one if a firm has announced at least one M&A event in a specific year.

Frequent acquirer An indicator variable that takes value one if a firm has acquired at least five firms within a period of three years.

Number of annual events The total number of M&A events in a specific year.

Log assets Firm assets (Compustat item AT) in logs.

Leverage Firm leverage. This is calculated as (DLC + DLTT)/AT. 

PPE Property, plant, and equipment (scaled). This variable is calculated as PPENT/AT.

Taxes Amount of taxes paid by a firm. This variable is calculated as TXT/PI.

ROA Earnings before interest and taxes divided by total assets. This variable is calculated as EBIT/AT.

Intangibles Firm intangibles (scaled). This variable is calculated as INTAN/AT.

Cash Cash and short-term investments. This variable is calculated as CHE/AT.

Tobin’s q This variable denotes the Tobin’s q for a firm. It is calculated as (AT + CSHO 

∗PRCC_F - CEQ)/AT. 

Stock return This variable denotes the stock return of a firm. It is calculated as:

(PRCC_F(t)/AJEX(t) + DVPSX_F(t)/AJEX(t))/(PRCC_F(t-1)/AJEX(t-1)). 

Net profit margin This variable measures a firm’s net profit margin and is calculated as NI/SALE.

MB This variable denotes the market-to-book ratio. It is calculated as CSHO 

∗PRCC_F/CEQ. 

Demerjian et al. score This variable uses the managerial ability score provided by Peter Demerjian. The link with the data is the following:

https://peterdemerjian.weebly.com/managerialability.html

Table 4

Summary statistics.

Obs. Mean St. dev. Min. p25 Median p75 Max.

Sales 47,188 5.750 2.122 −6.908 4.349 5.724 7.159 13.089

PPENT 47,188 3.996 2.446 −6.215 2.295 3.926 5.680 12.146

EMP 47,188 1.669 1.454 0.001 0.412 1.277 2.587 8.434

CINVT 47,188 3.516 2.556 0.000 1.132 3.639 5.440 11.775

NOL 47,188 3.247 1.919 −0.219 1.755 3.112 4.552 10.177

Management 47,188 0.484 0.109 0.000 0.411 0.485 0.558 1.000

Demerjian et al. score 41,962 0.309 0.152 0.004 0.225 0.271 0.349 1.000

M&A event 47,188 0.171 0.376 0.000 0.000 0.000 0.000 1.000

Frequent acquirer 8722 0.196 0.397 0.000 0.000 0.000 0.000 1.000

Number of annual events 69,637 0.225 0.646 0.000 0.000 0.000 0.000 9.000

Log assets 47,188 5.641 2.128 −2.235 4.161 5.576 7.075 11.882

Leverage 47,188 0.233 0.243 0.000 0.040 0.194 0.345 3.500

PPE 47,188 0.256 0.213 0.000 0.091 0.194 0.360 0.945

Taxes 47,188 0.253 0.317 −1.352 0.107 0.340 0.395 1.310

ROA 47,188 0.025 0.277 −7.371 0.002 0.065 0.124 0.421

Intangibles 47,188 0.140 0.176 0.000 0.000 0.066 0.217 0.735

Cash 47,188 0.169 0.198 0.000 0.026 0.087 0.244 0.970

Tobin’s q 39,535 1.958 1.791 0.475 1.132 1.484 2.157 66.674

Stock return 39,535 1.205 0.662 0.098 0.827 1.094 1.408 4.810

Net profit margin 39,535 −0.176 2.528 −52.697 0.003 0.039 0.080 1.000

MB 39,535 2.831 4.913 −30.351 1.238 1.997 3.331 43.642

1261
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Table 5

Correlations

This table shows correlations of the management score with several variables. Em- 

ployment denotes the number of employees. Sales/employment is the ratio of Com- 

pustat items SALE and EMP. Revenue/employment is the ratio of Compustat items

REVT and EMP. R&D/employment is the ratio of Compustat items XRD and EMP. Sales

growth equals ( SAL E t − SAL E t−1 ) /SAL E t−1 . ROA is the ratio EBIT/AT (from Compustat). 

ROE is the ratio NI/AT (from Compustat). ROS is the ratio NI/REVT (from Compustat).

Foreign income/Total income equals PIFO/NI (from Compustat). TFP is the residual ob- 

tained from the estimation of a production function. Patents per worker is the ratio

of the Kogan, Papanikolaou, Seru and Stoffman (2017) patent data and Compustat

item EMP. Fam_firm5 is an indicator taking value 1 if a family owns at least 5% of

the shares of a firm. Firm_dual_class is an indicator taking value 1 if the firm has a

dual class structure.

Employment 0.002

Sales/employment 0.0006

Revenue/employment 0.0008

R&D/employment 0.0018

Sales growth 0.0032

ROA (return on assets) 0.0024

ROE (return on equity) 0.0026

ROS (return on sales) 0.0047

Foreign income/Total income (pretax) −0.0006 

TFP −0.0007 

Patents per worker −0.0047 

Fam_firm5 0.0119

Firm_dual_class −0.0002 
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2 Albeit the standard DEA measures yield qualitatively similar results, Delis and

Tsionas (2018) and Delis et al. (2020) suggest that their correlation with the state- 

of-the-art measures of management provided in the WMS surveys for a limited

number of firms is low. The reasons may be that the list of firm characteristics that

managers cannot influence is non-exhaustive and many of these are unobserved

(thus erroneously captured by the management score). Delis and Tsionas show that

the Bayesian method used in this paper, compares significantly better to the WMS

scores, while it is also validated by the formal Monte Carlo methods.
3 We also perform a likelihood ratio test, comparing the linear model with the

nonlinear model. For the null hypothesis that the linear model is appropriate, we

obtain a chi of 8.23 and a p-value of 0.0041, indicating that between the two mod- 

els, the nonlinear one is better at explaining the relationship at hand.
 j ∼ Poisson ( μ∗
j 
) , where μ∗

j 
= exp ( x j β + of f se t j + ν j ) . In a Pois- 

on regression, offset is the variable that denotes the exposure pe- 

iod. We denote other covariates with x . The omitted variable, ν j , is 

uch that e ν j ∼ Gamma ( 1 a , a ) . In this case, α is the overdispersion 

arameter. Here, we assume that α = ln (a ) and that ln ( α j ) = z j γ ,

ith z being the vector of covariates. 

.2. Empirical results 

Table 6 reports marginal effects at means and t-statistics from 

he estimation of Eq. (3) . The first two regressions show results 

or the probability of the M&A to occur, and Management carries 

 positive and statistically significant marginal effect. Albeit statis- 

ically significant, economically the effect is not particularly large: 

 one standard deviation increase in Management (equal to 0.11), 

ncreases the probability for an M&A to occur by 0.55% (accord- 

ng to specification 2). We must note, however, that in the litera- 

ure predicting M&As, the explanatory variables have particularly 

ow predictability, as is also evident in the low R-squared (e.g., 

olubov, Yawson & Zhang, 2015 ; references therein). Moreover, the 

conomically relatively weak effect might be due to the nonlin- 

ar U-shaped effect of management on M&A deals. Albeit the co- 

fficient between management and M&As might seem small, the 

alue creation or destruction during M&A events can be particu- 

arly high. As such, even a relatively small coefficient implies many 

illions of dollars of value creation or value destruction. The rea- 

on is that a few good deals might help a firm grow much faster 

n the future meaning that one should not only look at short-term 

ains but also consider long-term gains, such as long-term invest- 

ent, goodwill, etc. 

In specifications 3 and 4 we use the probability of being a fre- 

uent acquirer as the dependent variable. The premise is that firms 

ith better management will take up more value-enhancing M&A 

pportunities and become frequent acquirers. Intuitively, we find 

esults that are economically more significant: a one standard devi- 

tion increase in Management , increases the probability that a firm 

s a frequent acquirer by approximately 1% (according to specifica- 

ion 4). Moreover, in columns 5 and 6, we use the Number of an-

ual events as the dependent variable, and we estimate a negative 

inomial regression (as noted in Section 3.1 ). The results in column 

 show that a one standard deviation increase in Management , in- 

reases the number of annual events by approximately 0.05 events, 
1262
hich corresponds to a 22% increase for the firm with an average 

umber of annual events (equal to 0.225). 

Given that our management score represents a relatively new 

ndeavor to measure managerial quality, we also examine how 

ur findings fare against DEA methods. To this end, we use the 

emerjian et al. (2012) measure of management quality, directly 

aken from Peter Demerjian’s website. This method disentangles 

anagement quality from total efficiency by regressing the effi- 

iency scores derived from a standard DEA model on several co- 

ariates that reflect firm characteristics which managers cannot af- 

ect. The DEA model is the following: 

ax 
v 

θ = ( Sales ) · ( v 1 COGS + v 2 SG & A + v 3 P P E + v 4 OpsLease 

+ v 5 R & D + v 6 Goodwill + v 7 OtherIntan ) −1 , (4) 

here θ denotes firm efficiency; COGS is the cost of inventory; 

G & A advertising expenditure; P P E property, plant, and equipment; 

psLease net operating leases; R & D net research and development; 

oodwil l purchased goodwill; and OtherIntan other intangible as- 

ets. The authors estimate DEA efficiency by Fama-French indus- 

ries, aiming for firms to have similar business models. Next, they 

se Tobit regression: 

 irm E f f icienc y i = α + β1 ln ( T otal assets ) i + β2 Mar ket Shar e i

+ β3 I ( F ree Cash F lo w i > 0 ) + β4 ln ( Age ) i

+ β5 Business Segment Concent rat io n i 

+ β6 F or eign Curr ency Indicato r i + Yea r i + εi . 

(5) 

The residual from Eq. (5) constitutes their managerial ability 

core. 

We report marginal effects and t-statistics in Table 7 . The re- 

ults confirm those of Table 6 , showing a positive and statistically 

ignificant effect of managerial ability on the probability of M&As. 2 

In our analysis so far, we have assumed that the relation be- 

ween management and M&As is linear. Although linear models 

llow for an easy interpretation of the findings, they may be less 

recise, and more advanced functional forms may be needed to 

chieve a better fit for the data (e.g., Chu & Zhang, 2003 ; Qin,

uang, Zeng, Chakma & Huang, 2007 ). 

Theoretical and empirical evidence in corporate finance shows 

hat very bad managers deplete firm value while good managers 

ncrease it. As a result, very low management scores capture poor- 

uality managers who are more likely to make decisions that harm 

hareholders, such as empire building through M&As (see e.g., 

hatterjee, Hasan, John & Yan, 2021 ; Gantchev, Sevilir & Shivdasani, 

020 ; Jensen, 1986 ; Moeller, Schlingemann & Stulz, 2005 ). As the 

anagement score rises, we encounter managers who are neither 

ad nor stellar, and thus the impact of their actions on the firm 

s minimal; they do not participate in as many M&As, even if the 

eals are good. As we progress, we reach the level of stellar man- 

gers who initiate and execute successful M&A deals ( Jovanovic & 

ousseau’s, 2002 ). Therefore, a nonlinear model is appropriate in 

his case because the relationship between management and M&As 

s governed by the aforesaid opposing forces. 3 
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Table 6

Management and M&As

The dependent variable in columns (1) and (2) is an indicator taking value one if an M&A event is ob- 

served and zero otherwise. In columns (3) and (4) the dependent variable is an indicator taking value one

when an acquiring firms has made at least five acquisitions within a three-year period. Finally, in columns

(5) and (6) the dependent variable is the number of M&A events for each firm in each year. Coefficients

show marginal effects for the case of (panel) logit models. Standard errors for the panel logit use the ob- 

served information matrix when calculated, while they are clustered at the acquirer’s level for the case of

the logit and negative binomial models. We show t-statistics in parentheses. The logit model includes year

and Fama-French 12 fixed effects. Table 1 shows the definitions of variables used to measure management

scores. Table 3 shows the definitions of the control variables. Stars, ∗∗∗ , ∗∗ , and ∗ , indicate significance 

levels at the 1%, 5%, and 10%, respectively.

Dependent variable M&A event Frequent acquirer Number of annual events

Estimation method Panel logit Logit Negative binomial

(1) (2) (3) (4) (5) (6)

Management 0.051 ∗∗ 0.050 ∗∗ 0.092 ∗∗ 0.101 ∗∗ 0.276 ∗∗ 0.422 ∗∗∗

(2.54) (2.27) (2.10) (2.26) (2.11) (2.85)

Log assets 0.035 ∗∗∗ 0.026 ∗∗∗ 0.004 0.004 0.104 ∗∗∗ 0.125 ∗∗∗

(14.06) (9.36) (0.82) (0.79) (8.35) (9.50)

Leverage −0.217 ∗∗∗ −0.260 ∗∗∗ 0.057 ∗ 0.090 ∗∗ −0.382 ∗∗∗ −0.472 ∗∗∗

( −8.40) ( −7.53) (1.69) (2.13) ( −4.04) ( −3.53) 

PPE −0.001 0.016 0.147 ∗∗∗ 0.133 ∗∗∗ 0.604 ∗∗∗ 0.688 ∗∗∗

( −0.03) (0.38) (2.97) (2.65) (3.52) (4.44)

Taxes 0.010 0.004 −0.006 0.003 0.058 0.028

(1.17) (0.42) ( −0.25) (0.12) (0.66) (0.28)

ROA 0.173 ∗∗∗ 0.188 ∗∗∗ 0.058 ∗ 0.011 0.766 ∗∗∗ 0.745 ∗∗∗

(8.24) (6.59) (1.93) (0.16) (4.82) (5.32)

Intangibles −0.016 0.043 0.383 ∗∗∗ 0.393 ∗∗∗ 1.683 ∗∗∗ 1.977 ∗∗∗

( −0.54) (1.26) (7.99) (7.68) (11.73) (12.73)

Cash 0.226 ∗∗∗ 0.249 ∗∗∗ 0.031 0.011 1.051 ∗∗∗ 0.877 ∗∗∗

(9.64) (8.04) (0.64) (0.19) (8.77) (6.06)

Tobin’s q 0.006 ∗∗∗ 0.003 0.031 ∗∗∗

(2.83) (0.95) (2.94)

Stock return 0.020 ∗∗∗ 0.033 ∗∗∗ 0.221 ∗∗∗

(5.04) (4.48) (8.63)

Net profit margin 0.005 ∗∗ 0.018 0.039 ∗∗∗

(2.33) (1.15) (3.89)

MB 0.001 −0.000 −0.005 

(0.77) ( −0.14) ( −1.23) 

Observations 47,188 39,535 8722 7093 69,637 59,781

Pseudo R 2 0.025 0.025 0.181 0.192 0.06 0.041

Log-likelihood −14,605.4 −12,333.8 −3529.8 −2861.6 −36,909.4 −31,266.8 

Table 7

Management measured with DEA methods and M&A events

This table replicates table 6 ’s models shown in columns (1) and (2), but instead of us- 

ing the management score calculated with Bayesian methods, we use the DEA-based

Demerjian et al. (2012) scores. The estimation method is panel logit and we report

marginal effects. The dependent variable is an indicator taking value one if an M&A

event is observed. Standard errors use the observed information matrix when calcu- 

lated. We show t-statistics in parentheses. Table 1 shows the definitions of variables used

to measure management scores. Table 3 shows the definitions of the control variables.

Stars, ∗∗∗ , ∗∗ , and ∗ , indicate significance levels at the 1%, 5%, and 10%, respectively. 

(1) (2)

Demerjian et al. score 0.145 ∗∗∗ 0.109 ∗∗∗

(5.89) (3.57)

Controls Same as column 1, Table 6 Same as column 2, Table 6

Observations 41,962 35,207

Pseudo R 2 0.027 0.025

Log-likelihood −13,029.5 −11,029.6 

χ 2 734.92 ∗∗∗ 574.20 ∗∗∗

a

w

t

t
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s
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4 We have also tried with a specification where we included CEO incentives as

additional control variables. Our main results, found in Appendix Table A3 , remain
We report results testing this hypothesis in Table 8 , where we 

dditionally include the squared term of management. Consistent 

ith our hypothesis, we observe that the coefficient on the level 

erm is negative and the coefficient on the squared term is posi- 

ive; both are statistically significant. Setting ∂M& A e v ent 
∂Management practices

= 0 

ields a minimum equal to 0.43, at which point the effect of man- 

gement on the M&A event turns positive (based on the results of 

pecification 2). We illustrate this U-shaped relation in Fig. 2 . Fig. 

 a precisely reflects the nonlinear U-shaped effect: the left-hand 
i

1263
ide shows a negative relation between management and an M&A 

vent for lower scores of management (approximately up to 0.43) 

nd the right-hand side shows a positive relationship (from 0.43 

nward). 4 
ntact.
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Fig. 2. Graphical illustration of management’s non-linearities on takeover events

The top panel ( Fig. 2 a) shows graphically the effect of management non-linear effects on the probability of a merger event. The bottom panel from the left ( Fig. 2 b), shows

the effect of management non-linear effects on the probability of a merger that destroys firm value (negative CAR), and the bottom panel from the right ( Fig. 2 c), shows the

effect of management non-linear effect on the probability of a merger that creates firm value (positive CAR).
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To disentangle the two opposite effects, we next examine the 

ole of the M&A success. We expect that better management im- 

lies fewer M&As that destroy value and more M&As that cre- 

te value. We use cumulative abnormal returns (CAR) with a one- 

ay window, to categorize events into value-enhancing and value- 

estroying. To calculate cumulative abnormal returns, we first de- 

ne abnormal returns as: A R it = R it − E ( R it ) , with A R it being the

bnormal returns for firm i at time t , R it the actual return for firm 

 at time t , and E ( R it ) the expected return for firm i at time t .

he CAR is then calculated as CAR ( t 1 , t 2 ) = 

∑ T 2 
t= T 1 A R it . In our case

 1 = −1 and T 2 = 1 , with τ = 0 indicating the event date. 

Fig. 2 b shows a negative relation of management with the prob- 

bility of takeover events that destroy value. This effect especially 

olds for scores of management above the optimal value of 0.43, 

dentified in the results of Table 8 (beyond this score, the slope 

f the negative relation becomes considerably steeper). In contrast, 

ig. 2 c shows a positive relation between management and the 

robability of value-enhancing takeover events. Again, the positive 

ffect gains considerable momentum (the elasticity of the regres- 

ion line increases) for scores on management higher than 0.43. 
1264
. Conclusion

Management and M&A decisions theoretically go hand-in-hand. 

irms with good management target value-enhancing M&A deals, 

hereas firms with poor management target value-decreasing 

&A deals. Both groups of firms might thus conduct more M&A 

eals. In this study, we examine this hypothesis using more than 

5,0 0 0 M&A events over the period 1980–2016. We estimate 

anagement using a structural equation model, which includes 

anagement as a latent input of production. For the estimation 

ethod, we resort to a Bayesian approach that involves an artifi- 

ial neural network process for the identification of management, 

nd we obtain inferences from MCMC. 

Our baseline results show that management has, on average, a 

ositive effect on M&A deals. Delving deeper into this relation and 

onsistent with our theoretical arguments, we next identify a non- 

inear U-shaped effect. Specifically, low levels of management are 

inked to a higher probability of M&A deals that are, on average, 

alue-decreasing, while high levels of management are linked to 

igher probability of M&A deals that are value-increasing. Firms 
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Table 8

Nonlinearity in the management and M&A relation

The dependent variable is an indicator taking value one if an M&A event is ob- 

served and zero otherwise. The estimation method is panel logit. Coefficients show

marginal effects. Standard errors use the observed information matrix when calcu- 

lated. This table presents t-statistics in parentheses. Table 1 shows the definitions

of variables used to measure management scores. Table 3 shows the definitions of

the control variables. Stars, ∗∗∗ , ∗∗ , and ∗ , indicate significance levels at the 1%, 5%, 

and 10%, respectively.

(1) (2)

Management −0.408 ∗∗ −0.484 ∗∗

( −2.15) ( −2.28) 

Management (squared) 0.485 ∗∗ 0.562 ∗∗

(2.47) (2.57)

Log assets 0.043 ∗∗∗ 0.033 ∗∗∗

(11.12) (7.76)

Leverage −0.270 ∗∗∗ −0.332 ∗∗∗

( −8.49) ( −8.15) 

PPE −0.002 0.020

( −0.04) (0.37)

Taxes 0.012 0.0048

(1.17) (0.42)

ROA 0.215 ∗∗∗ 0.239 ∗∗∗

(8.05) (6.86)

Intangibles −0.020 0.054

( −0.55) (1.25)

Cash 0.279 ∗∗∗ 0.317 ∗∗∗

(8.62) (7.73)

Tobin’s q 0.007 ∗∗∗

(2.82)

Stock return 0.026 ∗∗∗

(5.00)

Net profit margin 0.006 ∗∗

(2.36)

MB 0.001

(0.73)

Observations 47,188 39,535

Log-likelihood −14,601.244 −12,329.241 
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ith management within the first and second quartiles have a 

ower probability to originate M&As. 

Our results have important implications, especially for the 

rms’ shareholders. Shareholder screening of the quality of man- 

gement is equally difficult and important, and our analysis sug- 

ests that management quality can be the key difference between 

alue-enhancing and value-decreasing M&As. Our analysis provides 

he first evidence on this important problem. Future work can fur- 

her highlight the determinants of management, including corpo- 

ate governance characteristics that point to specific agency prob- 

ems, which in turn are linked to the probability and performance 

f M&A deals. 

ppendix A. Appendix title 

This appendix provides further discussion about the manage- 

ent score, as well as several additional empirical tests. 

anagement vs. TFP 

The management score we use in this work measures total 

anagement quality (including top management quality and lower 

anagement quality). Based on the theoretical literature, manage- 

ent quality is one part of operation efficiency. Our management 

core is not total factor productivity. To better understand this, 

onsider a standard model based on a Cobb-Douglas production 

unction used to estimate TFP. 

og ( y i,t ) = μi + μt + αk 
s log ( k i,t−1 ) + αn 

s log ( n i,t ) + εi,t . 

In the above equation, y i,t is the output, k i,t−1 is capital, n i,t is 

mployment, and μ and μt denote firm and year fixed effects. To 
i 

1265
et TFP, we just need to run a simple OLS regression and then re- 

rieve the residuals, which constitute TFP. 

The model we propose in our paper is quite different. We rely 

n two main equations: 

n ( q it ) = β0 + βk ln ( k it ) + βl ln ( l it ) + βm 

ln ( m it ) + 

1 

2 

βkk ln ( k it ) 
2

 

1 

2 

βll ln ( l it ) 
2 + 

1 

2 

βmm 

ln ( m it ) 
2 + βkl ln ( k it ) ln ( l it ) 

 βkm 

ln ( k it ) ln ( m it ) + βlm 

ln ( l it ) ln ( m it ) + u it (A1) 

 i,t = 

G∑ 

g=1

γg φ
(
αg + x ′ i,t βg 

)
+ νit, 2 (A2) 

Eq. (A1) is the production function (in a translog form) and con- 

ains management (m ) , which is a latent variable (and is an in-

ut, not part of the residual). Eq. (A2) models management. Con- 

istent with the underlying theory cited in our paper, management 

n (A2) is approximated by lagged values of all inputs and the cur- 

ent value of labor. The two equations together constitute a struc- 

ural equation model (SEM), with management being a latent vari- 

ble. To estimate SEM, we use a Bayesian approach that also re- 

overs the latent variable (the management score). We choose the 

ayesian approach because in SEMs with latent variables it per- 

orms very well. We feed the SEM with data and priors and let the 

ystem solve. By construction, the management score is not the er- 

or term shown in Eq. (A1) , thus it cannot be TFP ( m and u are

ifferent). 

We show empirically that our measure of management and TFP 

re not correlated. To do this, we calculate TFP using standard 

echniques, such as through an OLS process in a Cobb-Douglas pro- 

uction function with capital and labor as inputs, and the well- 

stablished Levinsohn and Petrin (2003) method. We do this in the 

hole Compustat database. Because the Levinsohn-Petrin method 

equires specific characteristics (such as payments at the sectoral 

evel), we lose many observations in the process, as such data do 

ot exist, or if they do exist they are scarce. We find that our man-

gement score is not correlated with these variables—the correla- 

ion is practically zero—as expected because management is an in- 

ut and TFP is a residual. 

Correlations

TFP based on a

Cobb-Douglass

production function

TFP based on

Levinsohn-Petrin

method

Management −0.0007 (not 

significant)

−0.0083 (not 

significant)

A further test that we do is to include the TFP as an additional 

ontrol variable in our baseline model. We show the results in 

able A1 below. We find that the management score enters with 

 positive and statistically significant coefficient. In fact, its value 

s close to the baseline model presented in Table 6 of the original 

ext. This is also true when we include the squared term for man- 

gement. Importantly, TFP carries a positive and statistically signif- 

cant coefficient. 

n the use of a translog production function and a sigmoid 

ctivation function 

We use the translog production function due to its good mathe- 

atical properties (see e.g., Coelli, Rao, O’Donnell & Battese, 2005 ; 

reene, 2008 ). Specifically, the translog is a flexible generalization 

f the Cobb-Douglas production function. Because of these prop- 

rties, we can approximate more accurately the empirical form a 

roduction function. 
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Table A1

Baseline results including TFP

The dependent variable is an indicator taking value one if an M&A event is observed and zero

otherwise. Coefficients show marginal effects. Standard errors use the observed information

matrix when calculated. We show t-statistics in parentheses. Table 1 shows the definitions of

variables used to measure management scores. Table 3 shows the definitions of the control

variables. Stars, ∗∗∗ , ∗∗ , and ∗ , indicate significance levels at the 1%, 5%, and 10%, respectively. 

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

Management 0.056 ∗∗ 0.051 ∗∗ −0.537 ∗∗∗ −0.522 ∗∗

(2.26) (2.31) ( −2.61) ( −2.39) 

Management squared 0.619 ∗∗∗ 0.603 ∗∗∗

(2.95) (2.68)

TFP 0.020 ∗∗ 0.017 ∗∗ 0.024 ∗∗ 0.023 ∗∗

(2.46) (2.25) (2.46) (2.24)

Log assets 0.024 ∗∗∗ 0.023 ∗∗∗ 0.029 ∗∗∗ 0.029 ∗∗∗

(6.98) (7.12) (6.30) (6.30)

Leverage −0.268 ∗∗∗ −0.250 ∗∗∗ −0.317 ∗∗∗ −0.326 ∗∗∗

( −8.57) ( −7.18) ( −9.85) ( −7.93) 

PPE −0.013 0.010 −0.016 0.013

( −0.27) (0.23) ( −0.28) (0.24)

Taxes 0.007 0.004 0.008 0.005

(0.69) (0.40) (0.70) (0.40)

ROA 0.241 ∗∗∗ 0.209 ∗∗∗ 0.285 ∗∗∗ 0.270 ∗∗∗

(8.29) (6.54) (9.09) (7.00)

Intangibles 0.030 0.054 0.036 0.070

(0.80) (1.57) (0.80) (1.56)

Cash 0.265 ∗∗∗ 0.242 ∗∗∗ 0.313 ∗∗∗ 0.314 ∗∗∗

(9.01) (7.70) (8.45) (7.45)

Tobin’s q 0.004 ∗∗ 0.006 ∗∗

(2.11) (2.10)

Stock return 0.021 ∗∗∗ 0.027 ∗∗∗

(5.04) (5.02)

Net profit margin 0.002 0.003

(1.03) (1.04)

MB 0.001 0.001

(1.39) (1.35)

Observations 42,186 38,273 42,186 38,273

Log-likelihood −13,235.456 −11,949.745 −13,230.339 −11,944.693 
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We have used a sigmoid activation function that follows an ar- 

ificial neural network. As we explain in the paper, our manage- 

ent score takes values between zero and one, and the sigmoid 

unction works very well in gradient-based optimization problems, 

uch as the one we have (see also Goodfellow et al., 2016 ). Also,

he output of a sigmoid function can be interpreted as probabil- 

ty, which is a key component in Bayesian econometrics. Further, 

odels with multi-layered neural networks can be considered hi- 

rarchies of generalized linear models, for which activation func- 

ions are link functions. Finally, the sigmoid function has a minimal 

tructure and captures our ignorance about a model. 

egarding validation 

The system of Eqs. (A1) and ( A2 ) essentially constitutes a struc- 

ural equation model (SEM) with a latent variable. We estimate 

his model using Bayesian techniques—specifically, a Bayesian nor- 

al linear regression. The key theoretical reason for this is that the 

ayesian analysis incorporates uncertainty in measurements be- 

ause of the infusion of prior knowledge (if priors are informative) 

r lack thereof (if priors are uninformative) into the prior distribu- 

ions. In our case, we have good priors on explanatory variables, 

wing to Bloom and Van Reenen (2007) and their WMS data. The 

core obtained from the Bayesian model (see Section 2.2 in Delis & 

sionas [2018] for details) is highly correlated with the WMS score 

see also Section 3.1 in Delis & Tsionas [2018] ). This is the first step

n validating this measure. 

The key exercise for the external validity of the measure (thus, 

he second validation exercise) from an econometrician’s viewpoint 

s always the simulation-based analysis. 
1266
For the Monte Carlo simulations, we start with a frontier model 

f production inefficiency that takes the following form: 

 = F ( K, L ) = K 

αL βexp ( v − u ) , 

here Y is firm output and K, L are capital and labor, whose rel-

tive prices are w K , w L , respectively. Further, v is the error term 

nd u is the inefficiency component. We prefer a frontier stochas- 

ic efficiency model to show that our findings hold within an en- 

ironment unfavorable to our approach (that does not include an 

nefficiency component) and more favorable to the literature esti- 

ating management from a frontier approach. 

Based on the same literature, we assume u = 1 − M, where 

is management with price w M 

. Without loss of generality, we 

ormalize the price of output to unity and generate relative prices 

f inputs as uniform numbers in the interval (0, 1). We gener- 

te technical inefficiency as u ∼ N + ( 0 , σ 2 
u ) . Then we generate M 

rom u = 1 − M and the price of management w M 

= 10 M exp ( ε M 

),

here ε M 

∼ N( 0 , 0 , 1 2 ) . 

We take first order conditions and do the necessary substitu- 

ions in the production function to get firm output and inputs, 

s well as the price of management. We allow some measure- 

ent error for realism. Then we perform the simulation with 10 0 0 

eplications and estimate all necessary components. After that we 

heck the correlations between the simulated and estimated man- 

gement scores. Rank correlations, shown in Table A2 below, range 

rom 0.85 to 0.92, thus being quite high. 

oncerning managerial preferences 

An important issue in this analysis is that our results might be 

riven by personal managerial preferences or ambition. To exam- 
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Table A2

Rank correlations between simulated and estimated management

The table reports rank correlations between simulated management from

the Monte Carlo method and estimated management from the translog

production function and the simulated samples. We report results from

different sam ple sizes, where n is the number of cross-sections (firms).

The number of periods T is fixed to T = 10. 

All prices observed Missing w L Missing w L and w K

n = 1500 0.85 0.80 0.75

n = 2000 0.89 0.83 0.79

n = 2500 0.92 0.88 0.85

Table A3

Management and M&As including CEO incentives

The dependent variable in both columns is an indicator

taking value one if an M&A event is observed and zero

otherwise. Coefficients show marginal effects. Delta and

vega capture managerial incentives and are calculated

based on Core and Guay (2002) by Coles et al. (2006) .

Standard errors for the panel logit use the observed in- 

formation matrix when calculated. We show t-statistics

in parentheses. Table 1 shows the definitions of vari- 

ables used to measure management scores, and Table 3

shows the definitions of the control variables. Stars, ∗∗∗ , 
∗∗ , and ∗ , indicate significance levels at the 1%, 5%, and 

10%, respectively.

Dependent variable M&A event M&A event

Estimation method Panel logit Panel logit

(1) (2)

Management 0.097 ∗ −0.394 ∗

(1.76) ( −1.89) 

Management squared 0.484 ∗∗

(2.32)

Delta −2.12e-07 −1.59e-07 

( −0.25) ( −0.23) 

Vega 2.72E-05 2.24E-05

(0.71) (0.72)

Controls Yes Yes

Observations 11,899 11,899

Prob > chi2 0.000 0.000

Log-likelihood −4140.8 −4139.08 
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1351–1408 .
ne whether managers’ incentives matter, we use specifications in- 

luding delta and vega . These are computed by Coles, Daniel and 

aveen (2006) and are based on the method proposed by Core and 

uay (2002) . Albeit the sample has decreased significantly, we ob- 
Table A4

Baseline results including R&D and investment

The dependent variable is an indicator taking value one if an M&A

of Compustat items XRD to EMP. Investment is the logarithm of 

effects. Standard errors use the observed information matrix whe

shows the definitions of variables used to measure management sc

Stars, ∗∗∗ , ∗∗ , and ∗ , indicate significance levels at the 1%, 5%, and 1

(1) (2) (3)

Management 0.052 ∗∗ 0.049 ∗∗ 0.050

(2.40) (2.27) (2.27

Management squared

R&D −0.010 −0.01

( −1.39) ( −1.5

Investment 0.006 0.007

(1.12) (1.27

Controls Y Y Y

Observations 39,165 38,709 38,70

LR χ2 621.93 609.45 611.9

Log-likelihood −12,230.619 −12,097.699 −12,0

1267
erve that they inclusion of these variables did not alter the main 

ndings of our work. The results are in Table A3 . 

&D and investment as additional control variables 

In this paper, we argue that management is a factor of produc- 

ion and one that completes the list. This adage is not new; it has 

een mentioned by Mundlak (1961) and Lucas (1978) , and recently 

evived in the theoretical literature by Bloom et al. (2017) . Some 

ritics might argue that variables, such as ICT and R&D should be 

ncluded in our analysis. Given the nature of our measure of man- 

gement, we argue that other more granular inputs are part of cap- 

tal, labor, and management. ICT and R&D are part of capital and 

abor, and skill is of course part of management. 

We proceed, nonetheless, to include additional controls in our 

aseline model, specifically R&D and investment. We are unable to 

se the same controls used by Bloom et al. (2019) because we do 

ot have access to the datasets used by these authors. We show 

he results in Table A4 below. The two additional control variables 

re not statistically significant in any specification. Importantly, the 

oefficients on management are almost unchanged. 
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