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Abstract

Takeover prediction models can be defined as a cross-sectional regression using a firms 

corporate accounting information in order to measure its likelihood of becoming an ac

quisition target. Given the theoretical and empirical evidence that these models are un

stable both over time and across economies, the research objectives of this thesis are to (i) 
determine persistent takeover characteristics over a ten-year time span, (ii) analyze the 
model's predictive accuracy and (iii) investigate whether long-term abnormal returns 

can be earned by investing in realistic portfolios based on the model's predictions and 
whether the model's profitability is correlated with its predictive ability.

As shown in the second and third chapter, for the past four decades, researchers have pro
vided mixed evidence on the usefulness of accounting data in order to predict takeover 
activity. Although the literature suggests that takeover prediction models are unstable 

across time and economies, there seems to be no work having studied the stability of 
the estimated coefficients, the predictive power, and the portfolio performance as cap
tured by takeover prediction models. This thesis provides a unique attempt to unfold the 
dynamic characteristics underlying takeover forecasting models.

Chapters four and five present the methodology and the data employed in this thesis. 
Following recent works in takeover prediction and in the time series forecasting liter

ature, the model's dynamic stability is here studied using one calendar year window 

rolling forecast estimations during the period 1998-2007. Forecasting performance is 

measured ex-ante by using holdout samples in the year following each estimation year. 

This method aims to replicate a scenario where a practitioner employs a takeover predic

tion model based on the most recent takeover activity in order to achieve long-term prof

itability. In addition, the study tests the influence of the results across two levels; country 

and model choice. The geographical variability is studied by considering two different 

economies characterized by the highest takeover activity: the United Kingdom and the 

United States. Furthermore, 1 control for the model's specification by using both Logistic 

Regression and Artificial Neural Networks (ANN) specifications which were deemed to



accurately represent the traditional frameworks in parametric and non-parametric mod

eling respectively.

Consistent with the literature, the estimation results, presented in chapter six, show that 

most variables are inconsistent over time. As suggested by previous work, both sign and 
significance of the estimated coefficients appear to behave erratically over the selected 
period. However, for a small number of variables, the estimated coefficients show mod

erate sign persistency and a relatively frequent significant discriminatory power there

fore providing evidence that takeovers may exhibit consistent characteristics over long 

periods of time. These characteristics also appear to be context-specific thus suggesting 
that explanatory variables should be chosen in relation to the M&A environment under 
study.

The prediction results, presented in chapter six, show that the model's forecasting power 
is highly volatile over time for both the UK and the US. In the US context, judging by 
the low explanatory power and the relatively poor predictive performance achieved by 
the logistic-based models, ANN seem to provide a superior ability in capturing takeover 
activity. Probably due to the smaller size of the resulting validation samples, the evidence 

appears to be mixed in the UK context.

In the portfolio section analyzed in chapter seven, I show that, in the case of the UK, 

ANN offer a solid basis for an investment strategy based on takeover predictions. In the 
US context however, despite ANN-based model's significant ability to predict takeovers 

relative to a random selection, both models failed to provide significant abnormal re

turns when controlling for common market factors. Finally, average predictive power 

appears to be strongly correlated with the model's long-term profitability in the UK con

text whereas no such correlation was measured in the US, suggesting a more efficient 

pricing of takeover vulnerability within the US market.
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— Chapter 1

Introduction

1.1 Introduction to the topic and statement of research objectives

Mergers and Acquisitions (henceforth: M&A) define the complex process through which 
a company integrates the seiwices of another firm in order to, in theory, achieve combina
tional efficiencies. As frequently mentioned in the literature, the complexity underlying 
the M&A process may, to some extent, be explained by the large number of approaches 
showing that an M&A transaction seems to be affected by general economic, financial and 
legal factors both at the global and firm-level. Additionally, the sigmficant influence of 
the human factor combined with the relative low frequency of the event makes drawing 
general conclusions on M&A activity a particularly difficult task. Among all these doc

umented factors, time, although contended to explain a large number of disagreements 
and controversies within the M&A literature, is often mentioned but rarely accounted 
for in cross-sectional empirical studies. While dynamic patterns of M&A activity have 

been extensively documented, the impact of the selected time period on their reported 

results has generally been neglected. Therefore, the general objective of this thesis is to 
investigate, in the particular case of takeover prediction models, the effect of time on the 

different characteristics exhibited by M&A-based models.

A takeover prediction model can be defined as a multivariate model whose principal 

objective is to investigate the predictive power of cross-sectional publicly available fi

nancial and non-financial information in relation to takeover activity. The motivations 

behind takeover prediction have been extensively mentioned in the literature. First, from 

a theoretical viewpoint, as mentioned by Powell (1997), these models offer the possibility 

for a better understanding in relation to the reasons underlying an acquisition attempt. 

Moreover, the model's specification can be employed as an empirical test of the several 

motivations that have been documented within the M&A literature. Secondly, from an



economic perspective, it is well-known that target shareholders earn substantial abnor

mal return the day of the announcement. In a review of the existing empirical evidence 

at the time, Jensen and Ruback (1983) show that target shareholders earned an average of 

20.2% following the deal's announcement.^ Therefore, a model able to persistently pre

dict targets with high level of accuracy may potentially become the basis of a profitable 

investment strategy. Finally, as stated by Espahbodi and Espahbodi (2003), takeover pre

diction techniques could potentially provide corporate management with a measure of 

their firm's takeover vulnerability thus offering the possibility of taking appropriate de

fense measures or of submitting an anticipated warning to the board of directors of such 

an event.

One of the main characteristics of the takeover literature is that, despite the assertion 

that models are seemingly unstable over time and across economies, studies have gener

ally assumed both the model's estimations and performances to be stationary. However, 

there are two types of time instabilities that should be here considered. The first one, 

common to all prediction models, accounts for the unexplained random and fixed fac

tors related to the studied event as well as for the inherent distributional data instability. 

Within the bankruptcy prediction literature, studies such as Mensah (1984) and, more 

recently, Pompe and Bilderbeek (2005) have studied the influence of the business cycle 

in the model's predictive ability by comparing the model's performances in two or more 

periods of time. In addition, this technique is frequently used in the time-series literature 

in order to measure forecasting uncertainty.^ Stock (2004) offers an interesting discussion 

as well as a review of the evidence of the general structural dynamic instability character

izing macroeconomic models. The second type of dynamic instability relates to the event 

in itself and is specific to the study in question. As I shall subsequently argue, although 

recent research has focused on the dynamic instability of bankruptcy prediction models, 

M&As hav'e additional underlying instabilities likely to affect the model's predictive abil

ity. First, as argued by Barnes (1999), given the multifarious factors affecting a takeover

’The reader is referred to Gaughan (2005), Chapter 3 (p.l30) for a comprehensive analysis of the historical 
and more recent evidence on the short and long-run gains available to target shareholders during the time 
period following the deal's announcement.

^The reader may refer to Tashman (2000) for a review. Chapter 4 will also provide a detailed review on 
rolling forecast estimation techniques.



decision, takeover prediction models are likely to be more unstable when compared to 

bankruptcy prediction models where the event does not significantly change over time 

(except in cases where, for example, regulatory changes affect the underlying definition 

of liquidation). Secondly, given the motivation of generating economic rewards present 

in the takeover prediction literature, an additional question arises concerning the dy
namic instability of the generated portfolios and, to what extent, the predictive instabili

ties are translated into portfolio risk. The latter point is particularly interesting given the 

recent debate on the potential sources of gains underlying takeover prediction models: 
while some state that gains stem from the bid premium or the abnormal performance 
during the announcement (e.g. Barnes, 1999; Arnull-Almond, 2007), others believe that 

firms with higher takeover likelihood are likely to provide an attractive financial profile 
for an investment (e.g. Wansley et al., 1983; Cremers et al., 2009). Finally, Pompe and 
Bilderbeek (2005) note that the model's predictive ability is affected by the significant 
increase in the number of bankruptcies during recession periods. Throughout the litera
ture, a large amount of work has attempted to describe the dynamic patterns generated 

by M&A activity (Golbe and White, 1987; Town, 1992) and also to explain the drivers 
underlying such patterns (Gort, 1969; Mitchell and Mulherin, 1996; Roll, 1986). This lit
erature shows, overall, that M&A activity is generally triggered by structural economic 
shocks that lead to collective incentives for M&A plans. Consistent with the empirical 

evidence provided by this thesis, M&A activity varies over time and there are multiple 
factors expected to influence such changes. As a result, assuming that changes in the 

number of events influence the predictive ability of the models, such an effect is likely to 

be even more pronounced in an M&A environment relative to other dichotomous events.

Given the mixed evidence found within the takeover prediction literature, a dynamic 

analysis of both the predictive and portfolio performance of takeover prediction mod

els is needed in order to describe and analyze the potential instabilities underlying such 

models. Unique to the takeover prediction literature, this research therefore studies the 

dynamic features of takeover prediction models in relation to (i) the characteristics of 

takeovers (ii) the model's predictability and (hi) the abnormal profitability of an invest

ment based on the model's predictions. The dynamic analysis uses a rolling estimation 
window technique generating multiple out-of-sample forecasts and aiming to replicate a



practitioner's yearly attempt to predict takeover activity and use the model's predictions 

as a basis of an investment strategy. The use of the rolling-forecast technique has been 

recently used by Cremers et al. (2009) and constitutes a well-adapted tool to analyze a 

cross-sectional model's stability. Two modeling frameworks, the Logistic Regression and 

Artificial Neural Networks, were selected because of their persistent support and their 
complimentary functional advantages. The results are reported for both the UK and the 

US in order to investigate the generalizability of our results within the two economies 

most studied in relation to M&A activity.

The remainder of the chapter is structured as follows. Section 1.2 provides detailed def
initions of the terms that were found to appear as potentially ambiguous or frequently 
present in the discussions outlined and hence in need of clarification. Section 1.3 both 

describes the motivations and provides a statement of the three research questions un
derlying the present research. Section 1.4 lists the several contributions that the present 
thesis offers to the academic literature. Section 1.5 presents the main results and un
derlines some related implications. Section 1.6 describes the structure of the thesis by 
providing a brief summary of each remaining chapter. Section 1.7 presents the confer

ences/seminars where the methodology and the results of this research were presented. 
Finally, section 1.8 briefly summarizes the chapter.

1.2 Definitions

Given the ambiguous use of some terminologies within the M&A literature and given 

their frequent appearance in the analysis here reported, this paragraph aims to clarify 
their definition within the present literature.

Takeover: Following Bartley and Boardman (1990), a broad definition of takeover was 

considered. All announced and completed deals are included in the definition 

as well as hostile and friendly bids. In addition to mergers and acquisitions, 

the definition also includes other types of corporate controls and corporate re

structurings such as minority stake purchases, leveraged buy-outs, and corpo-



rate alliances. A complete definition as well as descriptive statistics in the em
ployed M&A data are provided in Chapter 5

Takeover vulnerability: The term defines a firm's exposure to a takeover attempt (see 

e.g. Cremers et al., 2009). In this thesis, the term will be used to distinguish 
a model's true predictive ability which measures its ability to correctly forecast 

takeover attempts from the model's ability to capture takeover risk which is 
generally measured as the firm's takeover likelihood.

Rolling window estimation/forecast: This method, generally used in time-series fore

casting, generates multiple forecasts by re-estimating the model using a fixed 
estimation window length and translating the origin of the estimation period. 
A rolling origin forecast is different from a rolling window forecast in relation to 
the number of generated forecasts as the former calculates forecasts for several 
time-horizons while the latter uses a constant time-horizon for all its forecasts. 
The reader may refer to Tashman (2000) for a detailed description.

Financial and non-financial ratios: Financial ratios refer to the variables built using the 
accounting information provided in the balance sheet, income and cash-flow 
statements whereas non-financial variables represent other corporate character

istics such as those describing a firm's corporate governance.

1.3 Statement of research questions

1.3.1 First research question

On the basis of the substantial disagreement on the general features defining a takeover 

target, one of the objectives of this thesis is to investigate the persistence of target firm 

characteristics over an extended number of time periods. In addition, by considering two 

of the economies hosting the largest number of takeovers, 1 here also examine how these 

features change across different countries. The first research question can be therefore 

stated as follows:



First Research Question: Do the estimators of multivariate takeover predictive models 

exhibit persistent sign consistency and discriminatory power during the period 

1998-2007 in the UK and/or the USA and, if so, do the two countries share any 

common features?

1.3.2 Second research question

It is perhaps surprising that given the contention of the literature suggesting that take

over predictive models are unstable over time, there seems to be no study attempting 

to characterize the predictive variations of such models. Our study therefore aims to 
measure the forecasting accuracy underlying takeover prediction models by analyzing 

the persistence of their ex-ante predictive performance over a ten-year period- namely 
1999-2008. Additionally, given the suggested superiority of non-parametric techniques, 
the study uses both a Logistic and an Artificial Neural Network for the model's specifi
cation. The resulting second research question can be stated as follows:

Second Research Question What is the uncertainty of takeover predictive model's

yearly predictive power over the selected period and how are these results influ
enced by the country choice and by the choice of the model's specification?

1.3.3 Third research question

The implied underlying dynamic instability coupled with the often contradictory re

ported results related to the performances achieved by takeover prediction models, cast 

doubt on their underlying ability to persistently generate a profitable investment. Al

though some effort has recently been made to incorporate dynamic features in the port

folio selection, the literature generally fails to inform the investor on the long-term risk of 

a portfolio based on takeover predictions. In addition, there does not seem to be a clear 

understanding of the potential sources of gain underlying takeover prediction models. 

The third research question can thus be formulated as follows;

Third Research Question: How profitable is a long-term investment strategy based on



the predictions of a takeover prediction model and what is the link between the 

model's predictability and its ability to generate abnormal returns?

1.4 Contributions

This thesis provides several contributions to the existing literature. The first contribution 

is the production of a large and comprehensive database containing the accounting and 
financial information of all publicly quoted firms having been subjected to an M&A an

nouncement bid during the recent period 1998-2008. By extending the database to firms 
traded over the counter and traded in secondary exchanges, a more realistic universe of 

firms was generated while increa.sing the number of companies used in previous stud
ies. Details on the number, types and size of the M&A deals included in the database 
are given in Section 5.3. In addition, the information has been collected for the two most 

studied economies: the United Kingdom (hereafter: UK) and the United States of Amer
ica (hereafter :US).

The next three contributions are related to the employed methodology. First, based on 
a multiple cross-sectional estimation, the present study extends previous efforts made 
by the extant literature to analyze the time dependence of takeover targets' character
istics. Previous works have compared only two periods of time and have used differ

ent approaches to analyze the time variation of the estimated coefficients (see the works 

of Harris et al., 1982 and Powell, 1997). In this thesis, the analysis is extended to a com

parison between ten consecutive periods. In addition, both the sign, as in Harris et al. 

(1982), and the statistical significance, as in Powell (1997), of the estimated coefficients 

are combined to analyze the time dependence of M&A drivers. Secondly, as far as I was 

able to ascertain from the current literature, there has been no attempt to describe the 

inherent variability of either the predictability or the profitability of takeover prediction 

models. Based on point forecasts, most of the previous work assumed that the model's 

predictability is stationary therefore failing to inform on the model's predictive robust

ness. In this study, the inherent variability of takeover prediction models is described by 
calculating a point forecast for each estimation and therefore generating a time series of 

ten predictions. Finally, from a portfolio management perspective, it is unclear if take-



over prediction models can provide a reliable investment tool. The study of Brar et al. 

(2009) generates portfolios using a monthly update of takeover probabilities in order to 

incorporate the most recent market information. The study offers an insightful view on 

both the usefulness of market related variables and the significant long-term profitabil

ity of a portfolio based on takeover prediction models. However, their study does not 
provide any information on the dynamic of the portfolio nor on the relation between pre

dictability and portfolio returns. Adding some evidence to the long-term performance of 

takeover prediction models, this thesis attempts to explore the link between predictabil

ity and profitability and therefore contributes by offering a viable method to measure the 
extent to which the model's profitability is driven by its accuracy to predicting takeover 

or by its ability to capture non-trivial aspects of takeover vulnerability.

The last contribution relates to the cross-country comparison. As 1 shall carefully de
scribed in Chapters 2 and 3, the takeover prediction literature suggests that reported 

results may not be generalizable across different economies (Harris et al., 1982; Barnes, 
1999; Arnull-Almond, 2007). To the best of my knowledge, no study has attempted 

to compare the performances of a takeover prediction model across different countries 
while controlling for the vast number of modeling factors. In order to fill such a gap, 

the present study offers a cross-country comparison between the UK and the USA and 
contributes to providing an insight into (i) the geographical variations of target character

istics when controlling for the period and the modeling framework, (ii) the influence of 

the chosen economy in the model's ability to capture takeover activity, and (iii) the use

fulness of takeover prediction models in achieving abnormal performance in different 

but comparable markets.

1.5 Thesis structure

This thesis is structured as follows. Chapter 2 first introduces the reader to the influences 

of the extant bankruptcy prediction literature and the M&A theory literature which re

spectively helped building a consistent methodological and theoretical framework. Sec

tion 2.2 provides an introductory discussion to the assumptions and limitations inherent 

to any forecasting exercise. Section 2.3 introduces the main methodological advances as
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well as relevant results in relation to the bankruptcy prediction literature, thereby estab

lishing a ground of comparison for the results that will be later shown for the takeover 

prediction literature. Secondly, the main motivational hypotheses found in the M&A lit
erature are presented and discussed in section 2.4. Finally, section 2.5 provides a compre

hensive chronological literature review along with an extensive revision of the relatively 
small amount of literature from the late 1960's to our current period.

Chapter 3 provides a critical review of Chapter 2 and offers an analytical comparison 

between the works previously described. The chapter is divided in three main sections 
each one describing and highlighting the gaps that were found in the literature. Sec

tion 3.2 provides evidence on the disagreement on the literature on takeover characteris
tics. Given the dynamic characteristics of merger activity. Section 3.3 attempts to empha
size the lack of reliability of point forecast estimates and therefore the need to analyze 
the predictive ability of takeover prediction models from a multiple forecast perspec
tive. From a portfolio management perspective. Section 3.4 highlights a recent debate 
discussing two potential sources of profitability underlying takeover prediction models. 

The section also describes the recent efforts of Brar et al. (2009) and Cremers et al. (2009) 
to incorporate a time feature in their predicted portfolios and underlines the need for 
more evidence to describe more accurately the risks underlying an investment based on 
a takeover prediction strategy.

Chapter 4 describes the methodology employed in this study and is divided into four 
main sections. Section 4.2 introduces the reader to the general framework of binary choice 

models. The section also provides details on the selected modeling specifications such as 

the Logistic regression and the Artificial Neural Network. Section 4.3 describes the mul

tiple out-of-sample forecasts methodology generally used in time-series linear regression 

models and shows how the latter can be applied to binary choice prediction models. Sec

tion 4.4 provides technical detail on the calculations underlying the different evaluation 

methods employed across this study to measure the yearly and long-term performance 

of the model's performances. Section 4.5 describes the abnormal return calculation. Ab

normal returns are tiefined, and a description of the chosen benchmarks is provided.

Chapter 5 describes the data collection process together with the definition used for



"takeover" and the method used to select the financial explanatory variables. Details on 

the data transformation and yearly univariate analysis are also provided. After a detailed 

definition of the term takeover employed in this thesis, section 5.2 provides the method 

of collection as well as descriptive statistics of the M&A data. Section 5.3 describes the 

sources, and the method of selection of the financial variables used for model building. 
Finally, section 5.4 describes two algorithms used to automatize the rolling estimation 

and the portfolio construction process therefore illustrating how algorithmic techniques 

can optimize the complex and time-consuming task of a multiple matching process.

Chapter 6 shows the results obtained during the estimation and the prediction stages. 
Section 6.2 discusses the time dependence of the coefficients by examining both their 

significance and the sign changes over the selected period. Section 6.3 analyzes the dy
namics of the estimated model's predictability for both the Logistic and the ANN based 
models. All the results are shown for both the UK and the USA.

Chapter 7 shows the results obtained during the portfolio optimization stage. Section 7.2 
reviews the investment strategy employed to assess a takeover prediction model's ability 
to outperform the selected benchmarks and comments on the limitations of such imple

mentation. Section 7.3 shows the portfolio abnormal performance relative to a suitable 
market index benchmark aiming to show the real returns achieved during the invest

ment period. Acknowledging the limitations of a market index reference, as suggested 

by Barber and Lyon (1997), abnormal returns are calculated using a single control firm 
portfolio-matching method as it was shown to eliminate several biases present in other 

commonly used benchmarks. The chapter ends by offering a synthesis of the results and 

offering a possible environment to build a profitable investment strategy based on take

over prediction models.

Finally, Chapter 8 concludes the thesis by providing a summary of this research's con

tributions as well as a thorough discussion of the implications and limitations of the 

obtained results. Section 8.1 first provides a summary of the results and underlines the 

contributions that were made to the current literature. Section 8.2 analyzes the practical 

implications of the obtained results. Section 8.3 provides a detailed listing of the limita

tions and potential biases following the choices and restrictions imposed on this study.
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Section 8.4 mentions the possible future research paths that could extend and improve 

our results.

1.6 Main findings

By studying the time dependence of different features of takeover prediction models, a 
number of findings were obtained.

First, the analysis of the time dependence of the regressor over the ten-year period 1998- 
2007 shows that, although most of the variables have an inconsistent effect over time, 
some variables seem to have a moderate persistence suggesting that takeover targets 

have stable characteristics. Furthermore, the dissimilarities between the target profiles 
in the UK and the US show that these characteristics may be unstable across economies. 
These results provide motivation for using such a methodology to find stable predictors 
that could potentially make parametric models more stationary and therefore more reli
able.

A second finding relates to the time variability of a takeover model's prediction over time. 
Independently of the chosen country and the model's specification, these predictions are 
generally highly volatile over time and suggest that a single prediction is not represen

tative of the model's predictive ability. This result indicates the need of a forecasting 

methodology accounting for this type of instability.

A third finding of our work relates to the predictive outperformance of Artificial Neu

ral Networks relative to the Logistic Regression in both the UK and the US. Artificial 

Neural Networks show a persistent ability to outperform a randomly selected sample 

whereas the Logistic Regression, although achieving extremely high predictability for 

some given years, performs poorly out-of-sample in most cases. In addition, using cross- 

validation techniques the generalizability of Artificial Neural Networks could be further 

improved. Supporting the small amount of evidence in the literature, the results indi

cate that ANN models are a well-suited tool to predict takeover activity within the two 

selected economies.
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Similar to the results obtained during the prediction analysis, the portfolio optimization 

section shows that a single profitable outcome is not representative of the ability of a 

model to generate a sustainable long-term investment. The results show that high cut-off 

values (i.e. in the range 0.7-0.9) can generate high profits but frequently generate signifi

cant losses. The use of lower cut-off values (i.e. in the range 0.1-0.3) appears to be a safe 
choice for reducing the model's predictive volatility and its underlying long-term invest

ment risk. This result applies for both models and for the two considered economies.

In relation to the cross-country comparison, I find that the UK seems to be a more suit

able economy to apply takeover prediction models. As a first argument, although the 
prediction stage shows that ANN-based takeover prediction models achieve a better rate 

of predictions in the US than in the UK, the market performance of the predicted port
folios is significantly better in the UK than in the US. This result indicates that takeover 
activity is better anticipated and therefore more efficiently captured in the US market. 
In addition, in the UK, the average predictive power of the model is strongly correlated 
with the long-term market performance therefore suggesting that the long-run generated 

gains are being driven by the model's ability to accurately capture takeover vulnerability. 
Overall, ANN-based takeover prediction models seem to have a promising potential as a 

long-term investment strategy in the UK context.

Last but not least, the results outline the usefulness of a methodology based in multi

ple forecasts to analyze forecasting uncertainty in binary choice models. Such a method 
could also be used by practitioners in order to estimate the forecasting error underlying 

a binary model's prediction in the fields of credit rating, bankruptcy prediction, and au

ditor's opinion prediction. In addition, the method offers an heuristic method to select 

the cut-off threshold that statistically maximizes the model's performance.

1.7 Conference presentations based on this thesis

The methodological concept of this thesis based on a rolling window estimation of cross- 
sectional takeover prediction models was developed and discussed during the Annual 

Econophysic Fribourg Symposium (Fribourg, Switzerland, November 2007).
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A first paper entitled Study of a Takeover Prediction Model's Dynamic using Rolling-Forecats 

Estimations: Evidence from the UK and the USA was presented at the 7^^’ INFINITI Confer

ence on International Finance (Dublin, Ireland, June 2009) and at the Midwest Finance 

Association (M.F.A.) Annual Conference (Las Vegas, USA, February 2010). The paper 

was submitted to the Journal of Banking and Finance and is presently under review.

A second paper entitled Dynamic performance of a Neural Network-based Takeover Prediction 

Model: an Empirical Study in the UK and the USA was presented at the European Finan

cial Management Association (E.F.M.A.) Annual Meeting (Aarhus, Denmark, June 2010). 

The paper was submitted to the Review of Quantitative Finance and Accounting and is 

presently under review.

An overview of the thesis will be presented at the E.M.R.B.I. Doctoral Colloquium on 

Mergers and Acquisition as well as at the 3'"'^ Annual Conference of EUROMED Academy 

of Business (Cyprus, Nicosia, November 2010).

1.8 Summary

The assumption of statistical stationarity, under which takeover prediction models are es

timated, does not seem to be supported by the evidence regarding the inherent dynamic 

of both the levels of activity or the motivational drivers underlying the M&A process. 

Following the inspiring works of Harris et al. (1982) and Powell (1997), a multiple fore

cast methodology based on a rolling-window estimations is here employed to study the 

time variability of features underlying takeover prediction models.

This thesis contributes to the present literature from a number of standpoints. The work 

extends previous efforts existing in the literature aiming to analyze the dynamic of take

over characteristics by using a larger number of estimations. Furthermore, the study 

offers a unique analysis on the dynamic of both the predictability and the profitability 

of takeover prediction models, ha addition, this study is the first to research the cross

country dependence on takeover prediction model's performance. The thesis also pro

vides evidence of the relative superiority of an ANN framework relative to a Logistic 

regression in building a takeover prediction model able to persistently predict M&A ac-
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tivity better than chance selection. Finally, this study highlights the unreliable nature of a 

point forecast estimation to assess a takeover prediction model's performance and shows 

how such a drawback can be overcome by using a rolling forecasf methodology.
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Chapter 2 ---------------------------------------------------------------------------------------

Takeover Prediction literature review; its influences and

developments

2.1 Introduction and overview

Takeover prediction models are the fruit of a more general underlying literature using 

multivariate regression models based on both financial and non-financial variables in 
order to classify or predict a discrete outcome. Among all subjects, bairkruptcy pre
diction has attracted particular interest and has therefore been a constant reference for 

methodological improvements. The first objective of this chapter is therefore to present 
the bankruptcy prediction literature and show some of the seminal works that guided 
the takeover prediction literature in the use of both econometric and sampling methods. 
As a main difference from other binary choice frameworks, the takeover literature has 
developed a theoretical framework based on a number of hypotheses likely to explain 
the reasons underlying a takeover attempt. These hypotheses have all been well doc
umented and several interpretations have been advanced on their behalf. Therefore, a 

second objective is to present these frequently documented motivations of takeovers and 

describe their foundations as well as the support they have received. Finally, in order to 
provide a clear view of the methodological differences —namely target definitions, se

lected periods, specification choices, and abnormal profitability measures, just to name 

a few— this chapter reviews the relatively small number of results related to the imple

mentation of takeover prediction models. Given the focus of this thesis on the impact of 

time on the related results, the literature is described chronologically in order to capture 

any consistent pattern among contemporary works.

The chapter is structured as follows. As a general introduction to a prediction oriented 

literature, section 2.2 presents the motivations, assumptions and limitations inherent to 

any forecasting exercise as well as the role they play in the present study. Section 2.3 in-
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troduces the framework of bankruptcy prediction models in order to place takeover pre

diction models in a broader framework and present a list of the most influential works in 

relation to the contributions to the takeover prediction literature. Section 2.4 introduces 

the reader to the main hypotheses documented in the takeover prediction literature and 

discusses different views and interpretations perhaps originated from the generally in
consistent support they have received. From a more methodological perspective, sec

tion 2.5 provides a comprehensive chronological review of the literature attempting to 

forecast takeover activity. Finally, section 2.6 summarizes and concludes the chapter.

2.2 An epistemological note regarding forecast-based studies

Models are generally built in order to achieve a better understanding of the laws gov
erning the observed universe of economics and finance. Behind this gain in knowledge, 
often underlies the objective of achieving an improvement in the forecasting accuracy of 
important economic and financial measures helpful to the establishment of more suitable 

and effective economic policies or financial regulations.

General econometric methods are based on a parametric specification which conciliates 
the possibility of analyzing the significant factors responsible for the model's explanatory 

power with the ability of using the model for out-of-sample prediction purposes. The re
cent development of non-parametric methods has shown that more complex "black box" 

specifications offered the possibility of providing an improved data recognition where 

no trivial analysis of the effect of the variables is available. These techniques therefore 

raise the question of whether parametric models offer an accurate understanding of the 

analyzed series or just a simple way of interpreting the effect of the factors used for spec

ification. From another side, "black box" models, although generating a more complex 

data fit and potentially achieving higher predictability, cannot be used either to test hy

pothesis or to understand the influence of exogenous factors on the generated results 

thereby severely limiting their potential as a theoretical tool. This represents an on-going 

debate as there is still no clear-cut evidence of the superiority of non-parametric models. 

In an effort to benefit from both techniques, as I shall describe in Chapter 4, this thesis 

considers both parametric and non-parametric models. This decision combines the op-
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portunity of studying the time-varying aspects of takeover characteristics as captured by 

parametric models while providing a more complete analysis of the dynamics underly

ing a model's predictive and economic performance.

From a more conceptual perspective, every forecasting attempt carries the assumption 

that knowledge about past events provides some information on future events. This 

assumption appears to hold in Natural Sciences where experiment conditions and struc
tural relationships tend to be stationary across long periods of time. However, for most 

applications in fields such as Economics and Finance, the latter assumption does not hold 
and should not be given for granted when building a forecasting model. As carefully de

scribed in McCauley (2009), the main reason of the ability of Natural Sciences to predict 
into the future is the existence of invariances mainly in the space dimension and over 
time. Although time invariance is often an assumption in Finance, it is, by definition, 
a system where players adapt themselves to new environmental rules (i.e. laws, reg
ulations, business cycles, new technologies, etc.) therefore making the time dimension 
particularly influential in the obtained results. In addition, Roehner (2002) explains that 

the level of complexity characterizing the financial markets is comparable to the most 
complex systems in physics based on the type of interactions governing these systems. 
His analogy between financial mechanisms and meteorology provides a meaningful idea 
of the complexity of financial forecasting. Therefore, in addition to the lack of symmetries 

highlighted by McCauley (2009), the interactions governing financial systems are similar 
to the most complex systems in natural sciences.

In this thesis, acknowledging the limiting results of a point forecast estimate, a rolling 

forecast method is used to generate multiple forecast measures and therefore achieve 

a more accurate estimation of the true predictive ability of the models. As mentioned 

in Roehner (2002) (p.l6): "by extending the cluster of similar events under investigation, 

it is possible to converge toward a reliable model" .
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2.3 The bankruptcy prediction literature

2.3.1 Origin of the concept

The first works in bankruptcy prediction models remain a frequently mentioned source 

in recent works. The latter represent the cornerstone of an innovative framework with a 
large number of possible extensions to different research areas. Beaver (1966) was first to 

provide empirical evidence that financial differences existed between bankrupt and non

bankrupt firms using a univariate measure of relative solvency applied to a pair-matched 
design. Although univariate analysis may be useful to detect statistical differences be

tween groups, it provides little information on the relative level of distress for individual 
firms. In response to a growing disbelief in financial ratio anatysis, Altman (1968) first 
provided an ordinal ranking allowing to measure the relative likelihood of default by 

"combining several measures into a meaningful predictive model". The latter combi
nation refers to the applied Multivariate Discriminant Analysis (MDA hereafter) which, 
through a linear combination of a firm's financial ratios, generates an output related to 
the firm's level of distress. With the resulting model achieving an overall classificatory 
power of 94%, Altman shows that multivariate analysis offers a practical and successful 

way to accurately identify distressed firms. Despite numerous subsequent contributions, 

his model, also known as the Z-score, remains among the most quoted references within 
modern works in bankruptcy prediction models as in many other fields, as in the case of 

takeover prediction models.

2.3.2 Methodological influences

Historically, works in bankruptcy prediction have often pioneered methodological ad

vances relative to other binary prediction literatures. Given the importance of some of 
the latter advances within the takeover prediction literature, a review of the most influ

ential and acknowledged methodological improvements is here provided. Three main 

methodological issues are addressed regarding (i) the sampling method, (ii) the choice of 

a functional model and (iii) the use of industry-relative ratios.
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Similar to the problem faced when collecting takeover data, due to the low proportion 

of bankrupt firms in the population, many studies have employed a choice-based sam

pling method where the total number of bankrupt firms is matched to a random group 
of non-bankrupt firms. Acknowledging the potential biases inherent to such methods, 

other studies have chosen to include full available data in their estimation and holdout 
samples. Responding to this specification dichotomy, Zmijewski (1984) analyses the sig

nificance of both the over-fitting biases generated by choice-based-sample and the selec

tion biases produced by samples using complete data. He concludes that both sampling 

methods generate a significant bias. However, none of these biases were found to signifi
cantly impact the classificatory and predictive ability of the model. As mentioned by the 
author, selection bias arises because bankrupt firms are less likely to have all available 
data compared to going concern firms. In the case of takeovers, selection biases are likely 
to be less significant given that targets are not less likely to have available information 
compared to other non-target companies.’

In order to avoid the strong distributional assumptions of MDA, Ohlson (1980) employs 

a Logistic (a.k.a. logit) regression to estimate the bankruptcy prediction model. His find
ings show that the model is able to generate stable and accurate predictions of corporate 
distress. Although the logit regression has generally been the reference for binary choice 
applications, other types of models based on data pattern recognition have recently in

creased in popularity. Early works by Frydman et al. (1985) and Coats and Fant (1993) 
respectively used recursive partitioning and Artificial Neural Networks (ANN) to pre

dict financial distress. Both papers show that the new models' forecasting performance 

compared favorably to the usual parametric modeling frameworks (i.e Logit and MDA).

Finally, Platt and Platt (1990) used industry-relative ratios in order to improve the distri

butional stability of the estimated models. The adjustment was defined as the value of the 

financial ratio divided by its industrial mean and multiplied by one hundred. The results 

show that industry-adjusted models achieve higher out-of-sample predictions both over

all and within groups suggesting that industry normalization improves the estimated 

model's stability over time.

'Except, of course, in the case of bankruptcy acquisitions accounting for a small proportion of the total 
number of takeovers.
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2.4 Motivations and hypotheses related to an M&A takeover 

attempt

In this section, I introduce the reader to the main hypotheses that have been mentioned in 

the takeover prediction literature along with the relative support that they have received. 

Although not perfectly disjoint, the hypotheses have generally been classified into ten 

different topics related to M&A theories. The objective is to familiarize the reader with 
the documented motivations behind a takeover attempt and the financial variables that 

were generally used to proxy them. Finally, as some documented M&A motivations do 
not have suitable financial proxys based on the firm being taken over, the section presents 
an additional number of important takeover motivations that have not been accounted 
within the takeover prediction literature. The qualitative interpretation of the hypotheses 

is summarized in Table 2.1.

2.4.1 The Inefficient Management Hypotheses

2.4.1.1 The Market for Corporate Control Hypothesis

This hypothesis is often associated with the work of Manne (1965) on the Market for 
Corporafe Control (MCC). Two different, but somewhat related, interpretations can be 

found on the MCC mechanisms leading firms into a merging process. Firstly, in the view 

of Manne (1965), by perceiving inefficiencies, acquirers can increase the firm's value by 

improving fhe target's operating efficiency. Additional support to this view was given 

by Marris (1964) who suggests that the separation between management and owner

ship leads the former to take self-interested actions. From another viewpoint, Jensen 

(1988) considers the MCC as having a disciplinary role that forces management to work 

in the best interest of the vast amount of non-controlling shareholders. Therefore, self- 

interested managers are likely to avoid self-interested actions given the threat of a take

over attempt. In both theories, acquisitions are meant to eliminate inefficient manage

ment, however the former considers efficiency as a motive whereas the latter suggests 

that efficiency is an aggregate consequence of the disciplinary role of fakeovers. In terms
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of takeover characterization, these theories predict that firms with lower levels of prof

itability are more likely to be targeted by more efficiently managed acquiring firms. 

Arnull-Almond (2007), in the Australian context, supports this view as his results show 

a significantly negative relationship between profitability and the probability of being 

taken-over.

More generally, however, the literature appears to provide weak evidence on the rela

tionship existing between profitability and takeover likelihood as most studies found an 

insignificant and inconsistent linkage between profitability and takeover likelihood (see 

e.g. Dietrich and Sorensen, 1984; Walter, 1994; Alcalde and Espitia, 2003). Perhaps due 

to the mixed results provided by profitability measures, takeover prediction studies have 

also considered the possibility that firms with higher profitability might also be attrac

tive as acquisition targets. The often cited hypothesis is that the acquiring firm's man

agement might consider a takeover as a cash flow generating investment. In this view, 

an acquirer, instead of wasting cash in potentially unprofitable investments, will .seek to 

spend its excess cash in purchasing a firm whose value (and its corresponding bid pre

mium) would be lower than the present value of its expected future cash flows. As a 

result, firms showing signs of profitability are more attractive as targets for acquisition. 

This view is supported by Stevens (1973) and Cremers et al. (2009) who found that higher 

profitability was significantly related to takeover likelihood. Overall, the literature does 

not seem to agree on the relationship to be expected between profitability and takeover 

likelihood. This disagreement is well summarized by the estimation results presented 

in Barnes (1999) where opposite and significant signs were found between the two se

lected profitability ratios.

To proxy this hypothesis, the takeover prediction literature has mainly used two types 

of variables: profitability ratios and stock market measures of performance. The most 

frequently employed profitability ratios are Return on Assets (Palepu, 1986; Walter, 1994) 

and Return on Equity (Barnes, 1990; Alcalde and Espitia, 2003). However, several other 

financial ratios were used such as Return on Capital Employed (Powell, 2004), Profit Mar

gin (Dietrich and Sorensen, 1984), and similar ratios replacing Net Income by Earnings 

Before Interests and Taxes (E.B.I.T.). Stock market performance has also been accounted 

in several ways. Palepu (1986) and Ambrose and Megginson (1992) use the firm's aver-
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age excess returns relative to a market model over a four year period. Similarly, Barnes 

(1998) has accounted for "anticipatory price changes" by considering the firm's abnor

mal returns relative to the market model two months before the bid. Brar et al. (2009) 

use momentum as a proxy of returns defined as the past returns divided by the stock's 

volatility. Recent evidence in the UK context provided by Cosh and Guest (2001) shows 
that hostile takeovers present an abnormally negative performance during the year prior 

to the takeover bid. The result therefore suggests that previous market performance may 

be an important determinant in explaining acquisition likelihood.

2.4.1.2 The Free-Cash Flow Flypothesis

Marris (1964) provides a clear picture of the underlying conflict of interests between 

managers and shareholders: given the associated compensation incentives, managers 
are likely to be more concerned with a firm's size growth rather than with the creation of 
firm value. As suggested by Jensen (1986), firms achieving high levels of free cash flow 
(FCF hereafter) are more exposed to managers being reluctant to deliver excess cash to 
shareholders as this equals a loss of control over potentially larger assets. The FCF The

ory therefore predicts that managers from such firms will tend to misallocate the unused 
cash flow by getting involved in Negative Present Value projects such as, for example, 
unprofitable acquisitions. As shown in the paper, the theory provides a good expla

nation of the series of unprofitable acquisitions during the 1980's that was undertaken 

by firms having high FCF profile characteristic. Jensen (1986) also mentions that agency 

costs, defined as the expenses incurred by a firm in order to align managerial objectives 

with shareholder's benefits, are likely to be significant in firms generating high levels of 

FCF. Inefficiently managed firms with high amounts of excess cash will therefore tend 

to waste capital in agency costs in order to eliminate internal operational inefficiencies. 

As contended in the takeover prediction literature, the FCF Hypothesis seems to suggest 

that firms exhibiting high levels of FCF are more likely to be taken over as the free cash 

flow can be invested in positive net present value projects by firms with excess profitable 

opportunities. However, Jensen (1986) provides a less clear picture by concluding that:

Targets will be of two kinds: firms with poor management that have done
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poorly prior to the merger, and firms that have large FCF which they refuse 

to pay out to shareholders.

Although the latter target profile fits the previously mentioned characteristics, the former 
seems to fit the unprofitable profile depicted by the more general inefficient management 
hypothesis analyzed in the previous paragraph. Contrary to the prediction of the FCF 

Theory, firms with poor performance prior to the merger are likely to have lower lev

els of free cash flows. As a result, the first (second) case predicts a positive (negative) 
relationship between the firm's relative free-cash flow and takeover likelihood. Overall, 
although the FCF Theory predicts a positive relationship between a firm's generated cash 
flows and takeover likelihood, it is possible that the selected proxy measuring manage

ment inefficiency could make its interpretation problematic.

The most commonly used proxy for this hypothesis is the firm's Free-Cash Flow divided 
by the firm's Total Amount of Shares Outstanding in the year prior to the announce
ment (Belkaoui, 1978; Walter, 1994; Powell, 1997).

2.4.1.3 The Activity Hypothesis

Activity has frequently been considered in the literature more as a measure of efficiency 
rather than profitability. Although general profitability measures are based on the firm's 

Net Income, this hypothesis underlines the importance of a firm's ability to generate 

high levels of turnover relative to its assets. As suggested by the takeover prediction 
literature, a firm's level of activity may influence its exposure to a takeover attempt in 

different ways. First, Rege (1984) contends that high activity ratios may imply a high 

demand for the firm's generated product. An acquirer able to supply additional capital 

could therefore be able to increase the firm's production output and take advantage of 

potential profits by adjusting the output to the existing demand. In addition, in the same 

view as the Free-Cash Flow hypothesis, firms achieving high levels of free cash flow may 

decide to invest the excess capital in productive firms seemingly able to generate prof

itable opportunities.’ Both arguments suggest that a firm's activity should be positively

^This interpretation is also closely related to the growth-resource mismatch hypothesis which will be later 
described in Section 2.4.4
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related to a firm's takeover likelihood. The results of Stevens (1973) and Barnes (1999) 

support this view as takeovers were found to generate higher profits and revenues than 

their industrial peers relative to their size. From another perspective, firms with low 

activity ratios may appear as firms undertaking heavy investments without being able 

to generate a desirable output. Therefore, more in the view of the inefficient manage
ment hypothesis, an acquirer could provide operating efficiencies allowing to increase 

the overall output of such firms. This interpretation suggests that takeover likelihood 

should be negatively related to a firm's productivity. This relationship is supported by 
the results of Dietrich and Sorensen (1984) and Arnull-Almond (2007). As a general re

sult, the literature does not seem to agree on the sign to be expected from the activity 

proxy during the parametric regression's estimation.

The most common proxy for the Activity Hypothesis is Total Asset Turnover, measured 
by a firm's Sales and Revenues divided by its Total assets. Overall, the literature does not 
seem to agree on the relationship between asset turnover and takeover likelihood.

2.4.2 The Undervaluation Hypothesis 

2.4.2.1 The Market-to-book ratio Hypothesis

Also known as the Q-theory of mergers, this hypothesis states that firms showing signs 

of undervaluation (low Q-ratio) are likely to be taken over by firms showing signs of 
overvaluation (high Q-ratio). As shown in a recent study by Jovanovic and Rousseau 

(2002), the differences of Q-ratios between acquirers and targets may explain, to some 

extent, the changes in levels of merger activity over time thus suggesting that acquirers 

do take advantage of market misvaluations. Since takeover prediction models are unable 

to measure the acquirer's overvaluation, the literature has only considered the under

valued profile of the target firm. Hasbrouck (1985) was the first to account for a firm's 

undervaluation considering that, for a firm seeking to be involved in a new sector, it 

is strategically interesting to acquire an undervalued firm. In the same line of reasoning, 

from a purely valuation perspective, in a stock-offer, a bidder using overvalued stock as a 

method of payment for undervalued stock can expect an increase in the firm's value over
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the medium-long horizon. In the words of Morck et al. (1988), "if the market does not 

price the firms properly, firms having a better valuation of the firm might find cheaper to 

buy the company rather than buy the new goods". Overall, this view asserts that target 

firms are bought as a bargain just as investors would invest in an undervalued stock. 

More related to the inefficient market hypothesis, Walter (1994) states that undervalued 
firms might have been discounted by a large number of or influential shareholders due 

the management's inability to maximize the firm's value. All of the previously men

tioned arguments supporting this hypothesis predict a negative relationship between a 
firm's oveiwaluation and its acquisition likelihood.

Two proxys have been considered for this hypothesis. Hasbrouck (1985) and Bartley and 

Boardman (1990) measured overvaluation using the Q-ratio, defined as the firm's market 
capitalization divided by the replacement cost of its assets. Most authors, however, have 
employed the market-to-book ratio as a valuation measure in order to avoid potential 
measurement errors induced by the several assumptions underlying the calculation of 
asset replacement costs (Palepu, 1986; Walter, 1994; Espahbodi and Espahbodi, 2003).

2.4.2.2 The Price-to-Eamings ratio Hypothesis

Conceptually similar to the market-to-book ratio, the price-to-earnings ratio (henceforth: 
P/E) has been often used in the financial literature as a proxy for undervaluation. Gort 

(1969) denominates the "bargain theory" the concept that acquirers may decide to acquire 
a firm whose stock appears to be under^^alued relative to their industrial peers and to, in 

particular, to the acquirer itself. The latter is tested by calculating the correlation of the 

difference between the acquirer's and the target's P/E and the size of the deal's bid pre

mium. Using similar arguments, Walter (1994) suggests that lower P/E ratios relative to 

industrial peers may be a sign of undervaluation. As argued in the previous paragraph, 

undervaluation might lead to an acquisition due to the expected long-term increase in 

the target's value.

As a main difference from the market-to-book ratio hypothesis, a certain number of stud

ies provide additional interpretations to the P/E hypothesis in addition to the market 
mispricing attractiveness of the target. Two views were found to explicitly suggest the
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effect of the P/E ratio on a firm's acquisition likelihood. From one side, Palepu (1986) 

suggests that high P/E acquirers would seek to acquire low P/E firms since, by increas

ing the value of the acquired earnings, the acquisition should yield instant gains. The 
latter argument assumes that the market generally values the acquired shares at the P/E 

of the acquirer prior to the acquisition. Harris et al. (1982) further supports this view ar
guing that a lower P/E ratio represents a prospective growth in earnings per share for the 

acquiring firm. As a second viewpoint, Dietrich and Sorensen (1984) suggest that a high 

P/E ratio generally increases acquisition transaction costs. Common to all mentioned 

arguments, the literature appears to predict a negative relationship between a firm's P/E 
ratio and its probability of being subject to a takeover attempt.

The proxy of this hypothesis is the price-to-earnings ratio.

2.4.3 The Dividend Payout Hypothesis

During the early stages of growth, a firm has the choice of retaining its earnings and in

vesting them on a potentially profitable investment or to pay dividends to shareholders. 
Exploring the link between the Free-Cash Flow Hypothesis and a firm's dividend pay
out, Espahbodi and Espahbodi (2003) suggest that low dividends may signal higher 
agency costs or that a firm is financially constrained. In the same line, Barnes (1999) 

claims that shareholders disappointed with the levels of dividends may find it more prof

itable to tender their shares in the case of a takeover attempt rather than wait for their 

compensation. In both cases, the potential conflict of interest between managers and 

shareholders generated by the lower dividend payout would tend to increase the like

lihood of a takeover attempt. Using a different argument, Dietrich and Sorensen (1984) 

suggest that higher dividend payouts express the lack of investment opportunities and 

therefore reduce the profitability of a potential acquisition. Again, in this case, higher div

idends decrease the likelihood of a firm being taken over. From another viewpoint, Es

pahbodi and Espahbodi (2003) also provide the argument that smaller dividends yields 

are frequently associated with higher growth potential. Shareholders from fast growing 

firms paying lower amounts of dividends would rather keep their shares hoping to ob

tain a higher gain by increasing firm value. The latter will therefore be reluctant to tender
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their shares given their substantial underlying long-term profits. In this case, contrary to 

the argument of Dietrich and Sorensen (1984), firms with higher dividend payouts would 

be easier to acquire since shareholders are more likely to accept the tender offer either 
due to the management's misuse of the generated earnings or because a bid premium 

appears as a better option to exit the investment on a firm with no prospects of higher 
growth. Although the literature provides arguments for both sign expectations, the lit

erature generally contends that target firms pay lower dividends than their non-target 

counterpart.

Several proxies were used in the literature to measure dividend payout. The most com
mon of these proxies is the ratio between total cash dividends paid and earnings. Other 

measures include the ratio between cash dividends and total assets (Harris et al., 1982) 
and between cash dividends and free cash flow (Belkaoui, 1978). Early studies have used 
the retention ratio as a proxy for dividend payout (see e.g. Kuehn, 1975). By definition, 
the retention ratio is expected to have the opposite relationship than the one expected to 
be found using the dividend payout ratio.

2.4.4 The Growth-Resource Mismatch Hypothesis

Takeover may happen due to structural deficiencies which could be advantageous to an 
acquirer able to use such imbalance to generate growth opportunities. In this view, a firm 

with few growth opportunities/large resources or high growth/little resources are likely 
to be targets for acquisitions. In the former case, an efficient acquirer could use their ex

pertise to invest the excess of resources into profitable projects therefore increasing the 

value of the acquired firm. As mentioned by Alcalde and Espitia (2003), this view is 

in agreement with the Free-Cash Flow hypothesis which predicts that firms with higher 

resources and limited growth opportunities will misuse the excess capital therefore be

coming potential targets of more efficiently managed companies. In the latter case, firms 

with good investment ideas but limited by their lack of resources represent a seeiningly 

profitable investment to an acquirer as a mean of achieving higher growth on its excess 

of resources. As summarized by Barnes (1999), the existence of "cash starved" and "cash 

rich" firms may lead to takeover attempts.
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As in the Q-theory of mergers, although the hypothesis is based on a combination of 

characteristics between the acquirer and the target firm, the takeover prediction litera

ture only focuses on the imbalance regarding the target firm. With this in consideration, 

several measurements were adopted to proxy the hypothesis. Palepu (1986) found sig

nificant support for this hypothesis using a dummy variable assigning the value '1' for 
firms having high growth-low liquidity-high leverage or low growth-high liquidity-low 

leverage and assigning the value '0' in all other cases. Cudd and Duggal (2000) sup

ported Palepu (1986)'s results whereas Ambrose and Megginson (1992) found that the 
variable provided insignificant discriminatory power.

Although providing a less accurate measure of the hypothesis, most authors have con

sidered Growth, Leverage and Liquidity as separate variables. The advantage of such a 
method is that explanatory power is generally increased given that each variable inde
pendently contributes to the model's explanatory power. In addition, the type of imbal
ance can be inferred by examining the relationship between the signs of the estimated 
coefficients. The overall theoretical and empirical evidence does not seem to provide 
a clear picture on the relationship between these three variables and acquisition likeli

hood. In the case of leverage, Barnes (1999) suggests that high levels of leverage reduce 
the target's ability to "fight" against a hostile bid whereas Lewellen (1971) claims that 

low leverage could be due to unused debt capacities that could be better exploited by a 

more experimented acquirer. In the case of liquidity, Walter (1994) suggests that firms 
exhibiting high levels of liquidity may signal an inefficient allocation of resources or a 

lack of investment opportunities whereas, in the view of Rege (1984) more liquid firms 

are more likely to become takeovers as transactions costs are reduced. Similarly, Barnes 

(1999) suggests that firms with lower growth and activity are more likely to become take

over targets as this might suggest an inefficient capital allocation whereas higher growth 

might be attractive for a firm aiming to improve its productivity.

Commonly used proxys for growth, liquidity and leverage are one to three years Sales 

Growth, Current and Quick Ratios, and Long Term and Total Debt over Total Assets 

respectively. Particularly for leverage, several other measures can be found such as Long- 

Term and Total Debt over Total Capital (Powell, 2004) and Total Liabilities over Total 

Assets (Arnull-Almond, 2007).
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2.4.5 The Inefficient Financial Structure Hypothesis

This hypothesis states that a firm could be targeted for an acquisition due to the lack of 

an efficient capital structure. It complements the inefficient management hypothesis by 

suggesting that there are structural weaknesses in the firm that might not be captured 
by common profitability measures. In the general M&A literature, this motivation is also 

known under the names of operating/finmicial synergies and argues that a merger could 

fix sfrucfural imbalances existing in both of the firms involved in an M&A deal. I here 
mention some specific ratios used by the general takeover prediction literature aiming to 

capture several specific structural imbalances.

Fixed assets might have a particular influence in the attractiveness of a firm in cases 
where operational efficiencies are expected from the acquisition process. Ambrose and 
Megginson (1992) suggest that fixed assets such as Property, Plant and Equipment rela
tive to size could have an influence in a firm's takeover likelihood. Although apparently 
in contradiction with their previous investigation, the authors rectify their previous con

clusion by suggesting that small (large) targets tend to have higher (lower) levels of fixed 
assets. For this hypothesis, although an opposite sign is expected between size and fixed 
assets, the hypothesis does not predict any relationship between fixed assets and take

over likelihood. The proxy used by Ambrose and Megginson (1992) is Fixed assets over 
Total Assets while Bartley and Boardman (1990) used Fixed Assets over Sales. Comple

mentary to the measures based on fixed assets, authors have also included variables cap

turing a firm's proportion of short-ferm capifal and its ability to generate sales through 

its everyday operations and non-current assets. Often considered as an additional liq

uidity measure, Harris et al. (1982) and Palepu (1986) used Working Capital over Total 

Assets and Belkaoui (1978) employed Working Capital over Net Sales which is similar to 

turnover measures.

In addition, a firm's interest coverage also can make a firm more exposed to a takeover 

as it reflects the margin that the company has for paying its debtholders. Two different 

views can be found in relation to the expected influence of the variable on takeover like

lihood. Dietrich and Sorensen (1984) suggests that low interest coverage signals unused 

debt potential, and therefore a negative relationship is expected between a firm's interest
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coverage and its takeover likelihood. From another perspective, based on the concept of 

financial synergy, Arnull-Almond (2007) states that an acquirer may increase the value of 

equity of a target firm by improving the firm's credit rating and by reducing the volatility 

of the target's earnings per share which generally reduces the average EPS during reces

sion periods. Therefore, an acquirer may be able to provide the cash resources that are 
unavailable for targets with higher than average interest coverage. This view predicts a 

positive relationship between interest coverage and takeover probability.

The financial literature has also studied the importance of tax in corporate decisions. As 
underlined by Modigliani and Miller (1963), taxes play a significant role when consider
ing choices on a firm's capital structure. Within the M&A literature, some authors have 

suggested that some takeovers may be motivated by tax advantages. The argument is 
based on the fact that accumulated tax losses are deducted during the write-up of the 
contract when assets are valued at their fair market price. As a result, the takeover lit
erature has accounted for the possibility of a takeover being motivated by the such tax 

gains. Walter (1994) uses Current Costs divided over Total Assets as a measure of infla
tionary tax loss carry forward. This variable was also considered in Harris et al. (1982) but 
was finally omitted due to the low number of companies having available data. Over
all, the variable has not shown to provide significant explanatory power in relation to 
acquisition attempts.

Finally, a number of non-financial variables have been used in some studies as poten

tial discriminators of takeover activity. Additionally to Palepu (1986)'s financial vari

ables, Ambrose and Megginson (1992) employs variables capturing a firm's ownership 

structure to investigate if the presence of large blocks of insider and/or institutioiaal 

shareholding affects the efficiency of a firm's management and also analyzes whether 

the use of different types of takeover defenses reduces a firm's acquisition exposure. He 

finds that Blank Checks Preferred-Stock Authorizations, Voting right restrictions and net 

changes in institutional shareholding in the quarter prior to acquisition have a strong in

fluence in takeover likelihood. Similarly, Cremers et al. (2009) study the influence of the 

presence of institutional shareholder blocks and the level of shareholder's voting rights 

on a firm's takeover exposure. Their results show that both variables have significant dis

criminatory power on takeover likelilrood. In addition, Espahbodi and Espahbodi (2003)
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also include proxies of takeover defense strategies as well as the level of antitrust law re

inforcement in their set of explanatory variables. Their findings suggest that the presence 

of golden parachutes has a positive significant influence in takeover likelihood.

2.4.6 The Size Hypothesis

Size is a frequently considered variable that experienced significant support in relation 

to its ability to classify target and non-target firms. Its well established discriminatory 

power led some early authors to build their estimation samples by matching target and 

non-target firms by firm size (Belkaoui, 1978; Rege, 1984). Although such procedure is 

contended to generate biases due to the non-randomness of the non-target subsample, 

the method was recently applied by Weir and Laing (2003) claiming that matching by 

size allows for a more accurate test of the synergy hypothesis.

Most studies, however, have explicitly accounted for size as an explanatory variable and 

two different theories can be found in relation the size hypothesis. First, as described 

in Dietrich and Sorensen (1984), Palepu (1986) and Espahbodi and Espahbodi (2003) large 

firms are more difficult to absorb given the increased complexity of the acquisition pro

cess related to the relatively higher transaction costs, the larger number of steps of the 

integration process, and the higher probability of receiving antagonist reactions from a 

well-established firm culture. This view predicts a negative relationship between size 

and a firm's probability of being subject to a takeover bid. Most of the empirical ev

idence seems to support this view as targets were generally found to be significantly 

smaller than other non-target firms. With a different argument, Barnes (1999) claims 

that management may also be interested in acquiring larger firms as this is generally 

followed by compensation benefits. The management's decision will be thus oriented 

towards large target firms in order to achieve an observable increase on the firm's size. 

It should be noted that, recent evidence has supported this view as suggested by the 

works of Arnull-Almond (2007) and Ouzounis et al. (2008) where targets were found to 

be larger, on average, than the rest of the considered population. These findings would 

seem to suggest that large companies can be subject to a takeover attempt thus implying 

that larger companies might no longer be safe against corporate control actions.
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The natural logarithm of total assets is the most common proxy for the size variable. 

Other measures include Total Market Capitalization (Barnes, 1999), natural logarithm of 

Shareholder's Equity (Bartley and Boardman, 1990) and natural logarithm of Net Sales 

(Wansley et al., 1983).

2.4.7 The Industry Disturbance Hypothesis

Economic shocks such as technological innovation, stock market discrepancies and reg

ulatory changes appear to be important in explaining the levels of M&A activity both 

over time and across different industrial sectors. Gort (1969) states that these changes in 
the rate of mergers might be explained by differences in the valuation of expected cash 

flo'ws bebveen owners and non-owners. This implies that waves of acquisitions (i) are 
triggered when the future expected value of non-owners exceeds the oire of the own
ers and (ii) end when the market sector incorporates the valuation of acquirers into the 
value of the potentially targeted firms. Mitchell and Mulherin (1996) provide empirical 
evidence that merger waves do cluster by sector and suggest that merger waves are trig
gered by industry shocks. Overall, these results therefore suggests that a firm's industry 

can influence its probability of becoming an acquisition target.

The takeover prediction literature has incorporated this hypothesis in two different ways. 
Eirst, given the persistency of M&A activity across industries (i.e. evidence on merger 

waves), a number of studies considered a binary variable capturing the level of activity 

within a firm's industry in a period prior to the observation year. Palepu (1986) con

structed the variable by assigning '1' if the firm's industry, as measure by the four-digit 

Standard Industry Code (SIC), experienced at least one acquisition during the year prior 

to the observation year and '0' otherwise. Accounting for Palepu (1986)'s suggestion 

that industry effects might be better captured using shorter time lags, Cudd and Duggal 

(2000) employed a similar variable except that industry activity was measured based on 

the industry activity during the 12 months preceding the month when the acquisition 

was announced. The results show that using shorter time lags improved the discrimina

tory accuracy of the industry variable therefore suggesting that "a more precise measure 

of the disturbance variable is necessary to accurately reflect the effect of such acquisition
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waves". Although the authors calculate the model's predictive accuracy, the authors fail 
to clarify how the industry variable is constructed in the prediction sample where the 

acquisition month of the firm is a priori unknown. The second method uses industry- 

relative ratios in order to eliminate aggregate industry effects among the selected finan

cial ratios. As mentioned in Barnes (1999), normalizing the explanatory variables by 
industry is a method that can replace the use of the industry disturbance binary vari

able. This method, although not capturing the aggregate industry effect due to previous 

M&A activity, allows elimination of any constant industry factor equally affecting all fi
nancial variables within the industry. Finally, authors such as Cudd and Duggal (2000) 

and Arnull-Almond (2007) have employed both methods.

2.4.8 Other Hypotheses

There are several other hypotheses present in the M&A literature that are absent within 
the takeover literature. Reasons for not including these hypotheses are that (i) the ac
quirer's information is involved in the statement of the hypothesis or (ii) there are no ob
servable data allowing to accurately proxy the hypothesis. By far the most documented 
one is the Synergy hypothesis which states that, due to increased efficiencies, the com
bination of the acquiring and the acquired companies exceeds the value of the two com
panies considered separately. In a recent case study, Larsson et al. (2004) analyzed the 

differences between the synergies produced by failed and successful mergers in order to 

identify the key factors of a successful merger. Their results show that best efficiencies 

are obtained through high strategic combination potential, high employee collaboration, 

high organizational integration and a fast-paced long-term orientation process. However, 

do these efficiencies generate enough profit to counterbalance the bid premium and the 

transaction costs? Roll (1986) answers this question by suggesting that confident man

agers tend to overstate the potential value of the target as well as the potential synergies 
between firms and, therefore, tend to overpay when offering a bid premium to target 

shareholders. This argument is known under the name of the Hubris hypothesis. As a 

discussion of all documented hypotheses is not relevant for the present study, the reader 

is referred to Trautwein (1990) for a review on different merger motives. Arguing that
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a large amount of insignificant evidence has been provided to efficiency hypothesis of 

M&As, the latter provides an interesting critic to the several tests provided by, among 

other research areas, the here analyzed takeover prediction literature.

2.5 A comprehensive review of the extant takeover prediction 

literature

This section provides a comprehensive review of the academic literature context related 

to the development of takeover prediction models. Our focus is mainly centered in 
methodological innovations and the resulting forecasting ability of the models. Addi

tionally, an effort has been made both to provide detail of the articles having a distinctive 
influence or presence in our work and to briefly mention the works whose analyzes or 
contributions were not deemed relevant for the present study.

A chronological structure was chosen for the literature review here presenteci. Three 
main reasons support this choice. The first one is the relatively small and therefore man
ageable size of the academic work that has focused in the prediction of takeover events 

compared to bankruptcy events. Therefore, as a contribution to this literature, I shall 
here provide a comprehensive historical review of the works in takeover prediction with 

an emphasis on their methodological contributions. Secondly, the relevance and limita

tions of results are better identified in a chronological review as contemporaneous works 

often share the same methodological frameworks. Finally, as merger characteristics are 

believed to change over time, a separate review of the results based on neighbouring 

time-periods facilitates the analysis of consistencies in takeover characteristics.

2.5.1 Early works: birth of the concept

The first works in takeover prediction gave birth to a series of papers attempting to 

characterize and/or predict target firms. During this decade, the models are based on 

Multiple Discriminant Analysis (MDA hereafter) as the basis for multivariate regression 

models. The research is mainly exploratory as the authors do not consider any theoretical
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framework to support the choice of the variables underlying their models, however these 

first attempts of takeover prediction covered the main methodological issues on which 

the literature would place its focus during the following decade:

1. The potential misspecification of mixing different motivational trends by pooling 

targets firms from different time periods.

2. Extending the latter point, the underlying dynamical instability of takeover predic

tion models and the need to systematically update the reported estimations.

3. The need for an industry-specific ratio to normalize the distributional variations 
across industries.

4. The failure to measure the ex-ante predictive ability of the model by using valida
tion samples from the same period as the estimation sample.

5. The need for a method allowing to calculate ex-ante the optimal cut-off threshold.

The work of Kuehn (1975), based on his Ph.D. dissertation, appears as the first study 
attempting to use multivariate statistical methods in order to describe takeover charac
teristics. The study uses UK data during the period 1957-1969. The author first under

lines the importance of considering individual industries when attempting to character
ize takeover activity thus recognizing that potential misleading results may be obtained 
when considering takeovers as an aggregate sector sample. From a dynamic viewpoint, 

he analyzes the variations of takeover activity across the period and suggests that time- 

varying factors such as the business cycle and the differences in valuation between targets 

and acquirers seem to be correlated with the levels of merger activity (see p. 14).^ Fur

thermore, Kuehn builds a fii'St theoretical framework (see Chapter 2) by setting several 

hypotheses based on the latter analysis and relating them to the theory of the firm. His re

sults first show that industry-specific analyses do not improve the model's ability to cap

ture takeover characteristics. Secondly, using a Probit regression and aggregate takeover 

data, he finds that the probit transformation provides a significant improvement relative

^This will later emerge as the undervaluation hypothesis or the Q-theory of mergers (described in Sec
tion 2.4.2.1).
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to the linear regression models as indicated by the higher explanatory power. From a 

merger characterization perspective, UK takeovers appear to be undervalued firms with 

low performance during the pre-bid period as measured by a lower profitability ratio 

and a lower growth rate in sales.

In a new UK-based study, Singh (1971) attempts to characterize take-over companies in 

order to test the disciplinary role of the stock market in M&A activities. This is con

ducted by using both univariate and multivariate techniques based in 9 financial ratios. 

The initial estimation period 1955-1960 was split into two sub-periods (i.e. 1955-1958 and 

1959-1960) and the models were estimated for each industry separately. The results show 

that, except for size, the variables show poor discriminatory power and the multivari

ate model, estimated with aggregated data, achieves a maximum classificatory power of 

64.4%. As in Kuehn (1975), Singh earlier cautioned future research by addressing a dou

ble "pooling problem" to which the user is faced when collecting the model's input data 

- namely the potential misspecification of a sample resulting from pooling target firms 

across different time periods and the potential statistical bias generated by pooling firms' 

data across industries.

In the same year, Simkowitz and Monroe (1971) publishes the first academic paper using 

statistical techniques based on corporate financial information in the context of takeover 

prediction. Because of the large number of diversified acquisitions that took place during 

the second half of the 1960's, the sample was restricted to conglomerate targets acquired 

during the period April - December 1968. Using an MDA regression based on 24 financial 

variables, an estimation sample containing 23 targets and 35 non-target firms was con

sidered. Using a backward stepwise method, only seven variables with high explana

tory power were finally included in the model. The results show that acquired firms 

seem to be smaller in size, have lower price to earnings ratio, lower dividend payout 

and lower growth in equity. Using a validation sample of 23 firms, the model achieves 

a significant overall predictive accuracy of 77 % thus showing that accurately identify

ing takeovers was possible. However concern was raised in relation to the commonly 

employed methodology by suggesting the use both of out-of-samples tests to assess pre

dictive ability and of industry-specific ratios to normalize the financial data.
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In a later study, Stevens (1973) addresses the importance of eliminating multicollinear- 

ity in order to obtain stable estimated parameters. Using a factor analysis, the twenty 

initial variables were reduced to six independent components measuring (1) Profitabil
ity (2) Liquidity (3) Activity (4) Leverage (5) Dividend payout and (6) Stock valuation. 

The MDA model was estimated using a sample of 40 firms targeted during the year 1966 
matched by size to 40 non-acquired companies. Although the model achieved a mod

erate overall classificatory accuracy of 70%, acquired firms were classified with an 85% 

accuracy. In addition, the split validation sample technique^ shows a classificatory accu
racy of 67.5% suggesting that the model is cross-sectionally stable. The estimated coeffi
cients show that target firms appear to have higher liquidity, lower levels of leverage and 

higher sales turnover compared to non-target control firms. Finally, following the rec
ommendations of Simkowitz and Monroe, the model's time stability is tested using two 
holdout samples, each containing 20 targets and 20 non-target firms from the years 1967 
and 1968. For each year, an overall prediction accuracy of 70% was obtained suggesting 
that takeover prediction models are accurate and consistent over time.

Although more from a perspective of analyzing the pre-bid and post-bid share price pat

terns, Firth (1976) offers an interesting analysis of the characteristics of bidees and biders 
involved in an M&A deal within the UK context. His univariate results show that tar

get characteristics do not seem to differ significantly from control firms with similar size 
and belonging to the same industry. Similar to the results obtained by Kuehn (1975) 

for the period 1957-1969, UK takeovers in the period 1973-1974 appear to show signs of 

lower profitability and lower growth when compared to their industrial peers. As a main 

difference, neither the valuation ratio nor the price-to-earnings ratio were found to be 

significantly different from the matched control firms.

In the first study applied outside the UK and the US, Fogelberg et al. (1978) apply the 

MDA analysis to predict takeover activity in New Zealand. Their study uses a state based 

sample matched by size and industry sector containing 86 companies. Supporting Singh

‘‘This method splits the inihal estimation sample into two halves. One half is used to re-estimate the 
model and the other is used to validate the estimated model. As both samples consider the same time 
period, the method aims to test the model's cross-sectional stability. It should be mentioned that this method 
was however incorrectly used for prediction tests in sev^eral works such as in Belkaoui (1978), Dietrich and 
Sorensen (1984) and in more recent papers such as Cheh and Weinberg (1999) and Brar et al. (2009).
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(1971)'s results, they find that the model shows poor discriminatory ability and that no 

conclusions could be advanced since none of the employed variables were found to be 

significant. Possibly due to the poor results in the New Zealand context, for a period of 

more than twenty years, takeover prediction studies have avoided using data from small 

and underdeveloped economies.

In the Canadian context, Belkaoui (1978), acknowledging the influence of the cut-off choice 

on the model's predictive performance, applies Altman (1968)'s optimal cut-off method 

to minimize misclassification errors. His MDA model used 16 potential predictors of 

takeover likelihood grouped by Non-liquid Assets, Liquid Assets to Total Assets, Liquid 

Assets to Current Debt and Liquid Asset Turnover. The model's classificatory (predic

tive) performance was tested in a state based sample of 50 (22) companies matched by 

size. His results show that the model achieves high overall classificatory (predictive) ac

curacy ranging from 72% to 84% (70% to 85%) depending on the year selected to measure 

the financial variables. As a conclusion, the author recommends the use of non-liquid ra

tios and suggests that the model's financial data should stand at two or three years before 

the bid date. Ignoring previous research, the author does not eliminate multicollinearity, 

nor does he test the predictive ability of the model in a different time period.

2.5.2 1980s: theoretical and methodological improvements

Previous results seem to show that forecasting takeovers is plausible. However, the pres

ence of some systematic methodological flaws cast doubt on their optimistic results. In 

addition, no clear results have been achieved in relation to the characterization of tar

get firms. During this following period, a consistent theoretical framework for takeover 

characterization is developed based on the different hypotheses described in the previ

ous section 2.4. Moreover, several methodological improvements were achieved in both 

the specification of the models and the statistical validity of the reported results.

Levine and Aaronovitch (1981) performed the first "ground-clearing" attempt of defin

ing a theoretical framework based on different theories of the firm. The following hy

potheses were coirsidered: (1) The Importance of Size, (2) Investor's Gain, (3) Mergers 

and Optimal Resource Allocation, and (4) Managerial Theories of Mergers. Twelve fi-
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nancial ratios were selected to conduct a multivariate analysis in order to investigate 

the differences between acquiring and acquired firms. The estimation sample contains 

a complete sample of companies involved in large UK deals (i.e. over 3 million pounds 
of transaction value) during the year 1972. Their findings show that, except for size, no 

variable seems to have significant discriminatory power. Although mentioning that the 
importance of size is a non-trivial result, Levine and Aaronovitch conclude that, given 

the large number of reasons behind the acquisition process, no general theory of mergers is 

likely to emerge from a multivariate analysis based on individual financial characteristics 
of acquired firms.

Supporting Singh's concern of pooling firms from different periods, Harris et al. (1982) 

provide evidence on the underlying dynamic instability of takeover characteristics. Both 
fixed and random probit regression are considered for the model's specification, and be
tween five and seven variables are used as regressors. The time stability of takeover 
characteristics is investigated by estimating the models in two consecutive periods of 
two years. The two estimation periods are 1974-1975 and 1976-1977 containing 45 and 
61 target firms respectively and approximatively 1200 non-target firms for each period. 
The results show that not only most of the financial variables provide little additional 
information but, most importantly, that the explanatory variables explain a very small 

proportion of the overall luerger activity. By comparing the sign of the estimated coef

ficients between the two periods, he also concludes that takeover characteristics seem to 
change over time therefore providing indirect support to Levine and Aaronovitch (1981)'s 

contention that no consistent general theory of M&As can be drawn using multivariate 

models based on target accounting characteristics.

Given the profitable potential of takeover predictive models, Wansley et al. (1983) in

vestigate the possibility of earning abnormal returns by investing in the samples pre

dicted by a takeover prediction model^. As a main difference from previous studies, the 

authors chose to estimate their model using two linear classification functions to distin-

■'’The argument behind such an investment being that, as the evidence shows that takeovers earn abnor
mal returns the day of the aimoimcement (see for instance Jensen and Ruback, 1983, for a comprehensive 
review), if a model can predict ex-ante with a high degree of accuracy then a portfolio based on the model's 
predictions can generate a profitable investment.
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guish between targets and non-targets^. The data for the estimation (holdout) sample was 

collected in the period 1975-1976 (1977) resulting in 44 (39) takeovers which were pair- 

matched to a random group of non-acquired firms. The two estimated functions produce 

a classificatory power of 75% which was reduced to 69.9% in the holdout sample. Using 

a real population sample during the year 1977, two portfolios are constructed with 25 

and 50 companies having the highest probabilities of being acquired. Although no target 

was present in the portfolios, the results show that both portfolios earned abnormal re

turns relative to the market benchmark suggesting that takeover predictive models can 

be used as the basis of an investment strategy. The poor predictive ability of the model is 

consistent with the previous findings of Levine and Aaronovitch (1981) and Harris et al. 

(1982). However, contrary to the present belief in the literature, Wansley et al. provide ev

idence that low predictive performance does not necessarily derive from low profitability 

therefore suggesting that firms with similar financial profiles to acquired firms offer, on 

average, a profitable source for an investment.

As mentioned by Singh (1971) and Harris et al. (1982), takeovers seem to show different 

characteristics in different periods, however no study seems to define the number of years 

that minimizes the "pooling" bias. Noticing that studies using a shorter period exhibit 

higher performances, Rege (1984) addresses the problem of the length of the estimation 

period as a possible source of misspecification. He further contributes by analyzing the 

differences between foreign and domestic Canadian take-overs. An MDA analysis based 

on 5 financial ratios was used to specify the model. The study considers two estima

tion periods, 1962-1973 and 1968, containing sample sizes of 88 and 18 firms respectively 

and three models are tested aiming to differentiate (i) domestic targets from non-target 

firms (ii) foreign targets from non-target firms and (iii) foreign target from domestic target 

firms. Perhaps surprisingly, the findings show, first, that the estimation period's length 

does not influence the classificatory ability of the models and, secondly, that none of 

the models offer significant explanatory power therefore bringing further support to the 

contention that multivariate models are not able to differentiate between target and non

target firms. Although not mentioned by the author, given the sign changes of some of

^As mentioned by the authors, classification functions are mutually exclusive operators and differ from 
the discriminant analysis typically employed by previous research. In this case, the firm -will be considered 
as a potential target (non-target) if the target (non-target) classification function has the highest output value.
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the coefficients in both the domestic and the foreign target prediction models, the results 

seem to confirm that the target characteristics in 1968 do not match the overall character

istics of takeover activity during the decade 1962-1973.

The study of Dietrich and Sorensen (1984) discusses tw'o methodological issues; the ad
vantages of both the logistic regression to estimate takeover probabilities (relative to 

MDA) and the use of industry-relative ratios defined as the variable's value relative to 
its industrial average. Based on the firm's valuation principle as theoretical framework, 

the 10 considered variables were chosen only if they were likely to have an effect on 
the net present value of the firm's acquisition valuation method. Both within the period 

1969-1973, a state-based sample of 24 target and 24 non-target firms and a holdout sam
ple containing 16 non-target and 6 target firms were used to respectively measure the 
classificatory and predictive ability of the model. Firms with higher traded volume and 
lower dividend payout, turnover, size and leverage are found to have a higher probabil

ity of being targets. The final model achieves significant classificatory (predictive) power 
of 92.5% (91%) which represents the highest predictive ability reported on the takeover 

prediction literature. Contrary to the previous trend, Dietrich and Sorensen defend the 
potential use of takeover predictive models and conclude that the use of logistic-based 
models and industry-relative ratios are well-suited for binary choice problems.

Hasbrouck (1985) presents a more structured theoretical basis supported by six main 

hypotheses in order to study the motives for takeovers. Although the q-ratio is at the 
center of the analysis, financial leverage, liquidity, and size are also considered to cap

ture the presence of tax-incentives and managerial inefficiency. The model is based in 

a logistic regression accounting for 7 financial variables. The study uses both industry- 

matched and size-matched estimation samples with 86 targets and 172 non-target firms. 

The results show that targets seem to be smaller companies characterized by a low q- 

ratio leading Hasbrouck to conclude that managerial incompetence seems to be the main 
reason behind a takeover attempt.

Often considered as the most influential work in takeover prediction literature, Palepu 

(1986) attempts to bring a solution to several methodological flaws present in the previ

ous literature and develops a consistent methodological framework to be used by further
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research. His study is based on a logistic regression framework estimated using a 1:3 

ratio containing all target firms and randomly selected non-target firms selected during 

the period 1971-1979. Along with Hasbrouck (1985), Palepu provides a structured target 

characterization based on a set of 10 financial variables used as proxys to test six take

over motivation hypotheses previously documented in the M&A literature. As a second 
part of his work, Palepu demonstrates that state-based samples generate efficient but 

inconsistent estimators and contends that they are likely to result in "erroneous infer

ences" in relation to the model's predictive ability. He further suggests that previously 
reported predictive accuracies are likely to be biased for using (i) holdout state-based 
sample therefore simplifying the problem of finding a small number of targets among 

a large number of non-target firms and/or (ii) sub-samples of the estimation period to 
measure predictive ability therefore failing to capture the model's true ability to classify 
targefs in the future. Finally, he argues that most of the authors have arbitrarily chosen 
a default cut-off probability of 0.5 without noticing that the cut-off choice has a signifi
cant impact on the predictive accuracy of the model. His results show that, while being 

able to select a large number of targets, the model also predicted a large proportion of 
non-target firms. Probably due to the model's lack of specificity and the large number 
predicted firms, the resulting buy-and-hold strategy earned insignificantly negative ex

cess returns relative to the market model. The conclusions of the paper are that previous 
work had important methodological flaws and, when correcting them, takeover predic

tive models do not show any ability to either predict potential targets or constitute the 

basis of a sound economic investment.

Rarely mentioned in the takeover literature, the work of Chapman and Junor (1987) in the 

Australian context provides an interesting and original perspective on some of the flaws 

and limitations present in previous works. Among these are included: (i) the absence of 

adjustmenf for inflation, (ii) the failure to include control-ownership type, (iii) the pres

ence of subsidiaries and (iv) the variability of the sample. Adjusting for these potential 

misspecifications, the authors build a consistent data sample of 69 non-acquired and 29 

acquired firms during the period 1978-1981. Their results show that target characteristics 

are consistent over time^ and that the control-type variable is an important discriminator

'It should be noted that the analysis differs from the one reported by Harris et al. (1982) as the latter uses
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of takeover activity. Overall, Australian takeovers appear to be small, unprofitable firms 

with low leverage, low liquidity and higher levels of management ownership when com

pared to their non-acquired counterparts.

Given the large debate questioning the public and private benefits of conglomerates and 

takeovers at the end of the 1980s, M&A research focused on the determinants guiding 
both synergistic and disciplinary acquisitions. As previous takeover research had consid

ered target firms as an homogenous group, Morck et al. (1988) investigate the distinctive 

characteristics between hostile and friendly takeovers. The takeover data sample con
tains firms that were listed in the Fortune 500 in 1980 and having been subject to a bid 
during the period 1981-1985. The final sample contains 454 non-target firms, 42 friendly 

and 40 hostile targets. As in Harris et al. (1982), the multivariate analysis uses a pro
bit regression and is based on the five (financial and non-financial) variables having the 
highest univariate discriminatory power. Although some disagreement exists between 

their univariate and multivariate analyses, their findings show that hostile targets are 
more likely to be smaller companies with lower growth and located in a low q industry 
than the average whereas friendly targets do not appear to show any distinctive feature. 

In other words, hostile (friendly) acquisitions seem to be guided by disciplinary (syner
gistic) motives and using an aggregate sample of targets could be misleading.

Bartley and Boardman (1990) tested the advantages of using inflation adjusted ratios 

in MDA-based takeover predictiv^e models during the period 1979-1981. Their defini
tion of takeover expands the notion to every attempt of control exceeding or equal to 

5% of ownership acquisition. Using realistic proportions of target and non-targets (i.e 

41 targets and 153 non-targets) in the estimation, they compare a current-cost model, a 

constant dollar model, an historical cost model, and a model using a combination of the 

previous ratios. While the combined model achieves the maximum classificatory ability 

of 79.9%, the historical data model achieves only 69.6% suggesting the superiority of in

flation adjusted data relative to historical data in discriminating target from non-target 

firms. Given these results, the authors recommend to use a mix of current-cost, constant 

dollar and historical data when the purpose is to maximize predictive performance. Un-

two different samples of takeover in two different periods whereas, in this paper, the same sample of firms 
is analyzed at three different points in time (similar to a panel data regression).
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fortunately, they do not test the predictive ability of their models which questions the 

generalizability of their results.

In the UK context, Barnes (1990) provides a discussion on the relative impact of Palepu's 

findings when the objective is to maximize target prediction performance. He also dis

cusses how data instability, both over time and across industries, affects the estimation 

results of takeov^er prediction models. Using an MDA model estimated during the period 

is 1986-1987 and resulting in a pair-matched estimation (validation) sample of 55 (37) tar

gets and non-target firms, he finds that the model is able to classify 68.8% of the firms 

correctly. Acknowledging the flaws of the predictive ability test, a sub-sample of targets 

and non-target firms from the estimation sample is used for validation resulting in the 

model classifying 74.3% of the firms correctly. It should be stressed that, although the 

stated objectives of the paper were to expand recent methodological advances, the paper 

does not consider any of the major methodological points raised by Palepu - namely the 

use of a more realistic unmatched estimation sample, the choice of prediction samples in 

subsequent periods, and the calculation of an optimum cut-off value - therefore casting 

some uncertainty on the reported results.

During this period, the literature was able to answer some of the points enumerated on 

the previous section. First, Dietrich and Sorensen (1984) showed clear evidence on the 

advantages of using industry-adjusted ratios. Secondly, Palepu (1986) clearly described 

the sources of misspecification present in previous prediction tests, and proved the need 

for realistic out-of-sample predictions to asses the predictive ability of the model. In 

addition, an ex-ante estimation method of the optimal cut-off is offered where the optimal 

cut-off is defined as the value minimizing the total errors. In relation to the last point and 

adding evidence to Singh's pooling problem, Harris et al. (1982) showed that some of 

the estimated coefficients change both quantitative and qualitatively over time which 

suggests that, due to the dynamical complexity underlying merger determinants, both 

classificatory and predictive ability are likely to be unstable over time.
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2.5.3 1990s: a consistent analytical framework

The work of Palepu (1986) provided a solid theoretical core to characterize the motiva

tions behind a takeover attempt based on six hypotheses present in the M&A literature. 

During this subsequent period, academic works have progressiv^ely incorporated the the

oretical and methodological improvements achieved during the previous decade.

Ambrose and Megginson (1992) use a similar framework to the one used by Palepu and 

test the influence of different non-financial factors in takeover acquisition likelihood such 

as ownership concentration, insider and institutional shareholding, takeover defenses 

and measures of asset structure. The logistic regression was estimated during the period 

1981-1986 which resulted in an estimation sample of 169 targets and 237 non-targets. Al

though insignificant when employing the financial variables, the model's discriminatory 

ability becomes significant when adding the structural variables suggesting the impor

tance of their effect in takeover likelihood. Contrary to Barnes (1990), as the main ob

jective is to determine the effect of purely structural variables in a firm's probability of 

being taken-over, the paper focuses on a purely explanatory point of view. In addition, 

a temporal matching scheme (such as the one used in the paper) cannot be used for pre

dictive purposes since the value of the structural variables depend on the date when the 

takeover took place which is, by definition, unknown in the prediction sample.

Also accounting for Palepu's methodological improvements, Walter (1994) compares the 

performances in both predicting and earning abnormal when using historical cost and 

current cost models. The models are based on a logistic regression and are estimated 

using a realistic sample of 33 targets and 274 non-target firms relative to the period 1981- 

1984. In addition, the year 1985 containing 10 target and 81 non-target companies was 

used to test the model's predictive ability. The estimation sample contains all target firms 

and all non-target firms having all the available current-cost data information. The find

ings show that when comparing the current cost and the historical cost model, the lat

ter is able to predict target firms with a higher degree of accuracy (i.e. 102% better than 

chance) while the former only achieves moderate predictive accuracy (i.e. 25% better than 

chance). However, when assessing the economic performance during a one-year buy and 

hold investment, the historical cost model generates negative and significant abnormal
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returns of -10.09% whereas the current cost model generates positive and insignificant 

returns of 0.46%. This apparent contradiction suggests that predictive accuracy may not 

be related to investment performance.

Similar to Morck et al. (1988)'s conceptual idea of characterizing different types of merger, 

Meador et al. (1996) use a logistic regression-based model to study the financial profiles 

of the firms involved in horizontal and vertical acquisitions. Their takeover sample ac

counts for 50 vertical and 50 horizontal mergers collected within the period 1981-1985. 

These companies are pair-matched to 100 non-acquired firms by industry and size. Based 

on six M&A hypotheses, twenty-four financial variables were selected to estimate the 

model. The model using the aggregate target sample shows that targets tend to have a 

significantly higher financial lev^erage than their non-target peers. Their specific-merger 

models show that horizontal targets have higher growth in sales and higher long-term 

financial leverage and vertical targets are smaller in size and have a higher dividend pay

out ratio than their matched peers. The opposite signs between the two measurements of 

financial leverage and asset/sales growth, suggest the existence of high levels of multi- 

collinearity (in particular between the asset, market value and sales variables) and there

fore questions the validity of the presented results. Although this fact is acknowledged in 

the conclusion, multicollinearity should have been eliminated if the purpose of the study 

was to analyze the estimated coefficients.

By studying the accuracy of takeover predictive models in the Greek context, Zanakis and 

Zopounidis (1997) describe several of the obstacles encountered by a practitioner when 

dealing with the data of a small economy. The study also compares logistic and MDA 

based models in order to investigate the most suitable basis for predicting takeovers. The 

models were estimated using state-based estimation sample containing 40 targets and 

40 non-tai-get firms matched by asset size, volume of sales and number of employees. 

A similar predicted sample was used containing 30 companies. The findings show that 

MDA compares favorably to logistic based models both in its classificatory and predictive 

ability. The study suffers however from several methodological drawbacks such as the 

use of non-random state-based sample, the use of a predicted sample with unrealistic 

proportions and the choice of a predictive period overlapping with the estimation period.
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Mainly based on the work of Morck et al. (1988) and indirectly related to the work 

of Harris et al. (1982), Powell (1997) studies the differences between hostile and friendly 

takeovers and the stability of such characteristics over time. The author uses a method
ology based on a multivariate logistic model based on eight financial ratios representing 

six main hypotheses of takeovers and adjusts for industrial factors by extracting the in
dustrial average to each variable. The initial estimation sample covering the period 1984- 

1991 is split into two additional sub-periods of 4 years (i.e. 1984-1987 and 1988-1991) 

to measure the time sensitivity of the estimators. His results show that industry effects 
seem to play an important role and should be considered when assessing takeover pre

diction likelihood. Furthermore, he finds that friendly and hostile takeovers share dif
ferent characteristics suggesting that the use of homogenous samples in the estimation 
leads to misspecified models. Finally, in order to analyze the changes in takeover char

acteristics, Powell looks at the changes in the estimator's significance from one period to 
another. He finds that these characteristics, for all friendly, hostile and aggregated bids, 
are inconsistent over time. These results support the suggestive views of Singh, Harris 
et al., and Rege that takeover prediction models are not stable over time.

In a seminal paper, Barnes (1999) analyzes general conceptual and methodological issues 
remaining in the literature and suggests some options for improvement. By observing 
the different takeover patterns across industries, the performance of a general model us

ing industry-relative ratios is compared to the aggregate performance of industry-specific 
models. He also contributes by exploring the advantages of using a cut-off choice method 

based on the maximization of expected returns®. The general model was estimated us

ing a sample containing both successful and unsuccessful bids in the UK during the year 

1993 resulting in a sample of 82 targets and 82 randomly matched non-target companies^. 

The estimated coefficients show that firms with lower growth seem to be more exposed 

to a potential bid. A holdout sample from the year 1994 containing 16 (13) targets and 

1064 (886) non-targets was used to test the predictive ability of the industry-specific (gen-

®This is an alternative to Palepu's cut-off estimation technique based on the minimization of total errors. 
As no targets were predicted by any of the models, the potential profitability underlying Barnes' method 
was not tested in the paper.

^The estimation period for the industry-specific models was extended to 1991-1993 in order to increase 
the population sample in each industry
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eral) model. The results show that the models although achieving a high overall predic

tive accuracy, have poor abilit}^ in identifying targets suggesting that takeover predictive 

models are not useful either to predict targets or to earn abnormal returns. It should be 
noted that, whereas most of the academic research has excluded financial firms from their 

samples mainly because of the difference in their accounting standards, this paper con
siders an aggregate sample of all industry sectors which may have lead to a misspecified 

general model.

From a theoretical perspective, most of the works (with the exception of Zanakis and 

Zopounidis, 1997) have adopted a theoretical framework similar to the one suggested 

by Palepu. From a methodological perspective, logistic regression was adopted as the 
analytical reference and industry-relative ratios were accepted to improve the stability 
of the estimated parameters. Furthermore, the use of out-of-sample forecasts to assess 
predictive ability increased the confidence in the reported results. Despite all these ad
vances, no consistent characterization of targets seems to appear in the reported results. 
Moreover, the well-specified prediction tests show a poor ability to accurately predict tar

gets in the future suggesting that previous optimistic results had indeed overstated the 

true predictive ability of the models.

2.5.4 Current research: new models and economies

Recently published papers have generally attempted to innovate in the employed analyt
ical framework or to estimate takeover predictive models in a new economy. Although 

the results seem to show that takeover prediction is possible, unfortunately many works 

employ flawed methodologies and some results are potentially overstated.

The work of Cheh and Weinberg (1999) is what appears to be the first application of data 

pattern recognition modeling into takeover prediction models. They use a feed forward 

Artificial Neural Network (ANN) and compare its performance to the MDA method. 

The paper selects one qualitative variable measuring industrial activity and eight other 

financial variables. As each financial variable was measured in each of the three years 

previous to the firms' assigned year, therefore the model effectively uses 25 variables 

which are likely to be highly correlated. The optimum ANN model was found to be a
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one hidden layer with eight hidden units and a momentum of 0.1. The selected estima

tion (holdout) period is 1985-1987 (1988-1992) resulting in a realistic sample of 1275 (1338) 

unacquired and 173 (186) acquired firms. The results show that the ANN model outper

forms MDA in both the ability to accurately predict future targets and the profitability of 

the underlying buy-and-hold investment based on the predictive firms. The paper sug

gests that non-parametric techniques, such as Neural Networks, should be considered 

when the objective of the takeover model is to enhance predictive ability. The results re

main however unclear in the extent to which the portfolio's profitability is related to the 

effectively predicted targets. Furthermore, daily abnormal returns are calculated using 

an arithmetic average and only compared to a market benchmark. As we will later see in 

chapter 4, there are potential biases and inconsistencies underlying these two approaches.

Acknowledging the motivational changes in the M&A environment, Sorensen (2000) in

vestigates the characteristics of both targets and acquirers during the year 1996 and com

pares with published findings in previous periods. The estimation sample contains 286 

targets, 232 acquirers and 217 non-merging firms. The author uses a logistic regression to 

separately analyze the differences between target and acquirers with non-merging firms. 

The results show that acquirers seem to be more profitable companies, however, no ex

planatory variables was found in the target prediction model which lead Sorensen to 

conclude that, as mergers during the 1990's were mostly friendly, targets' characteristics 

are very similar to the average financial profile. It is however surprising that the author 

did not include size as a potential discriminatory variable considering that is one of the 

most supported variables in the literature and that it was not used in the sample's match

ing procedure. Furthermore, similar to early studies, the author does not include any 

theoretical framework which limits the interpretation of the results. Overall, the results 

support once more the contention that takeover motives change over time.

Although the advantages of industry-relative ratios had been mentioned by prior re

search (see for instance Dietrich and Sorensen, 1984; Powell, 1997; Barnes, 1999), no con

sistent method of normalization had been used. Moreover, these previously used meth

ods do not account for dispersion intra-industry. For example, Dietrich and Sorensen 

(1984) define the industry-adjusted ratio as the difference of the raw value and its in

dustrial average divided by the latter, Barnes (1990) uses a ratio between the raw value
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and the industrial average of the variable, and finally Harris et al. (1982) uses the same 

method but defines a ratio's industrial average as the ratio of the variables' industrial av

erage which is statistically different from the average of the ratio. The study of Cudd and 

Duggal (2000) thei'efore contributes with a well-specified industry-relative ratio based on 

an industry-specific gaussian normalization. His estimation sample covered the period 
1987-1991 and contained 108 target firms and 235 of the available non-target firms. The 

holdout sample contains a more realistic proportion with 13 targets and 460 non-targets. 

The findings show that, from the six considered hypotheses, the raw (adjusted) model is 
consistent with one (three) of them suggesting that the use of industry-relative is impor

tant to the well-specification of the estimated models. The predictive results are however 

less clear, since the model using raw ratios achieves a higher overall predictive accuracy 
than the model using industry-specific model with prediction rates of 61.9% and 57.7% 

respectively.

Similar to the work of Wansley et al. (1983), Powell (2001) investigates the possibility of 
earning abnormal returns using takeover predictive models. He also compares the ef

fect of industry-relative ratios in both the predictive and economic performance of the 
model. The estimation sample is based on 471 successful and unsuccessful targets and 
471 randomly matched non-target firms during the 10-year period 1986-1995. A holdout 

sample of 29 targets and 971 non-targets was used to assess the predictive ability of the 
model in the year 1996. Abnormal returns are measured using a market-adjusted model 

(MAM) and a size-adjusted model (SAM). Predictive samples are built using two cut-off 

values PcR andPME derived from target proportion maximization^® and from Palepu's 

minimization of total errors method respectively. Supporting the results of previous re

search (e.g. Dietrich and Sorensen, 1984; Platt and Platt, 1990), the findings show that 

industry-relative ratios and economy-relative ratios improve the classificatory ability of 

the model. Furthermore, supporting Barnes (1999)'s discouraging results, he finds that 

takeover predictive models have a very poor predictive ability. Contrary to the results 

expected by the maximization of returns hypothesis, the economic performance of the 

predicted sample based in P^e outperforms the one generated by the predicted sample

'“Although Powell introduces the cut-off choice method based on the maximization of the targets' pro
portion in the predicted sample, Barnes (1999) had already established such contributions with additional 
theoretical support.
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based in 11

Espahbodi and Espahbodi (2003) compare the performance of four different binary choice 

models - namely probit, logit, MDA and recursive partitioning. They use a set of 14 

commonly used financial variables and 4 non-financial variables. Accounting for Pow

ell (1997)'s warnings on takeover motivational changes over time, a short period of six 

months (two months) was used to build the estimation (validation) sample. Takeover 

data was collected over the last six months of the year 1997 and each target was then 

matched to up to three non-target firms based on the fiscal year-end and the industry 

sector resulting in an estimation sample of 133 target and 385 non-target firms. Their 

validation period covers the first two months of 1998 resulting in 38 targets and 200 non

target firms. The results show that recursive partitioning achieves a classificatory and 

predictive accuracy of 89% and 66% while the rest of the models achieve a maximum of 

63.2% and 55% respectively. Supporting the work of Cheh and Weinberg (1999), superior 

overall performance is achieved using a pattern recognition based model.

Using the sampling data and applying the multivariate logistic regression previously 

employed in Powell (2001) and Powell (1997) respectively, Powell (2004) studies different 

investment profiles generated by hostile and friendly takeover prediction models. The 

study is based on 8 financial variables and, as in his previous works, the model uses a 

combination of industry and economic relative financial ratios. Prom a predicted sample 

containing 29 targets from a total of 1000 firms, the combined normalized multinomial 

model (binomial logit model) predicts 8 (2) targets correctly from a total of 298 (42) pre

dicted firms. His finding thus shows that, although multinomial takeover prediction 

models are able to identify a larger number of targets, due to the large number of miss- 

classifications, their predictive ability remains less accurate than the one achieved by the 

general binomial logistic model. The buy-and-hold strategy shows that only the invest

ment based on hostile target predictions generates significant long-term abnormal re

turns with a maximum of 17% in 36 months. Although potentially "spurious", as catego

rized by Arnull-Almond (2007) given the insignificant target proportion in the predicted

''The predicted sample based in Pen generates significant (insignificant) losses over a holding period 
of one year in the framework of the MAM (SAM) whereas the predicted sample based in Pm e generates 
insignificant positive returns (insignificant losses) using the MAM (SAM) benchmark.
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sample, Powell's results support the view of Wansley et al. (1983) that firms predicted 

but not acquired are potentially interesting investments as they share a similar financial 

profile with actual targets used for the model's specification.

With a similar methodology, Arnull-Almond (2007) analyzes the differences both be

tween successful and unsuccessful offers and between hostile and friendly takeovers in 

the Australian context. The study uses both nominal and multinomial logistic regression 

as basis for the models. After elimination of multicollinearity, 18 variables were selected 

based on the eight hypothesis considered by Palepu. For the general single adjusted bi

nomial model the estimation (predictive) sample contained 62 (108) targets and 996 (946) 

non-target firms from the year (period) 2004 (2004-2005). In the same line as Bartley and 

Boardman (1990), both estimation and prediction samples use full complete data avail

able. The estimation results show that targets tend to be profitable companies with poor 

abilities to generate revenues. In relation to their predictive accuracy, binomial models 

appear to be more accurate in predicting takeovers compared to multinomial models as 

the concentration ratio was found to be 22.45% and 14.57% respectively. Supporting Pow

ell (2004)'s findings, the out-of-sample forecasts show that binomial models' predicted 

samples contain a higher target concentration thus making them a more adapted tool 

to earn abnormal returns. Finally, considering a two-year horizon buy-and-hold invest

ment to evaluate the model's portfolio performance, the portfolio built as a combination 

of binomial models' predictions earned a significant and positive unadjusted abnormal 

return of 68.67%. Unfortunately, assuming that portfolio performance is correlated with 

the predicted portfolio's target concentration, the author does not provide the specific 

models' portfolio performance and therefore the comparative economic superiority of 

the binomial model was not empirically tested.

In one of the most recently published works, Brar et al. (2009) develop a general takeover 

predictive model using an aggregate sample of all domestic and cross-border european 

takeovers during the period 1992-2003. Additionally, they incorporate market variables^^ 

into takeover predictive models and build a dynamic investment strategy meant to cap-

'"Although the authors failed to notice that Dietrich and Sorensen (1984) had already included a market 
variable in their model (i.e. traded volume), they contribute by adding other types of market variables such 
as price momentum and market sentiment.

52



ture the short-term signals given by the market. In order to validate the model, the initial 

sample is split into two sub-samples (similar to the split validation sample technique 

used by Stevens, 1973). Both the estimation and the validation sample preserve realis

tic proportions of targets and non-targets for each year within the selected period. The 

resulting estimation (validation) sample contains 262 (268) targets and 722 (712) non

target firms. The estimation results show that european targets are smaller, pay relatively 

higher dividends, have lower sales growth and are heavily traded. Robust checks, such as 

adding country specific variables and changing the matching procedure of the estimation 

sample, are provided and show that the results are not dependent on the chosen method

ology. The model achieves an overall classificatory (predictive) performance of 72.56% 

(71.73%) accuracy and correctly classifies 42.42% (45%) of the firms predicted in the port

folio The paper finally offers a timing portfolio strategy which is based on a dynamic 

portfolio including, for each month, the 10% of the firms having the highest probability 

of becoming a target. The best performing portfolio earns 17.5% annual abnormal return 

with a significant information ratio of 1.03. Additional tests show that the latter perfor

mance cannot be explained by common risk factors such as size and market-to-book ratio 

therefore suggesting that the model allows to capture non-trivial characteristics of target 

firms. The results highlight the accurate predictive ability and the underlying profitabil

ity of takeover prediction models. Some methodological drawbacks should be however 

mentioned. First, the paper fails to test the true ex-ante predictive ability of the model 

since (i) it uses a split validation sample technique and generates a validation sample 

from the same period as the estimation sample and (ii) the selection of the variables is 

derived from an univariate analysis that includes the validation sample^^. Finally, the 

portfolio construction spans a sub-period of the estimation and, most importantly, se

lects the firms from a sample including the firms used during the model's estimation. 

It is therefore highly probable that the firms having the highest likelihood of becoming 

targets are the actual targets included in the estimation sample.

Although not rigorously belonging to the takeover prediction literature, the recent work 

of Cremers et al. (2009) is recent application of takeover prediction models using an in-

’’The stability test is therefore biased since the selection of the variables is partially dependent on the 
characteristics of the target firms included in the validation sample
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novative rolling window estimation in order to measure the persistent impact of take

over likelihood on the cross-section of returns. Their study successfully shows that by 

considering institutional and corporate governance variables when measuring takeover 

likelihood, the resulting ex-ante probabilities appear to well-capture the risk related to a 

firm's corporate structure weaknesses that the authors call takeover vulnerability. To calcu

late takeover probabilities, a logistic regression is used based on the variables previously 

employed by Palepu (1986) and additional non-financial variables such as the presence of 

shareholder's block, ownership concentration. Fixed estimations were calculated using 

the estimation periods 1981-2004 and 1991-2004 whereas rolling estimations were cal

culated using a ten-year rolling estimation window during the period 1991-2004. The 

resrdts show that firms with higher takeover vulnerability exhibit higher returns than 

firms with a lower takeover exposure. Although the size of the yearly portfolios is not 

reported, the smallest considered portfolio accounts for the 10% of the US listed firms 

which, on average, corresponds to portfolios exceeding 100 firms. As in Brar et al. (2009), 

the use of decile portfolios generates large and unrealistic portfolios and therefore their 

results, although providing strong evidence on the profitable potential underlying take

over prediction models, do not inform an investor on the risks and expected outcomes 

when employing a more realistic investment strategy.

Finally, several works have been recently undertaken with the objective of investigating 

takeover characteristics in an unexplored context. Two different groups can be distin

guished. The first is defined by works aiming to test takeover predictive models in new 

and usually underdeveloped economies. Some examples are Misra (2009) and Barai 

and Mohanty (2009) in India, Tsagkanos et al. (2006) and Siriopoulos et al. (2006) in 

Greece^^, Dencic-Mihajov and Radovic (2006) in Serbia and Montenegro, and Alcalde and 

Espitia (2003) in Spain. The second group has focused on the takeover features within a 

particular industry sector. Some examples are given by Kim and Arbel (1998) and Gu 

and Yuh (2001) who use industry-specific models to characterize target companies in the 

pharmaceutical industry and the gaming industry respectively. In addition, as most of 

the authors have excluded financial firms, there are a certain number of papers aiming to

’■*These works contribute to the evidence provided by Zanakis and Zopounidis (1997) that takeover pre
diction models do not seem to capture takeover characteristics in the Greek context. However, the latter was 
not referenced in the here mentioned works thus limiting the extent of some of their claimed contributions.
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characterize takeovers in the banking and, more generally, in the financial industry (e.g. 

Thomas, 2001; Pasiouras et al., 2005).

2.6 Summary

In this chapter, 1 have introduced the reader to the takeover prediction literature by:

1. First, introducing the inspirational results obtained within the bankruptcy predic

tion literature.

2. Secondly, describing the different hypotheses that have been constructed over the 

years and underlining the disagreement between the different interpretations.

3. Finally, by providing a chronological comprehensive review of the methodologies, 

assumptions and results reported by the works using multivariate regression in 

order to classify or predict takeover activity.

Among the large number of contributions provided by the bankruptcy prediction liter

ature, I have focused on three major results that seem to be mentioned in several works 

in the takeover prediction literature. First, Altman (1968)'s Z-score model opened a 

vast area of research for all fields whose variable of interest corresponds to a possible di

chotomous outcome. As a second point, the sample construction and therefore the use of 

matched samples vs. full data samples, has been long discussed and different viewpoints 

remain on the question. Finally, industry-relative ratios have been reported to provide a 

more stable data distribution for the considered explanatory variables and similar results 

were obtained in the framework of takeover prediction.

Influenced by these and other advances in bankruptcy prediction, takeover prediction 

models have structured a consistent methodological framework correcting for many spec

ification problems addressed by the earlier literature. Surprisingly absent in other similar 

frameworks, the takeover prediction literature has also been able to build a theoretical 

framework based on several documented hypotheses within the M&A literature gener

ally based on the theory of the firm and the efficiency of the Market for Corporate Control.
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These hypotheses are summarized in Table 2.1. Perhaps due to the variety of reported 

results, as we can observe, the theory generally does not provide a clear-cut interpreta

tion of the sign expected by the hypotheses. The disagreement generally stems from the 

fact that some authors describe the target as an inefficient firm likely to be replaced with 

more efficient management whereas another strand suggests that takeovers are decisions 
made by inefficient management investing in profitable firms in order to increase their 

asset control.

As we can see in the provided literature review, despite the advantages of having devel

oped a consistent theoretical framework, the takeover literature does not seem to provide 
a clear a picture neither on the characteristics of takeovers, nor on the potential predic

tive or economic abilities of takeover prediction models. This general disagreement may 
possibly explain, to some extent, the confusion existing in the statement of the hypothesis 
mentioned in the previous paragraph. The general contention seems to be that takeover 
prediction models are unstable over time and both across economies and between indus

tries. The next section gives a critical review of the results and examines the limitations 
of the methodologies in relation to the model's contended instabilities.
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Table 2.1: Summary of the qualitative relationship^ predicted for each hypothesis by the takeover prediction 
literature

Hypothesis Positive relationship Negative relationship

Market for Corporate Control Hi/- Profitable firms may be a suitable invest- Poorly performing and inefficiently
pothesi^ ment for companies lacking of invest

ment opportunities
managed firms are likely to be taken 
over by a more efficient management 
team able to better satisfy target share
holders' interests

Free-cashflow hypothesis Higher levels of free-cash flow are sus
ceptible to be followed by negative 
present value investments.

Idem

Activity hypothesis Because a gap may exist between the 
production level and the product's de
mand, efficient firms may be an prof
itable capital investment.

Idem

Undervaluation Hypothesis'^ No support Undervalued firms are a good opportu
nity for an overvalued acquirer planning 
an acquisition.

Dividend Payout Hypothesis Low dividend pay-outs are a sign of fu
ture growth and provide higher immu
nity to takeovers

Low dividend pay-out may signal that 
management does not distribute its due 
earnings to shareholders

Size Asset growth is often the main objective 
of a firm's management

Lower firms provide fewer transaction 
costs and a simpler integration process

Growth-resource mismatch hypoth
esis

Firms with low (high) leverage, high 
(low) liquidity and low (high) growth 
are more likely to be taken over

No support

Growth No support Lower growth may signal a firm's ineffi
cient resource management

Liquidity Firms with higher liquidity reduce the 
transaction costs of the acquisition

Higher liquidity may also be seen as a 
sign of inefficient allocation of resources

Leverage High levels of leverage reduces the abil
ity of a firm to "fight" against a takeover 
attempt

Low leverage may indicate unused debt 
capacities

Inefficient Financial Structure Hy
pothesis'^

No support An inefficient financial structure in
creases the likelihood of a takeover 
attempt

Industry Disturbance Firms belonging to industries with 
higher records of merger activity are 
more likely to be taken over

No support

“ Tlie relationship refers to the expected sign expected by the theory in relation to the frequently used proxies.
*’ As represented by profitability and market-based measures.

As represented by valuation measures such as the market-to-book ratio and the price-to-eamings ratio.
The sign refers to the measure of structure inefficiency and does not consider any particular variable. Depending on the 

variable used to proxy this hypothesis a negative or a positive sign wiD be an indicator of inefficient financial structure.
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Chapter 3

A critical review on the extant takeover prediction literature

3.1 Introduction and overview

The previous chapter has provided both the evidence on recent research investigating 

the methodological contributions of bankruptcy prediction models and the state of the 
art on both the takeover prediction literature and the hypotheses that are contended to 
drive takeov'er activity. Within the reviewed literature, although frequently suggesting 

its need, no study has yet attempted to investigate the observed dynamical uncertainties 
present in the reported results. As I shall argue below, these potential uncertainties are 
numerous within the M&A context and are likely to explain, to some extent, the general 
disagreement and controversies of the takeover prediction literature. In addition, given 

the potential changes in the drivers behind a takeover attempt, the inirerent instabilities 
are likely to be more pronounced in the takeover prediction context than in bankruptcy 

prediction. Based on these results, the objectives of this chapter are to:

1. Provide clear evidence of the underlying instabilities of both bankruptcy and 
takeover prediction models in characterizing the related event, achieving sig

nificant predictive power and generating substantial abnormal market perfor

mance. These results are to establish a ground of comparison for a later discus

sion on the dynamic instabilities underlying takeover prediction models.

2. Describe the main sources of variability underlying such instabilities and the 

need to control and tes 

in the reported results.

need to control and test for the influence of methodologies and context choices

3. Highlight the need of dynamic analysis of the features underlying takeover pre

diction models and underline the meaningless results provided by point fore

cast estimations.
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4. Discuss the impact of such dynamic forecasting instabilities on the model's eco

nomic performance and present the literature's contentions of the sources of 

gain underlying takeover predictive models.

The remainder of the chapter is organized as follows. Section 3.2 presents the main re

sults on the dynamic stability of bankruptcy prediction models. Section 3.3 provides both 

a synthesis of the general disagreement about the main features characterizing takeover 

forecasting models and an analysis of the different potential causes of such heterogeneity. 

Based on the latter evidence, section 3.4 questions the reliability of single forecast estima

tions and highlights the need of a methodology measuring the forecasting uncertainty 

underlying the reported results. Section 3.5 examines the implications of the latter uncer

tainty on the investing proficiencies reported in previous studies and discusses a recent 

debate about different sources of profitability underlying takeover prediction models. 

Section 3.5 summarizes the chapter and concludes.

3.2 Stability of bankruptcy prediction models

Several works have warned researchers about the potential instabilities underlying bank

ruptcy prediction models. Among these we find the changes on the definition of "failing 

firm", the non-normality of data distribution, the non-stationarity of the estimates, and 

the influence of the sampling method (Balcaen and Ooghe, 2006, p.71).

In contrast to theoretical expectations, the empirical evidence seems to agree on some 

general characteristics of bankrupt firms and, most importantly, these characteristics 

seem to be stable both over time and across economies. The work of Zmijewski (1984) of

fers an example of a multiple estimation of the bankruptcy prediction model in seven dif

ferent consecutive years. The results show the remarkable consistency and efficiency of 

the estimates across the seven years. For all variables except liquidity, the sign of the co

efficient is constant and the significance is maintained at the 5% level for every year in the 

period. Furthermore, the low dispersion around the mean of the estimated values sug

gests the underlying efficiency of the estimator's. In addition, the problematic role of the 

liquidity variable was reported in several other empirical works (see for instance Altman,
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1968; Ohlson, 1980; Bilderbeek, 1979). In particular, Bilderbeek (1979) presented a model 

with moderate predictive accuracies which was significantly stable over the considered 

five-year period. He explains that the stability was obtained by eliminating the liquidity 

variable from the model's specification. Some other studies have attempted to improve 

the predictive accuracy by accounting for the inherent dynamic of the bankruptcy event. 

As an example, Shumway (2001) shows that the use of a hazard model eliminates some 

of the misspecifications present in single-period models and lead to an improvement of 

the model's predictive accuracy. His results show, however, that the hazard model does 

not predict better that the single period logistic model. These results suggest the presence 

of a weak dynamic effect on the estimates produced by general multivariate bankruptcy 

prediction models. To the best of my knowledge, three works have explicitly studied the 

non-stationary characteristics of distress prediction models. The work of Mensah (1984) 

provides a comprehensive analysis of the influence of economic conditions on the pre

dictability of distress prediction models. The author finds that although the coefficients 

vary over time, the signs are consistent over the different examined periods. In the same 

line, a recent study by Sung et al. (1999) shows the predictive difference of distress pre

diction models in two extreme market conditions (i.e. normal and crisis environments). 

Their results suggest that market conditions can have a significant influence in both the 

estimated parameters and the predictive ability of the model. Thirdly, focusing the study 

on a period of economic decline, Pompe and Bilderbeek (2005) use a belgian dataset to 

study the influence of the year where financial ratios are measured and studies the in

fluence of worsening market conditions on the model's predictive ability. The results are 

consistent with Mensah (1984) showing that recessionary periods tend to be identified 

with a lower predictive ability. As I shall argue in a subsequent paragraph, given the 

persistently reported inconsistencies, this thesis underlines the need to extend the study 

of stationarity to the takeover prediction literature.

Another source of time stability was found to be the number of years separating the esti

mation year and the year of bankruptcy. Studies such as Altman (1968) and Ohlson (1980) 

show that, although bankruptcy prediction models have a good performance when es

timated a year prior to bankruptcy, their predictive ability falls sharply when increasing 

the lag between the estimation year and the bankruptcy event. This result is generally
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consistent in the bankruptcy prediction literature, except for the work of Pompe and 

Bilderbeek (2005) who find that the year prior to acquisition provides a lower perfor

mance compared to one achieved using more distant observation years.

An important, but often neglected, question related to the anticipatory capacity of the 

bankruptcy event remains whether these type of models are able to capture distress more 
efficiently than the stock market. In an eai'ly study, Altman (1969) contributes with a 

potential investment available to market makers willing to take the risk of investing in 

firms having filed for bankruptcy. Using a test based on a Stockholder Profitability Index 
to measure abnormal returns, he finds that, even when overestimating the expected re
turn of risky investors, the potential profit is positive but insignificant. A second study 

by Morse and Shaw (1988) attempts to measure the impact of the 1980s Bankruptcy Act 
on the potential returns to be earned in distressed firms. Supporting Altman's result, no 
significant abnormal returns were found. The evidence suggests that investing in failing 
firms is a risky investment, and deeper knowledge and research needs to be undertaken 
before including such firms in a portfolio.

Overall, bankruptcy prediction models show a general consistency among the reported 
empirical results and also a common specification framework that facilitates the compa
rability of the models. In addition, from an economical perspective, bankrupt firms do 

not seem to be an attractive basis for investment. These two results indicate that, perhaps 

due to their distinctive financial profile, the market probably recognizes well in advance 
a firm's trend towards bankruptcy. With this result in mind, the focus is now turned to 
the evidence of stability in the takeover prediction literature.

3.3 Dynamic characteristics of takeover firms

I here provide a comprehensive analysis of the evidence related to the characterization 

of takeover targets. In the first part, we show that some of the commonly employed 

variables show some degree of consistency over time. The second part examines the 

theoretical explanations of the lack of consistency among the results and some of the 

warnings related to historical comparisons. Finally, we provide some detail on the works
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attempting to control for some of the specification-related variations.

3.3.1 Meta-analysis on the empirical evidence

Table 3.1 recapitulates the list of the most frequently employed variables and the respec

tive support they received in the literature.

As it can be observed. Size has been a frequently used variable which additionally had 

a consistent support among researchers therefore indicating that targets are generally 

smaller firms compared to the overall population. As stated by Levine and Aaronovitch 

(1981), size tells us all we need to know. The result is consistent from the end of the 1950s 

until the end of the 1990s. However, recent works by Arnull-Almond (2007) and Ouzou- 

nis et al. (2008), accounting for the most recent periods, report a positive and significant 

sign for the size variable. 1 believe two possible factors may have lead to this result. Inter

estingly, these two works were the only studies having considered an estimation period 

post 90s which may indicate that, in recent periods, target firms are larger in size than the 

average population. Secondly, contrary to previous works, Arnull-Almond (2007) does 

not constrain the firms to have a large period of available accounting data which may 

have reduced the survivorship bias of previous samples. This argument, however, does 

not apply to the work of Ouzounis et al. (2008) who considered a five-year estimation 

period. Secondly, in addition to being specific to the period, the result could be a partic

ular feature of the Australian and the UK economies which may not be consistent with 

the results reported in the US economy. Another variable showing consistent support is 

Free cashflozv per share which suggests that target firms are more likely to be characterized 

by higher amounts of free cash flow available when compared to non-target firms thus 

providing a relatively consistent support for the Free-Cash flow theory of mergers.

In addition, three other variables seem to show a moderate sign persistency in at least 

two thirds of the considered cases. The first variable is Sales growth which was found to 

be negatively related to a firm's acquisition likelihood in six out of a total of eight cases. 

Furthermore, the latter was found to be significantly negative in three studies while no 

study found it to be positive and significant. Then, Profitability was found to be positively 

related to takeover acquisition likelihood in twelve of the sixteen cases where the vari-
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able was considered. In addition, the latter was found to positive and significant in three 

studies and only one found a significantly negative relationship. Finally, Asset turnover 

was found to reduce a firm's takeover probability in seven out of ten cases. The variable 

was found to be significantly negative in four cases and only one study reported a pos

itive and significant sign. These results partially support the contention that targets are 

profitable firms having lower sales growth and presenting more difficulties to generate 
sales from their assets than the average population.

The rest of the considered variables do not appear to show any trivial pattern of either 

significance or sign stability. Although some characteristics are suggested by the pre

sented analysis, the results do not give a clear picture of what the general features of 
takeovers are. As we will now see, the literature provides several arguments suggesting 
the potentially misleading results of such a meta-analysis.

3.3.2 Theoretical explanations of time instability

Different reasons have been put forward to explain the variability of the results in the 
takeover prediction literature. As summarized by Cheh and Weinberg (1999),

Possible explanations for these inconsistent results include the constantly evolv

ing motives and environment for acquisitions, different model specifications 
by different researchers and different time periods studies by different re

searchers.

Within the list of reasons mentioned by Cheh and Weinberg, we can identify two different 

groups of explanations. The first one, the common-factor type, groups all the reasons 

that are inherent to the M&A mechanism whereas the second one, the specification type, 

relates to different types of methodologies and user-related choices that affect the ability 

to capture those mechanisms.

The first type of arguments focus on the idea that the lack of consistency in the results 

is related to the complexity of the M&A process. The literature seems to show three dis

tinctive dimensions to which merger motives seem to be sensitive to. The first one, and
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most frequently mentioned, is time. Consistent with Gort (1969)'s economic disturbance 

theory of mergers, merger trends seem to be triggered by macroeconomic shocks and 

are therefore likely to differ from one period to the other. The work of Andrade et al. 

(2001) provides further support with a recent review of the empirical work on different 

merger theories which lead them to conclude that these motives seem to explain only 
particular periods of merger activity. Secondly, there is evidence that merger motives 

vary across industries. Barnes (1999) provides a detailed discussion of the empirical and 

theoretical evidence on the subject. The third dimension of variability is related to the 

belief that merger drivers are country-specific. Possibly due to differences in regulations, 
corporation different countries have different incentives for acquisitions. Another char

acteristic of the M&A process worth mentioning is that it involves two companies: the 
target and the acquirer. Harris et al. (1982) and Powell (1997) pointed out that the main 
factors behind the lack of the model's explanatory power is probably related to the ac
quirer's particular preferences. In other words, the inputs considered in a valuation and 
the valuation method itself are likely to change from one corporation to another one. As 
represented by Harris et al. (1982), the subjective complexity of an acquisition is based 
on the fact that "beauty lies in the eye of the beholder". Other binary outcomes such 
as bankruptcy, bond rating or audit decisions, are less sensitive to this type of interde

pendence since they are the outcome of regulated decisions such as corporate laws or 
accounting standards. In their conclusions, both Harris et al. (1982) and Powell (1997) 

suggested that a model wiling to accurately predict target firms should incorporate the 

interactions between the target and the acquirer's corporate information. Although such 

models are an interesting path for future research, they lay outside the scope of this work 

in relation to the structure of takeover predictive models.

The second class of explanations is more related to the effect of the model's specification 

among different researchers. These type of variations are more likely to influence the in

ferences on the selected explanatory variables. The first potential bias stems from the dif

ferent definitions of the obser\^able variable (i.e. the takeover event). Used in e.g. Powell 

(1997), the most constrained definition considers only completed acquisitions of at least 

507o of the firm's ownership whereas the broadest definition of the term was considered 

by Bartley and Boardman (1990) who accounted for all attempts of acquisition of more
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than 5% of ownership advocating that the purchase of small ownership portions is often 

a signal of a future acquisition plan. Other studies have considered a moderate defini

tion that considers both successful and unsuccessful acquisition bids for at least 50%of 
the target's ownership. A second potential source of variation is the lack of a defined core 

of explanatory variables as the number, the type and the definition of variables generally 
change from one study to another. As a result, underspecification biases and estimates' 

dispersions are likely to vary significantly from one study to the other therefore making 

their comparison problematic. Furthermore, the use of inconsistent methods in the vari
able's treatments such as industry normalization, multicollinearity elimination, and the 

choice of period to collect the financial information are likely to amplify the differences 
between different types of estimation methods. Finally, accounting for the previously 
mentioned evidence that merger motives change over time, the length of the chosen es
timation periods is also likely to influence the reported results. At the very early stage 
of takeover prediction, Singh (1971) made a distinction within his estimation sample be
tween a financial trend, following the market boom in the 1950s, and a commercial trend 

which followed the abolition of differential tax profits in 1958. Other studies, such as Es- 
pahbodi and Espahbodi (2003) have used an estimation period as short as six months to 
avoid time-varying effects on merger motives. However, many studies have pooled the 
data across several years, the maximum being a twelve-year period used by Rege (1984) 

and Brar et al. (2009) . It should be mentioned that the studies also differ by the model's 
choice to specify the relationship between the explanatory variables and the explained 

variable. However such changes, although certainly having an influence in the magni

tude of the estimated parameters, are not likely affect the qualitative consistency of the 

reported results (see Wooldridge, 2002, Chapter 15).

Although the first type of arguments are common to all studies, the second type suggests 

that a historical comparison of the result would not be a reliable approach to identify 

takeover characteristics as it bears the error generated by the methodological inconsis

tencies among researchers.
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3.3.3 Empirical evidence on the instabilities underlying takeover prediction 

models

An early work aiming to capture takeover characteristics led Firth (1976, p. 174) to con

clude that:

The other main point [...] is that the financial characteristics and the make-ups 

of the bidee do change across smallish periods of time. [...] It also implies that 

the research results can only be used for decision purposes up to a couple 

of years ahead; thus the emphatic claims made by some earlier researchers 

should be treated cautiously beyond few years after the time period used in 

the study.

As most studies have not considered the effect of time in their estimations, in this para

graph, I present some of the empirical works having attempted to measure the time sta

bility of takeover prediction models. During my research, I was only able to find two 

studies in the literature having attempted to control user-related biases, by estimating 

the same takeover prediction model in two different periods of time.

Harris et al. (1982) estimated the model in two consecutive periods of two years (i.e. 1976- 

1977 and 1978-1979). By looking at the signs of the regressors in these two periods, he 

concludes that the estimated coefficients are time-dependent. The only variables having 

both sign and significance persistency were size and price-to-earnings ratio suggesting 

their attractive potential as predictors of merger motives. Although the model offers 

significant explanatory power at 1% level of significance, the author highlights the poor 

discriminatory ability between groups and suggest that financial variables do not explain 

the largest proportion of mergers.

A similar work by Powell (1997) estimates the same model in two different periods of 

four years (i.e. 1984-1987 and 1988-1991). He also analyzes the influence of using in

dustry relative variables. The main difference between Harris et al. (1982)'s and Powell 

(1997)'s work is that the former examines the sign consistency of the estimators whereas 

the latter focuses only on the changes in the regressor's significance. Given that signifi

cance was generally not persistent across the two periods, Powell concludes that takeover
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models (i) generate inconsistent estimates over time and (ii) are likely to generate poor 

performances both in their prediction and, a fortiori, in the derived investment strategy. 

By not looking at the sign stability of the estimates, Powell fails to recognize that the 
two industry-adjusted binomial models, with the exception of two variables, are telling 

similar stories. Moreover, the relative sign stability suggests that the model's predictive 
ability would have probably exceeded Powell's expectations.

By offering a comparison between two periods, these studies provide some evidence that 

while the effect of some factors seem to change over time, others seem to have a more 
coherent qualitative behavior therefore indicating a greater consistency in discriminating 
takeovers. However, with only two periods it is difficult to make any conclusions on 

the stability of any of the selected parameters. We need more estimations to draw more 
reliable conclusions. For example, the multiple estimation shown in Zmijewski (1984) 
was built by calculating a different estimation for each year over an eight-year period. 
His results clearly show not only the consistency of profitability and leverage but also 
the erratic behavior of the liquidity variable. Such an analysis is absent in the takeover 
prediction literature.

Other studies such as Brar et al. (2009) and Cremers et al. (2009) have accounted for time 

variability, by respectively updating the market variables and using rolling window esti
mations when estimating takeover likelihood. However, none of the studies provide any 

information on the dynamic patterns of either the estimated coefficients or the model's 
predictive power.

3.4 Implications for single forecast results

As shown in the previous paragraph, both theoretical and empirical evidence suggest 

that takeover predictive models are unstable both over time and across economies. As a 
general result for unstable models, such a contention has an important implication: one 

point is not representative of the model's performance. As reported in Table 3.2, the pre

diction rate seems to be highly unpredictable. Whereas most of the models have found 

some combination of characteristics defining takeovers, only a few of them reported a
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significant predictive ability. Furthermore, when predictive ability is reported, for most 

of the early works, they failed to assess the ex-ante predictive ability of the model.

Although the works of Harris et al. (1982) and Powell (1997) have shown that the esti

mated coefficients change both in its significance and its qualitative sign, no documented 
information was found on the impact of these changes on the predictive accuracy of the 

model. The inherent heterogeneity of a takeover sample, both cross-sectionally and dy
namically, is consistent with the fact that the features captured by the estimates change 

over time. However, this does not (necessarily) imply that the model will exhibit a poor 

predictive performance. This could be explained by assuming, for example, that using 
the information from previous years may generate the values of a local maximum instead 

of the ones associated with the global maximum generated by the maximum likelihood 
method. In this case, the prediction will still be moderately high without being maxi
mized. In other words, the estimates generated with the information from prior years 

may capture the information from a certain group of firms that are the majority in the 
estimation sample but not in the prediction sample. A closer look to the works of Harris 
et al. (1982) and Powell (1997) shows that the result are not as pessimistic as they were 
pictured in their works. From an explanatory viewpoint, there is certainly little to add to 
their analyze. However, when looking at the estimates of both works, we can see that, 

except for a few variables the signs are maintained in both periods. Although a param

eter's significance is important from an explanatory perspective, it is less relevant when 
predictive accuracy is the main concern. Unfortunately, none of the authors attempted to 

measure the predictive ability of the model which would have provided information on 

the impact of the estimates' dynamical changes on the predictive ability of the models.

3.5 Investment risk of prediction-based portfolios

This section will focus on the absence of an investment risk measure within the takeover 

prediction literature. The first part explains the different ideas that support the concept 

of an investment based on the predictions of takeover prediction models. The second 

part examines the empirical evidence and the relative support for each one of the previ

ous explanations. The last part, aims to highlight the need to investigate the underlying
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volatility of a long-term investment based on target prediction models.

3.5.1 The sources of profitability of takeover prediction models: a recent 

conceptual debate

Two views can be distinguished in the literature in relation to the profitable potential 

of takeover prediction models. Although they both conclude that takeover prediction 

models are potentially profitable, they disagree on the theoretical sources of the latter.

The first one, suggested by Wansley et al. (1983), states that average predicted companies 
are likely to perform better than the average as they share a similar attractive financial 
profile that lead to the bid of the actual takeover targets. The theory therefore assumes 
that profitability is not affected by the prediction accuracy of the model give that the 
predicted companies will perform well in the market whether they are free raiders or 
real targets. This explanations is supported by the results given that none of the two 
portfolios considered in the calculation of abnormal returns contained any real target. In 

addition, Powell (2004)'s work also provides indirect support since his sample of hostile 
takeovers was able to earn substantial abnormal returns with a low predictive accuracy.

The second theory states that the profitability of a portfolio based on takeover prediction 

is directly related to the predictive accuracy of the model as it is directly related to the bid 
premium offered by the acquirer or the price run-up generally experienced the day of the 
announcement. Arnull-Almond (2007) explicitly qualified as "spurious" Powell (2004)'s 

results given that abnormal returns are probably generated by random non-target firms.

3.5.2 Empirical evidence of takeover prediction models' profitability

It has been well-documented that target shareholders earn substantial abnormal returns 

on the day of the announcement of a takeover bid. Several authors provide detailed 

reviews of the evidence documenting the pre and post event characteristics of the price 

movements in relation to an M&A deal and the reader may refer to Jensen and Ruback 

(1983) for a review. In this paragraph, the focus of the analysis is turned to the evidence 
related to the potential profitability of takeover predictive models.
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The last column of Table 3.2 shows that there seems to be no agreement on the question 

since seven out of thirteen reported results show that significant abnormal returns can 

be earned. However, several indices suggest that most recent studies seem to show that 

takeover models can be used to generate a profitable investment.

Do these results provide any evidence supporting one of the previously mentioned ex
planations? The short answer is no. From one side, the studies of Wansley et al. (1983) 

and Powell (2004) both support the first explanation since they both find that abnormal 
returns can be earned but their predicted sample contained a very low concentration of 

targets. From another perspective, Brar et al. (2009) supports the second explanation by 

applying several robustness checks to show that outperformance is related to the target 
firms included in the predicted sample and is not due to trivial market factors. They 
do however provide some support to the first theory by stating that the generated ab
normal returns may also be related to "firms that benefit from merger speculation or 
rumours that may not necessarily end up in a takeover bid". By rejecting the first expla
nation, Powell (2001)'s results also provide support to the second theory by showing that 
the low target concentration in his portfolio causes significant losses compared to both a 
market and a size-adjusted benchmark. Similarly, Palepu (1986) suggests that no abnor

mal returns can be achieved due to the poor predictive accuracy of his model. However, 
his portfolio contained 625 firms of which 14 were actual targets, and such a large portfo

lio is thus likely to dilute, even with a higher predictive accuracy (i.e. a larger number of 
correctly predicted targets), any profit earned by either actual targets or firms with a tar

get financial profile. The results reported by Arnull-Almond (2007) are also ambiguous 

since he shows that the profitability is related to the predicted target's performance only 

after adjusting the sample by eliminating a non-target firm due to its abnormally high 

returns. His results therefore support both explanations. Overall, it appears that none of 

the two theoretical explanations seems to be favored by the empirical evidence.

Again, it seems surprising that no article has attempted to measure the stability of a 

portfolio based on a sequence of predictions on different periods. From a risk manage

ment perspective, the literature does not provide a clear idea on the risk that an investor 
should expect when using takeover prediction models. The study of Brar et al. (2009) 

generates an investment with a timing feature where each predicted portfolio is updated
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every month by re-estimating the population's takeover likelihood and taking the first 

decile with the highest probability. They provide some information on the average an

nual volatility of the investment over a nine-year period but they do not provide any 

information on the characteristics of the portfolio in the intermediate steps. Although the 
study provides a first estimation of investment risk, we do not have any information on 

the dynamic stability of the portfolio (i.e. the distribution of yearly performances). Fur
thermore, a main drawback is that they do not consider ex-ante predicted samples and 

therefore their method is not replicable from a practitioner's perspective.

3.6 Summary

After several decades of takeover prediction, there is no clear picture neither on the gen
eral characteristics of takeovers nor of their ability to discriminate between targets and 
non-targets. Moreover, as the qualitative changes have been studied by comparing only 
two periods, the literature provides little knowledge on the parameters' instability over 
time. In addition, although the latter instability is clearly suggested both by the empir
ical works of Flarris et al. (1982) and Powell (1997) and the theoretical analysis present 
in Barnes (1999), to the best of our knowledge, there has been no attempt to estimate its 
impact neither on the predictive ability nor on the profitability of the models.

In the next chapter, I shall describe the methodology employed in this thesis in order 
to study the influence of both time and economy choice on takeover prediction model's 

performances.
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Table 3.1: Review of documented takeover characteristics and reported significanctf during the 
past four decades

Authors Code*’ Period I-norm^ ppd FC MB* PE8 DP*’ gr‘ Lli le'^ AC' SZ"’

Panel A: Estimation periods covering the 1960s
Singh (1971) UK 1959-60 No -
Stevens (1973) US 1966 No + (-) (+) + + +
Simkowitz and Monrw (1971) US 1968 No (-) (-) (-)
Regc(1984) CA 1968 No (+) (+) (-) (+) (+)
Kuehn (1975) UK 1957-69 No - (-) (+) -
Rcgc (1984) CA 1962-73 No (-) (+) (-) (+) (-)

Panel B: Estimation periods covering the 1970s
Dietrich and Sorensen (1984) US 1969-73 Yes {+) (+) - (+) (-) -
Palcpu (1986) US 1969-76 No (+) (+) (+) - (-)
Levine and Aaronovitch (1981) US 1972 No
Harris ctal. (1982) US 1974-75 No (-) - {+) + (+) (-) (-)
Wanslcy ct al. (1983) US 1975-76 No (-) (+) (-) (-)
Harris et al. (1982) US 1976-77 No (+) (-) (-) (-) (-) (-)

Panel C: Estimation periods covering the 1980s
Walter (1994) US 1981-84 Ves (+) (+) (-) (+) (+)
Meador et al. (1996) US 1981-85 Yes (-) (-) (+) (-) (i) (-) (<■) - (+)
Powell (1997) US 1984-87 Yes (+) (+) (-) (-) (-) (■) -
Barnes(1990) UK 1986-87 Yes (+) (+)
Powell (1997) US 1988-91 Yes (+) (+) (+) (•) (■) (+) -
Cudd and Duggal (2000) US 1987-91 Yes - (-) (+) (-) (-) -

Panel D; Estimation periods covering the 1990s
Barnes(1999) UK 1993 Yes + + (+) (+) (-) . (+) (+) (-)
Powell (2004) US 1986-95 Yes {+) - + -
Espahbcxli and Espahbodi (2(X)3) US 1997 Yes + (-)
Brar et al. (2(X)9) EU 1992-03 Yes + - (-) -
Cremcrsetal. (2009) US 1991-04 No - (+) - + -

Panel E: Estimation periods covering the 2000s
Arnull-Almond (2(X)7) AU 2004 Yes + -1- - +
Ouzounis et al. (2008) UK 2001-05 Yes (-) (+) (-) (-) +

^ the sign is shown in parenthesis when it was reported as exhibiting insignificant discriminator ’̂ power.
^ reports the context where the study was undertaken and the abbreviations AU, CA, EU, UK, and US represent Australia, Canada, Europe, the 
United Kingdom and the United States of America respectively
^ shows whether or not the authors used industr\’-rclative ratios to normali7c corporate financial data.

sliows tlie estimated coefficient sign for the aggregated profitability measures,
^ sliows tlie estimated coefficient sign for the aggregated free-cash flow ratios.
^ shows the estimated coefficient sign for tlie aggregated undervaluation measures (generally reported as niarket-to-book ratio).
^ shows the estimated coefficient sign for the price-to-eamings ratio.
^ shows tlie estimated coefficient sign for the aggregated dividend payout measures.
' shows tlie estimated coefficient sign for tlie aggregated sales and revenue growth variables.
' shows tlie estimated coefficient sign for the aggregated liquidity ratios.
^ shows the estimated coefficient sign for the aggregated leverage ratios.
* shows tlie estimated coefficient sign for the aggregated activity’ ratios (generally reported as asset turnover).

sliows tlic estimated coefficient sign for the aggregated size measures (generally reported as the natural logarithm of Total Assets).
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Table 3.2: Review of the reported takeovers prediction model's predictive and investment 
performances during the past four decades

Authors Country Period MODEL" VAR^ CUTME'T PRDAC'' AENRET

Pallet A: Estimation periods covering the 1960s
Stevens (1973) USA 1966 MDA 5 67.5% oa
Bclkaoui (1978) Canada 1960-68 MDA 16 me' 84% oa

Panei B: Estimation periods covering the 1970s
Dietrich and Sorensen (1984) USA 1969-73 Logit 10 205.6% btes
Palepu (1986) USA 1969-76 Logit 10 ME 30.1% btes -1.62% (-0.77)
Wansley ct al. (1983) USA 1975-76 LDA 5 Quartile 0 ntp 28%(NA)

Panei C: Estimation periods covering the 1980s
Walter (1994) USA 1981-84 Logit 11 ME 102.5% btes -10.09%(NA)
Powell (2001) USA 1984-87 Logit MR/ME -ll%(-2.79)/-5%(-2.92)
Cheh and Weinberg (1999) USA 1985-87 ANN 25 539% btes 23.25% (3.31)
Cudd and Duggal (2000) USA 1987-91 Logit 9 ME 76.1% oa

Panei D: Estimation periods covering the 1990s
Barnes (1999) UK 1993 Logit 17 MR 0 ntp
Powell (2004) USA 1986-95 M-Logit 9 MR -8.0 btes 7%(1.85)
Powell (2004) USA 1986-95 Logit 9 MR 64.1% btes -13% (-1.63)
Espahbodi and Espahbodi (2003) USA 1997 Logit 17 ME 52.1% oa
Espahbodi and Espahbodi (2003) USA 1997 RP 17 ME 65.97% oa
Brar ct al. (2009) Europe 1992-03 Logit 8 Decile 71.73% oa 17.5%
Cromers ct al. (2009) US 1991-04 Logit 10 Quin hie 7.95%(2.74)
Cremers ctal. (2009) US 1991-04 Logit 10 Decile 13.54%(3.34)

Panei E: Estimation periods covering the 2000s
Amull-Almond (2007) AU 2004 M-Logit 18 MR/ME 94.26% btes 68.67%(9.17)
Ouzounis ct al. (2008) UK 2001-05 MDA 6 MR 66.20% oa 1.44%( 13.70)
Ouzounis et al. (2008) UK 2001-05 ANN 6 64.64%oa 1.17%{9.97)

® indicates the model's functional specification underlying the estimation. Tlic acronyms ANN, Logit, M-Logit, RP represent Artificial Neural 
Networks, Logistic regression. Multinomial Logistic Regression, and Recursive Partitioning respectively.
^ shows the number of variables included in tine model's final specification.
^ indicates the cut-off choice method employed to determine the predicted samples.

reports the ex-ante predictive accuracy of the model. The abbreviations btes, ntp and oa represent Better Than Chance Selection, Number 
of Targets Predicted and Overall Accuracy respectively.
^ reports tine abnonnal profitabilit)’ generated by tine predicted portfolios. When provided, the test-statistic testing for the null-hypothesis 
that abnormal returns arc not different from 0 is shown in parenthesis and the value NA is otherwise given.
^ In this particular case, ME docs not refer to the Minimization of Errors method used by Palepu (1986) but to the one used in Altman (1968).
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Chapter 4

Methodological framework and evaluation methods

4.1 Introduction and overview

This chapter describes the general methodology that was employed to estimate the mod

els and provides explicit detail on the different numerical calculations used to analyze the 
models' performances. As shown in the previous chapter, takeover prediction models 
are seemingly unstable over time and the uncertainty underlying the models' predictive 

ability casts doubt on the stationarity of the results reported by the previous academic re
search. As an additional source of variability, 1 also highlighted the problematic presence, 
within the literature, of a large variety of user-choices in relation to fundamental aspects 
such as the definition of takeover, the model's specification or the length of the time pe
riod used for the model's estimation. By controlling for several methodological choices 
and using a multiple forecasting method, this thesis provides a first attempt to develop a 

methodology allowing to investigate the time-varying characteristics and the long-term 

performances underlying takeover prediction models. In order to test the model's sta

bility over time, this study uses a rolling window estimation methodology allowing to 

generate several predictions over a selected time-period. Controlling for the potential dis
advantage of using a pre-specified functional form, 1 have selected both parametric and 

semi-parametric specifications as represented by the Logistic Regression and the Feedfor

ward Backpropagating Artificial Neural Network (FBANN) respectively. Finally, given 

the profitable potential of takeover prediction models, two portfolio benchmarks were 

chosen in order to provide a complete characterization of the prediction's long-term ab

normal profitability.

The chapter is structured as follows. Section 4.2 presents the general specification of 

binary choice models and subsequently describes the two models that were finally se

lected. The section also offers a comparative analysis of the advantages and limitations
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of both parametric and semi-parametric methods. Section 4.3 defines the multiple fore

cast methodology and provides details of its implementation. Section 4.4 provides details 

on the different evaluation methods used during the analysis. Section 4.5 presents the cal

culation of abnormal returns and describes the two selected benchmarks chosen for this 
study. Finally, section 4.6 provides a summary and a conclusion of the chapter.

4.2 Model specification

4.2.1 Binary choice models

The more general category of limited dependent variable model is broadly defined by a 

model whose dependent variable ranges across a restricted number of values. Included 
in the this category, binary choice models represent the particular case where the de
pendent variable can take only two values (Wooldridge, 2002). The latter have been 
extensively documented given the fact that many events in natural sciences, medicine, 

economics and finance can be modeled as a binary outcome. Within the financial liter
ature, examples of these events are default versus on going concern firms, high grade 
rating versus high yield bonds, or, as in the present study, target versus non-tai-get firms. 
The general specification of such models can be described as follows:

y, = 4>(X^...,X]v)+e, (4.1)

where T) is the binary dependent variable stating the class assigned to observation z, <1> 

defines the general specification of the regression, Ci represents the idiosyncratic firm 

residual, and, for all k in [1,N], X}. is the cross-sectional selected independent variable for 
item i.

4.2.2 A comparison between parametric and semi-parametric methods

The difference between parametric and semi-parametric methods is the role played by 

the function 4> considered in equation 4.1 shown above. In a parametric framework, the 

structural relationship between the independent variables and the dependent variable
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is fully predetermined before the estimation and therefore the final function 4> does not 

depend on the data used during the model's optimization. In a non-parametric (or seini- 

parametric) regression, the model's functional form is optimized to provide an optimum 

fit and is therefore strongly dependent on the data underlying the model's estimation.

When choosing parametric models to specify 4>, several factors should be accounted. 
First, being a binary variable, the model should be adapted for the truncated distri

bution of the dependent variable. As described by Wooldridge (2002), estimation proce

dures such as Ordinary Least Squares (OLS) are not adapted for these situations as their 

output extends over the entire interval of real numbers. Parametric techniques such as 
probit, logistic and tobit regressions are better suited for this type of problems as their 
output can be interpreted as the probability of being classified in one of the two pre

defined categories. Secondly, as in the case of Multiple Discriminant Analysis (MDA 
hereafter), a number of distributional assumptions need to be verified by the data under
lying the independent variables. Barnes (1982) shows that financial ratios are generally 
non-normally distributed and this can have substantial impact on both the efficiency and 

the consistency of the estimators.

Given the importance allocated to the model's interpretation and the possibility of ex
tracting causal relationships relating the explanatory and explained variables, parametric 

methods have historically appeared more frequently than non-parametric ones. How

ever, non-parametric techniques provide several advantages that should be considered 
when the user's objective is to maximize the model's predictive ability. First, given their 

mapping recognition abilities, these techniques provide both a greater goodness of fit 

during the estimation and, potentially, a higher out-of-sample generalizability. As a sec

ond point, given their ability of capturing flexible non-linear relationships, the distri

butional characteristics of the underlying data do not significant affect the estimation 

results.

In this thesis, I have estimated takeover likelihood using both a Logistic and an Artificial 

Neural Networks as the model's specifications. Although the characteristics of each par

ticular method will be detailed in the following sections, I here provide some evidence of 

the complementary benefits of employing two different methods to estimated expected
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Table 4.1: Comparison between the advantages and disadvantages" of parametric and semi- 
parametric models.

Topic Logistic Regression Artificial Neural Networks

Variable's Distribution D: Weak distributional constraints: (i) 
extreme values may affect the estimation 
(ii) the variable's distribution should be 
symmetric (but not necessarily normal)

A: No distributional constraints

Optimization A: Efficient and reliable estimation (i.e. 
Maximum Likelihood Estimator)

D: User dependent optimization. Time 
consuming and possibly subject to un- 
obserc'able user-specific factors.

Regression function D: Pre-specified A: Function adapted to the processed 
data

Interpretation A: Ceteris-paribus analysis of the param
eters

D: Non-trivial interpretation of the es
timated parameters (i.e. black-box sys
tem)

“ For each of the selected methods, the letters A and D respectively indicate whether the described characteristic is 
generally considered an advantage or a disadvantage.

returns. As a first point, the use of different mapping procedures offers the possibility 
to investigate the influence of the chosen analytical framework on the reported results. 
Secondly, as our study focuses on the analysis of the drivers of a takeover attempt while 

also aiming to maximize the model's predictive potential, it was deemed necessary to 
employ a parametric method to analyze the effect of the selected variables and a semi- 

parametric method to test for possible improvements on the model's predictive power. 
Finally, as seen above, both methods have advantages and disadvantages that are diffi
cult to weight against each other. Several studies in the general literature have compared 

the performances between Logistic and Neural Network models for different types of 
problems, but the evidence is not always clear and both seem to be supported. Table 4.1 

shows a non-comprehensive list of the complimentary advantages and disadvantages of 

both methods. In the following two paragraphs, the focus is turned to the specific details 
of the Logistic Regression and Artificial Neural Networks respectively.

4.2.3 Logistic Regression

Within the financial literature, Ohlson (1980) appears to be the first author to introduce 

the advantages of the logistic regression technique when applied to multivariate dichoto

mous problems. However, given the frequent dichotomous characteristics of clinical
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experiments, the logistic model had been used before in medical research. Truett et al. 

(1967), for example, analyzed the performance of a logistic regression model in predict

ing heart diseases. In addition, well-specified models for binary problems such as probit 

had been previously used by Kuehn (1975) and Singh (1971).

As seen in chapter 2, early works in takeover prediction have generally used MDA for the 

model's specification. This method was used in studies such as Stevens (1973), Bartley 

and Boardman (1990), Barnes (1990), and Zanakis and Zopounidis (1997). In this thesis, I 

have chosen the logistic regression for several reasons. First, the model overcomes some 

of the unrealistic statistical assumptions on the explanatory variable's distributions un

der which operate some other commonly applied specifications such as MDA. Secondly, 

as outlined by Ohlson (1980) the MDA technique provides only an ordinal ranking there

fore offering little room for interpretation and rendering the cut-off choice more diffi

cult. Finally, recent studies have preferred the logistic regression over the MDA analysis. 

Moreover, most studies employing MDA as the main functional specification, with the 

exception of Stevens (1973), do not measure the ex-ante predictive ability of the models 

therefore failing to provide an estimation of the model's true out-of-sample discrimina

tory ability. Although recent studies comparing parametric and non-parametric model 

performance (Cheh and Weinberg, 1999; Ouzounis et al., 2008) have employed MDA as 

a parametric reference, their choice over the logistic regression is neither discussed nor 

justified.

The binomial logistic model is defined as follows (Wooldridge, 2002):

log{ Pi
1 - Pi

) — /^o + /?i x XI + ... + 13N X X\yN

Pi = 1 -f-

(4.2)

(4.3)

where pi is the probability of a company i of being taken over, Bq is the intercept and for k 

in [1,N] Ph is the regressor corresponding to the financial variable Xj.. The ratio u = 

defines the odds of a takeover outcome.

As given by the right hand side of the formula, equation 4.2 appears to be linear, however, 

in this case, the explained variable is a non-linear transformation of the dependent vari-
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able (i.e. the probability of a takeover event). To better see the non-linearities underlying 

a logistic regression. Equation 4.2 can be re-written as follows:

ca = = e^° x e/3ix^i X ... X e' (4.4)

As we can observe, the odds of a takeover event are a non-linear combination of the ex

planatory variables and the equation can only be considered linear as an approximation 

at the first degree of differentiation when the weighted sum of the variables tends to zero.

By differentiating Equation 4.2 towards any explanatory variable X^, we obtain: 

yke[l,N], ^ = BiXPi X (1-p.) (4.5)

As suggested by Arnull-Almond (2007), an additional advantage of the logistic regression 
is that the effect of an extreme value on a firm's takeover likelihood is attenuated by the 
factor Pj X (1 — p,) which has a maximum at 0.5 and is worth 0 at the extremes 0 and 1. 

As a result, the impact of an extreme value will have an impact only if the probability of 
takeover likelihood is near 0.5. This can also be seen by plotting the logistic function, and 

noting that the highest variability, as measured by the absolute value of the slope, occurs 
atp,- = 0.5.

Because of the non-linear characteristics of a logit model, the least-squared estimation 

is not an appropriate method to measure the total residual error of the regression. As 

explained in Wooldridge (2002), the Maximum Likelihood Estimator (MLE) is a general 

approach which is well specified for occasions when residuals are no longer normally dis

tributed. The MLE is defined as a the cumulative probability density function underlying 

the observed dependent variable. Asymptotically unbiased and consistent, the method 

allows to determine a unique set of coefficients maximizing the number of correct classi

fications. Based on such estimation, the literature offers different ways of measuring the 

model's goodness of fit: the log-likelihood ratio (LR) and the R^(McFadden). The latter 

are defined as follows:
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LR = 2 X (Log likelihood of the specified model - Log likelihood of the intercept) (4.6)

{M cF adden) = 1 Log likelihood of the specified model 
Log likelihood of the intercept (4.7)

The higher the LR the better the goodness of fit. The E?{McFadden) offers a similar inter
pretation as the defined in the Ordinary Least Square Regression (OLS). However, it 

should be noted that the values generally reported for a R-^ {McFadden) are significantly 
smaller than the ones reported for OLS as a value of over 4% is considered providing 

significant discriminatory power.

4.2.4 Feedforward backpropagating Artificial Neural Networks 

4.2.4.1 General framework of Artificial Neural Networks

Artificial Neural Networks is a subproduct of the research based on Artificial Intelligence 
(Al) in terms of attempting to replicate the functions of the human brain through the use 
of computer-based algorithms. An Artificial Neural Network (ANN hereafter) is a semi- 

parametric technique using a neural structure in order to capture complex relationships 
within the data. Although ANN has proven to be highly efficient as a regression tool, 

the term "intelligent" is misleading as it suggests that the technique provides other more 

advanced technicalities beyond data pattern recognition. As mentioned by Sarle (1994), 

ANNs techniques are not more "intelligent" than any other statistical method and the 

analogy with the human brain (and, more generally, with the entire nervous system) 

should therefore be considered as structural and not functional. The following para

graphs provide details on general ANN structures and the learning procedure needed to 

generate a map of the injected data.
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NEURON CONSTITUENTS ANN UNIT

Ino = -l

Figure 4.1: Comparison behveen the structure of a biological neuron and the structure of a node in a 
Neural Network model. The symbol ^ defines a weighled sum of the input values and the function 4' 
defines the activation function. Irik are the node's input values and O, the node's output.

4.2.4.1.1 Description of an ANN unit

Neurons are the elementary unit of a nervous system whose principal function is the 

collection, transformation and dissemination of electric signals. Similarly, in ANN, a 

node represents a network junction being able to receive, transform and/or transmit data 

information. Figure 4.1 shows the analogy between a neuron and the node representation 

in ANN^

As shown in the above figure, a direct transfer of information between inputs and the 

node simplifies the complex function of the synapse whose role is to regenerate the action 

potential when transferring the information from one neuron to the other. The activation 

function T* represents the non-linear transformation applied to an input combination in 

order to re-scale the generated output into a consistent and comparable value across the 

considered nodes. Different classes of Neural Nets can be found depending on the type of 

function 4^ being employed. The Multi-Layer Perceptron (MLP) represents the most com

mon class of Neural Networks where 4' is a non-linear function applied to the weighted

hn a modified version, the figure combines the figures found in Russell and Norvig (2003) Chapter 1, 
Section 2 and Chapter 20, Section 5.
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sum of the inputs from previous layers. Another frequently used class is the Radial Basis 

Function (RBF) where 'F is a radial function defined as a weighted sum of the distance 

between the input value Ink arid the vector weight In both cases, if the weighted 

sum of the inputs exceeds a certain threshold (here represented as the bias weight), the 

neuron "fires" the output Oj and does not generate any output otherwise.

4.2.4.1.2 ANN architectures

The previous paragraph presented a simple model of how neurons process input infor

mation. The simplicity of the unit process already suggests that ANN's ability to map 
complex data patterns strongly depends on the architecture through which these nodes 
are interconnected. Intuitively, a larger number of links should be able to generate a 
better map of the data.

There are two classes of neural networks, feed-forward and recurrent, defined by differ
ent levels of complexity in relation to the links between nodes within a given network 

structure. In a feed-forward network, the information received by a node depends only 
on the information generated by the previous layer. As a result, the output is a func
tion of its own inputs. On the contrary, in a recurrent network there are loops feeding 

the information generated by a given node into the inputs of previous layers. As men
tioned in Russell and Norvig (2003), the resulting feedback can produce oscillatory and 

chaotic time-series and is useful to study short-memory effects. In this thesis, I will fo
cus on feed-forward neural networks as the advanced features of recurrent networks are 

not necessary in classificatory problems. Figure 4.2 shows two examples of commonly 

referenced feed-forward networks.

As shown in Bishop (1995), a simple perceptron network can be used to solve linearly 

separable problems. A special case of such networks is the logistic regression (described 

in the last section) which is obtained through a linear combination of the inputs and using 

a sigmoid activation function in the output node. Bishop (1995) also describes several 

documented limitations related to perceptron networks which led researchers to suggest 

a more flexible combination of inputs as the one offered by multi-layer neural networks.
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PERCEPTRON

Inputs Output

SINGLE HIDDEN LAYER NETWORK 

Hidden
Inputs Output

Figure 4.2: The perceptron defines a function where an activation function is applied after transfor
mation of the input data. The single hidden layer network defines a more complex structure where 
the input data is first processed through the hidden nodes and then received and transformed by the 
output node.

The general equation to be estimated for a single-layer perceptron model is given by:

Og T ^ ^ WgpXp
p=i

(4.8)

where Og is the output of the single-layer network, Xp is taken as the input variables, Wnp 

is the input weight of variable p connected to node n and Wcm the output weight of node 
n connected to the output. q„ and {3 represent the intercepts of node n and the output 

respectively. In equation 4.8 we have up to P inputs and N hidden units and g(.) is the 
output's activation function.

Multi-layer neural networks offer the possibility of generating additional intermediate 

calculations by adding one or more layers, each one composed of several perceptrons. 

This results in more complex combinations between the input variables as the neural 

network now offers the possibility of estimating a model based on the response of sev

eral perceptrons. In other words, the model's output is a product of a combination of the 

outputs of several parametric regressions and not just one as in the case of the logistic re
gression. Moreover, as shown in Hornik et al. (1989), wdth one hidden layer, a neural net 

is capable of mapping any continuous function relating the input variables and the out

put variable. With two hidden layers any discontinuous function can be approximated.
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NEURAL NETWORK ARCHITECTURE EQUATIONS

Output estimate

d = L{p+^w„,L(a,+H,)
/=i

with L(jr) = —!— 
l+e"'

Hidden node calculation

/?=!
For all n in [1,N]

Input vector

X = {X^,X2,--,X p)

Figure 4.3: Sequential calculation steps of a ojie hidden layered Neural Network

Although some studies have exploited the advantages of using more than one hidden 

layer, a single hidden layer is generally sufficient for forecasting purposes (Zhang et al., 

1998, p.44). In addition, Tortum et al. (2007) shows that the number of nodes in the second 

hidden layer is of secondary influence in the model's overall performance. Therefore, in 

this thesis, only single hidden layer networks are considered. Figure 4.3 shows the dif

ferent stages in the Neural Network's input information process in order to generate the 

output.

The more general equation to be estimated for a feed-forward multi-layer perceptron 

model is therefore given by:

N P

Ojn — h{Pim T ^ ^ tUmnOi^n T ^^tVnpXip)
p=t

(4.9)
ri=l

where Om is the output of the multi-layer network, Xp represent the input variable, 

Wnp is the input weight of variable Xp connected to the node and Won the output 

weight of the node connected to the output. q„ and /3m represent the intercepts of 

node n and the output resepctively. In equation 4.9 we have up to P inputs and N hidden 

units aiad g(.) and h(.) two activation functions corresponding to the hidden nodes and
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to the output respectively.

4.2.4.1.3 The learning process

Neural Networks learn by minimizing the classificatory error. Methods such as the max
imum likelihood estimator cannot be applied to multi-layer neural networks since each 

weight cannot be identified to a single input variable. As mentioned by Bishop (1995), for 

a given input and output, it is not possible to determine which hidden node is responsible 

for the highest error contribution.

The error back-propagation technique is an efficient method of minimizing the errors 
generated by each hidden node which consists in propagating the error from layers 
higher up in the network towards the bottom layers and update the network weights 
using a gradient descending algorithm. The technique was made popular by Rumelhart 
et al. (1988) but similar concepts were used in previous academic works such as Werbos 
(1974) and Parker (1985). A mathematical explanation of the link between the delta rule 

and the minimization if the total error can be found in Russell and Norvig (2003, Chapter 
20).

One of the main advantages of the gradient descending technique is its calculation effi
ciency. On the other side, the main disadvantage is that the optimization procedure can 

result in a local minima of the total error. The learning rate r/ and the momentum /r are 

parameters that can be optimized to improve the performance of the algorithm. How
ever, even in optimal conditions, the possibility of the algorithm getting trapped in a local 

minima cannot be avoided. Other methods offer the possibility to improve the results of 

the gradient descending algorithm. The detail of such techniques is, however, out of the 

scope of this thesis and the reader is referred to Bishop (1995, Chapter 7) for an overview.
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4.2.4.2 Optimization of the neural net's parameters 

4.2.4.2.1 Description of the selected optimization method

Although, until now, a neural net's architecture structure was assumed to be fixed, the 

optimization of a multi-layered neural network requires the specification of a large num
ber of parameters. These include the number of hidden layers, the number of nodes in 

each layer, the momentum, the learning rate and the choice of an activation function. 

As a result, the optimization of a Neural Network structure is, as stated in Zhang et al. 
(1998), "more an art than a science". This problem is closely related to the non-parametric 

characteristics of ANN since the optimum architecture will depend on the complexity of 
the input data. Bishop (1995) defines the optimum generalization point as a trade-off 
between bias and variance. More precisely, a low (high) order specification will gener
ate high bias (variance) and therefore the model's greatest generalizing ability should 
be found in between these two extremes. However, achieving this point is not a triv
ial task. Since the architecture is sample dependent, there seems to be no general rule 
to estimate the parameters that optimize the ANN structure. Despite a vast number of 
applications of Neural Networks, the methods used to optimize the models remain of

ten obscure and sometimes the network's defining parameters are not even reported (see 
Zhang et al., 1998, for a recent review on the topic). An effort was made by Tortum 
et al. (2007) who uses a general experimental procedure based on the experimental plan

ning using a Taguchi Method in order to draw general conclusions on the influence of the 

above mentioned parameters. Following Tortum et al. (2007), the different steps executed 

during the optimization process of the ANN are the following:

A. Data transformation: We use three main industries (i.e. Industrials, Transportation and 

Utilities) which are defined by Datastream's Industry Numbers (code: INUM) 1, 2 

and 3. Following Cudd and Duggal (2000), we transform the raw ratios as shown 

in equation 4.10:

Xfv =
X -XlY

aiY
(4.10)
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Where Xiy is the average and cr/y the standard deviation of the variable X in the indus
try I on the year Y. Xjy is the resulting normalized variable for a variable X belonging 

to the industry I in the year Y.

B. The percentage of trained data: To control for overfitting, the estimation sample was split 
into training and validation samples. As in Cheh and Weinberg (1999) and Tortum et al. 

(2007), 80% of the estimation sample was used for training and 20% for validation.

C. Number of hidden nodes in the first taper: Tortum et al. (2007) tests a large and spread range 

of hidden nodes (i.e. 1,20,40 and 60) and shows that this parameter has the greatest in
fluence on the model's performance. Using a higher sampling frequency but a smaller 

range, Zhang et al. (1999) finds that the net's performance can be sensitive even to a 
unity change in the number of nodes. Here, more in the view of Tortum et al. (2007) 
and as suggested by some of the common rules of thumb applied to select the number 
of hidden nodes^, a larger number of nodes with higher space interval rather than a 

small number with a higher sampling frequency was chosen for the study. Eight dif

ferent levels of hidden nodes such as 5, 10, 15, 20, 25, 30, 35, and 40 were tested. A 
5 nodes interval was chosen between each test as it was the approximate number of 
nodes needed to perceive a significant difference in the net's performance.

D. Number of hidden nodes in the second layer: Following Tortum et al. (2007), we have con

sidered only one hidden layer in the optimization process as the number of nodes in 

the second layer was found to be of "secondary" influence. Furthermore, Hornik et al. 
(1989) shows that one hidden layer is sufficient to map any pattern in the data.

E. Activation function: As previously shown in Figure 4.3, the log sigmoid was chosen as 

the activation function. It was also shown by Tortum et al. (2007) that this function 

achieves the greatest performance.

This method was applied for every yearly estimation sample during the period 1998-2007 

in both the UK and the US.

^As described in Zhang et al. (1998, p. 24), these rules imply that the optimal number of hidden nodes is 
related to the number of input nodes n e.g. n/2, n, n+1, 2n+l
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4.2.4.2.2 Underlying simplifications and limitations

Given the large number of initial tests that were here considered, some steps in the opti

mization process were simplified. 1 here describe and justify in detail the choices leading 
to a manageable experimentation plan and the potential limitations linked to the latter.

First, the literature suggests that each Neural Network Model should be validated us

ing a cross-validation technique^. The technique consists in testing the model's perfor
mance by calculating an average predictability based on multiple training and test sam

ples. Zhang et al. (1999) use this method to test the sample robustness of a bankruptcy 

predictive model using both ANN and logistic regression by dividing the sample into five 
sub-samples of which four were used for the model's training and one for the model's 

validation. They conclude that ANN models are robust given the small difference in the 
results between the considered test samples. In addition, with the exception of works 
such as the previously mentioned Zhang et al. (1999) and Hu et al. (1999), while fail
ing to apply the rigorous cross-validation technique, the general literature still provides 
evidence of high predictive performances therefore suggesting that the generated bias 
induced by overfitting the validation sample may not have a significant impact on the 

model's predictability. As mentioned by Russell and Norvig (2003), the literature gener
ally neglects this point as cross-validation techniques can be extremely time-consuming 
and therefore add to the complexity of a neural net's optimization procedure. In this 

thesis, given the suggested robustness of Neural Networks to the potentially small over

fitting effect on the test sample, the validation of the model's performance was measured 

using single validation samples.

A second simplification relates to the ANN's learning parameters. Ideally, these param

eters should be optimized for each considered network architecture and, the practitioner 

should carefully select the set of values optimizing the network's learning process by 

reducing the probability of getting trapped into a local minima and, at the same time, 

avoiding to rapidly overfit the training sample. Considering the parameters employed

^The cross-validation teclmique is qualitatively presented in Russell and Norvig (2003, Chapter 18) as a 
method to avoid peeking into the validation sample. The reader may also refer to Stone (1974) who provides 
a statistical proof on the advantages of a cross-validation technique relative the use of a single validation 
sample.
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by Cheh and Weinberg (1999), a learning rate of 0.2 and a momentum of 0.1 were arbi

trarily selected. These parameters were found to suit the vast majority of the samples 

that were used in this thesis. In order to minimize the chances of a procedure resulting in 

local minima estimators, the random seed was changed in cases where the optimization 

procedure was trapped over the first iterations.

4.3 Forecasting methodology

4.3.1 Review of forecasting methodologies

Early works in takeover prediction have generally used missleading methods to assess 

a model's predictive power. Using within period validation, authors such as Wansley 

et al. (1983); Rege (1984); Brar et al. (2009) employed in-sample tests to measure the pre

dictive accuracy of the estimated models. Even less informative, some authors have used 

the goodness of fit as a sole indicator of the model's ability to predict future takeover 

events (Bartley and Boardman, 1990). As mentioned by Palepu (1986), these reported pre

dictions overstate the model's predictive accuracy as they measure ex-post dassificatoiy 

accuracy rather than ex-ante predictive accuracy. Eurthermore, as suggested by Fildes 

and Makridakis (1995), statistical models tend to show poor generalizability as indicated 

by evidence that goodness of fit and predictability are often weakly related.

Most of the recent works have acknowledged this issue, and it has been accepted that 

predictions should be calculated in out-of-sample manner intervals. As a result, cross- 

sectional multivariate prediction models are generally tested using point forecast estima

tions^.

By definition, a point forecast assumes that the model's predictive ability is stationary. 

T his can be understood in settings such as the bankruptcy prediction literature where, 

as seen in section 3.2, the models seem to achieve comparable estimates and relatively 

consistent prediction power. However, as described in section 3.3.1, the disagreement

point forecast can be defined as a an out-of-sample test of the a model's ability to classify or predict 
an outcome in a sample different from the one used for the estimation.
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within the takeover prediction literature on the model's predictive ability suggests that 

the forecasting error may be significant. Therefore, a point forecast estimate does not 

seem to reflect a takeover prediction model's predictive ability. As one of the objectives 

of this thesis is to implement a methodology allowing to measure the inherent variability 

of a takeover prediction model's performances this study employs a multiple forecast 
methodology. The following paragraphs provide a detailed description on the nature 

and advantages of such method.

4.3.2 Rolling forecast estimation concept

A rolling forecast methodology attempts to replicate statistical experiments in order to 
draw well-founded conclusions on the model's forecasting accuracy and therefore on its 

ability to persistently explain a given phenomena. Rolling forecast estimations are fre
quent when assessing the predictive accuracy of time series econometric models and the 
reader may report to Tashman (2000) for a recent review of such forecasting techniques. 
Although different specifications have been used, equation 4.11 offers a general specifi
cation for a multivariate framework covering a large number of the models found within 

this literature.

./ K .1

yt = do + E EE hjXk^t-j) +
j=i fe=i i=i

(4.11)

where j is the lag length, t marks the time period, y(t — j) denotes the variable of interest 

measured at time f—j, and Xk^[t-j) denotes the independent variable measured at time 

t — j. Qj and Pkj represent the regression coefficients of y^t — j) and respectively.

Tashman (2000) presents two different forecasting methods: rolling window and fixed- 

origin. Fixed origin forecasts use a siiigle estimation of the model and attempt to predict 

on a variable forecasting window whereas rolling window forecasts use fixed forecasting 

windows with rolling estimation origins (i.e. the estimation period depends on the period 

the user attempts to predict).

Based on a review of the empirical results, Tashman (2000) underlines the following rec

ommendations in relation to the way rolling forecasts should be applied:
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1. The need of using out-of -sample data when testing the model's predictive ability. As 

shown in the previous paragraph, this has often been incorporated in the takeover 

prediction literature.

2. The advantages of rolling origin forecasting techniques in removing the forecasting 

accuracy's dependence on the selected estimation origin.

3. The usefulness of increasing the number of periods considered in order to test the po

tential influence of the business cycle on the model's forecasting power. As suggested 

by Pompe and Bilderbeek (2005) within the bankruptcy prediction context, the selected 

economic period may have an influence on the model's predictive ability.

Points 2. and 3. summarize the critics established on the previous paragraphs, and the 

lack of reliability underlying a point forecast estimation.

4.3.3 Implementation of the rolling forecast technique within the takeover 

prediction framework

4.3.3.1 Parameters defining the employed rolling window forecast

Three choices need to be made in order to define a rolling window forecast process: (i) the 

number of years used to build the estimation sample, (ii) the size of the rolling window, 

and (iii) the total number of desired forecasts.

In relation to the first point, several authors have pooled takeover data over large peri

ods of time (e.g. nine years in Belkaoui, 1978 and Palepu, 1986; ten years in Powell, 2001). 

However, Harris et al. (1982) and Powell (1997) show that takeover characteristics seem 

to change over the medium horizon suggesting that misspecified estimation samples are 

likely to be obtained when pooling targets across long periods of time. Accounting for 

this potential misspecification, some authors have recently reduced the considered esti

mation period (e.g. one year in Barnes, 1999; six months in Espahbodi and Espahbodi, 

2003; one year in Weir and Laing, 2003 and two years in Arnull-Almond, 2007). Eollow- 

ing this trend, for each estimated model, the rolling estimation window used to build the 

target sample was restricted to one calendar year.
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Regarding the second point, the rolling window was defined as one calendar year as it 

is the general method employed in the literature consisting in estimating a model and 

predicting in the year following the estimation. This method assumes that takeover char

acteristics do not significantly change in two consecutive periods and therefore that the 

most recent M&A data contains the highest amount of information on future takeover 

activity. This argument is partially supported by the persistent characteristic of M&A 

activity over time.

Finally, as mentioned in the previous paragraph, forecasting efficiency and reliability 

may be improved by using multiple test periods. In this study, the period 1998-2007 was 

selected to estimate the ten one-year rolling window cross-sectional models and calculate 

ten yearly out-of-sample forecasts during the period 1999-2008. The period is deemed to 

cover different types of business cycles which shall be described in the next chapter. The 

choice of a large period covering several business cycles therefore prevents our results 

from being dependent on the chosen time period.

4.3.3.2 Characteristics of the one-year estimation and holdout samples

A method called State-Based Sampling (a.k.a. Choice-based Sampling), where a random 

number of non-target companies are matched with the total number of targets, has been 

frequently used by previous researchers (e.g. Walter, 1994; Powell, 2001; Brar et al., 2009) 

to build the estimation sample. As shown by Zmijewski (1984) in the context of bank

ruptcy prediction literature, this method generates significant overfitting bias and is thus 

likely to generate unreliable predictions.® Platt and Platt (2002) have recently confirmed 

these results with a more rigorous study applied to the automobile industry. Given the 

potential drawbacks of this method, our estimation sample was built using complete data 

(i.e. including all target and non-target companies having all available financial informa

tion).

Out-of-sample forecasts were calculated the year following the estimation year. Consis-

^Although Zmijewski (1984) points out that a selection bias exists when using complete data samples, 
the latter is related to the probability of missing accounting information in distressed firms. Such bias is 
thus likely to be less significant when considering target firms as there is no apparent reason suggesting that 
target firms would be less likely to enter the final sample relative to non-target firms.

92



tent with Palepu (1986), the holdout sample was built using complete data (as the esti

mation sample) except that all target firms used in the estimation sample (and still active 

during the prediction year) were excluded.

4.3.3.3 Cut-off choice methodology

To determine the sample of companies predicted to be taken-over the user needs to de
termine a cut-off probability, Pq, beyond which a company is considered as likely to be 
the subject of a target bid.

Two main cut-off choice methods have been discussed in the literature. The minimization 
of error method, first introduced by Palepu (1986), claims that the cut-off should be cho
sen as the probability that minimizes the sum of Type I and Type II errors whereas the 
maximization of returns method suggests that, if the aim is to build a portfolio strategy, the 
cut-off threshold should be chosen as the one maximizing the C-ratio (see e.g. Barnes, 
1999; Powell, 2001). Within the bankruptcy prediction literature, Hopwood et al. (1994) 

uses an estimation of the optimal cut-off value based on the relative costs of misclassifi- 
cations.

Although theoretically sound, there is no empirical evidence showing that any of these 

techniques consistently optimize the predictive ability of takeover prediction models. In 

order to avoid constraining our analysis of the models predictions to one single cut-off 
value, the results are here presented for a series of nine equally spaced cut-off values 

within the unit interval.

4.3.4 Methodological contributions and potential limitations

The idea of considering multiple cross-sectional estimations is not unfamiliar to the bi

nary choice prediction literature. While attempting to measure the estimation bias gener

ated by the use of complete data samples, Zmijewski (1984) employs a probit regression 

to estimate a bankruptcy prediction model in each year of the period 1972-1978. The au

thor concludes that most of the coefficients are consistent over time therefore supporting 
the contention that bankrupt firms are characterized by a well-defined financial profile.
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In the takeover prediction literature, two similar works have attempted to compare the re

gressed coefficients in two different periods. Harris et al. (1982) compares the coefficients 

of a probit-based takeover prediction model estimated in the periods between 1974-1975 

and 1976-1977. He concludes that, with the exception of the Price-to-Earnings ratio, the 

estimated regressors are unstable over time. Similarly, Powell (1997) compares the es
timation of a logit-based takeover prediction model in the periods 1984-1987 and 1988- 

1991. He also concludes that coefficients are inconsistent over time. The main difference 

between the two previously mentioned studies is that the former focuses the comparison 

on the sign of the coefficients while the latter refers only to the stability of the regressor's 
significance. In this thesis, I extend the aforementioned work, by considering a multiple 

cross-sectional estimation over the ten-year period 1999-2008 and the analysis of both the 
significance and sign stability over time are included in our results. This methodology 
attempts to answer the first research question of the present thesis.

From a target prediction perspective, although these previous studies underline the con
sistency (or inconsistency) of the model's specification over time, none of the studies has 
yet attempted to measure the impact of such inconsistencies on the model's predictive 

power. In relation to the second research questions, this thesis therefore contributes to 
the current literature by using a rolling forecast methodology in order to analyze the 

stability of the takeover forecasting accuracy over time.

From a portfolio perspective, Cremers et al. (2009) use a rolling estimation technique 
based on a logistic regression in order to capture the influence of takeover vulnerability 

in the cross-section of returns. They show that over a fourteen-year period the model is 

able to generate substantial abnormal return as measured by the Fama and French (1992) 

and Carhart (1997) four-factor model. Although their result provides a strong motivation 

for study, their samples are too large to be the basis of a portfolio investment. As a 

result, within the context of the third research question, this thesis further explores this 

achieved result by (i) providing the dynamic of the portfolios within the selected period, 

(ii) considering more realistic portfolios from an investment management perspective 

and (iii) using a yearly control portfolio benchmark resulting in an accurate measure of 

long-term average abnormal profitability.
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It should be first noticed that the literature suggests several limitations when using mul

tiple regression estimations. First, there might be random and fixed effects affecting the 

model's estimations. The changes in the coefficients could be then affected by exoge

nous factors linked to the political and/or economical factors and therefore the changes 

the sign and / or value of a coefficient would not be linked to a change in takeover char
acteristics but to a model's misspecification. Although this is a possibility, the study 

of Zmijewski (1984) shows that the estimation of bankruptcy prediction seems to show 

consistent results over time therefore suggesting that exogenous factors do not seem to 
have a significant effect within the bankruptcy prediction context. In addition, as I will 
show in section 5.3.4, the use of industry-relative ratios should increase the stability of 

the coefficients across different periods (Platt and Platt, 1990). A second issue is related 
to the heterogeneity of the coefficients and the correlation of the error terms both cross- 
sectionally (between firms) and across periods (firm specific time-varying error). This 
is certainly a potential limitation regarding the analysis on the coefficients' time stabil
ity that will be provided in chapter 6. Despite the influence of these potential biases 

on the re-estimated coefficients, the question remains whether more coefficients might 
have a stable relationship towards acquisition likelihood when accounting for these ef
fects. However, the limitation is not likely to significantly alter the conclusions on the 

coefficients that are found stable over the selected period.

4.4 Evaluation methods

4.4.1 Dynamical stability of takeover characteristics

One of the objectives of this thesis is to capture stable takeover characteristics over the 

selected time period. As mentioned in the paragraph above, the takeover prediction 

literature offers two methods of investigating the stability of takeover characteristics. As 

both were applied to only two periods, their methodology needs to be adapted for the 

here considered ten year-period 1998-2007.

In Powell (1997)'s method, the coefficient's significance is given by both the mean value 
and standard error resulting from the regression. In this thesis, persistent discrimina-
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tory power was considered significant when a variable achieved significant classificatory 

power in more than three periods. As only few variables were significant more than three 

times, this method selects only the few variables having relatively persistent discrimina
tory power.

By considering the sign in two periods, the work of Harris et al. (1982)'s method does not 
offer a method allowing to determine sign stability over a longer period. In order to test 

the significance of a coefficient's sign stability, a parametric t-statistics was used based on 

the values of the coefficients over the ten-year period and testing whether the obtained 

values are significantly different from zero. The latter can be expressed as folows:

tcoef f — 0
iP)/VT (4.12)

CTf.

where /3 and atP respectively measure the time-series arithmetic average and the time- 
series standard deviation of the yearly estimated coefficient during the period 1998-2007 

and T is the number of periods in the sample (equal to ten in the particular case of this 
study).

4.4.2 Measures of predictive performance

The predictive performance of the models is measured using the C-ratio (Cp) and the 
model's performance relative to chance (PRC) which are defined as follows:^

Cp npp
np

PRC =
Cp ~ Dp

(4.13)

(4.14)
KliniCpi Dp)

where np is the total number of firms predicted to be targets, npp defines the number 

of firms correctly predicted as target and Dp represents the target density in the sample 

defined as the total number of targets divided by the total number of firms.

^The overall accuracy of the model, defined as the total number of correct predictions divided by the total 
number of firms, is also generally reported in the studies, however the measures Cp and PRC were selected 
given the focus of our study on the model's ability to accurately predict target firms rather than on its overall 
discriminatory power.
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In addition, a two-samples parametric t-statistic was calculated in order to measure the 

difference between the series of yearly predictions and a series based on random predic

tions.

^prc.d
Cp - Cr

^at{Cpr- + at{CRY/VT
(4.15)

where Cp (Cr) and at(Cp) (crt(CR)) respectively are the time-series average and time- 
series standard deviation of the yearly concentration-ratio Cp (yearly total target density 
Cr) and T is the number of periods in the sample (equal to ten in the particular case of 
this study).

4.5 Calculation of abnormal returns

This section presents the investment strategy that was employed to assess the profitabil
ity underlying takeover prediction models. First, details on the evaluation of the calcula

tions used to define the abnormal profitability of the samples is provided. Given the fun
damental role played by the benchmark used to assess abnormal profitability, the section 
ends by describing the two benchmarks used in this study: the market index benchmark 

and the control firm portfolio recommended in Barber and Lyon (1997).

4,5.1 Definition of abnormal returns and measures of performance

The final step of this thesis will be to analyse the reward of an investment strategy based 

on the yearly predictions of both the Logistic and the ANN-based takeover prediction 

models. In order to test the portfolio performance, an equally weighted buy-and-hold 

portfolio strategy is built based on the sample of companies predicted to become targets. 
The investment is thus initialized at the beginning of the calendar year in which the 

forecast was realized and held for 12 months. Monthly buy-and-hold returns were first 

calculated using Datastream's Return Price Index (code:RI) for each firm included in the 

portfolio. The index is calculated by accounting for share price movements as well as for 

any type of shareholder compensation (share repurchase, dividend payment, etc.). Buy-
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and-hold abnormal returns (BHAR) were calculated following Barber and Lyon (1997). 

As in Loughran and Ritter (1995), if a company was delisted prior to its anniversary date, 

the return was truncated at the last traded month. The abnormal return earned by a firm 
i during the buy-and-hold investment can therefore be defined as:

BHAR,t= n i^ + Rrf]- n [^ + E{Rit)] (4.16)
t=start t=start

where start and T are the first (January) and last (December) month of the given predic

tion year respectively, Tdeiist is, in case of delisting, the last month in which firm i was 

traded, and Ru and E{Rit) are the price return and the expected return of firm i at month 
t respectively. Two different ways were employed to estimate. First, a suitable market 
index was used to compare the portfolio performance to a standardized market bench
mark.

Consistent with Barber and Lyon (1997), we test the null-hypothesis that abnormal re
turns are not significantly different from zero using the following parametric test statistic:

^BHAR—
BHARr
(ar/y/^)

(4.17)

where BHARr is the sample arithmetic average and cr,- is the cross-sectional standard 

deviation of abnormal returns for a sample of n firms. ^

Using the ten-year portfolio performance, the significance of the average long-run in

vestment performance was measured by the t-statistic based on the null hypothesis that 
abnormal returns are not different from zero and defined as follows:

t {BHAR)
BHAR at{BHAR)/100-^

(4.18)

where {BHAR) and at{BHAR) measure the average and the time-series standard devi

ation of the long-term abnormal return generated by the yearly predicted portfolios over 

the ten-year period 1999-2008.

Finally, in order to assess the risk-return profile of the firms included in the portfolios.

^The formulas are given by: BHARr = ^ BHARir and (Tt = '^’)_^{BHARir — BHARr)^] ^ ■
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the yearly Information ratio (IR) was calculated as follows;

T . ■ r. • Y'll.BHAB.tInformation Ratio = —
at{BHARt) X 120-5

(4.19)

where the abbreviation BHARf measures the monthly abnormal return generated by 

the predicted portfolios over the twelve-month period of the selected year, at{BHARi) 

represents the monthly time series standard deviation and 12 is the number of months 

during the selected calendar year.

4.5.2 The market index benchmark approach

In order to provide a general assessment of the models' portfolio performance in the UK 
and the US, for each selected cut-off value, the predicted samples' profitability is cal
culated relative to a representative market index. The chosen benchmarks for the UK 
and the US were the FTSE All Shares Index (FASI) and the Dow Jones Total Stock Mar
ket Index (DJTM) respectively. These indices were chosen since, for both economies, the 

predicted firms did not display any aggregated feature at the size level (market capitali
sation) nor at the industry level. In addition, accounting for smaller firms, these indexes 
generate, for most years, a greater performance than other commonly used indexes. The 

market benchmark is useful to assess the yearly raw profitability of the portfolios and 

also provides a meaningful long-term performance relative to a single benchmark over 
the entire period. Although not controlling for common market factors, these bench

marks provide information on the real investment outperformance underlying the mod

els. Cheh and Weinberg (1999) and Brar et al. (2009) are some examples of works having 

used a market index benchmark to calculate abnormal returns by subtracting the return 

of an equally-weighted market index from fhe refurn of the stock.

4.5.3 The control firm portfolio

As shown in Barber and Lyon (1997), the single firm control portfolio benchmark method 

to calculate abnormal returns overcomes the several biases related to other methods such
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as the market index benchmark approach.® Following the authors' recommendations, 

the method was applied as a second benchmark method in order to test the influence of 

common market factors on a predicted portfolio's profitability.

For each firm included in the predicted portfolio, the selection process of the control firm 

follows two steps aiming to match the predicted firm by size and subsequently by its 
market-to-book ratio. First, all companies having a size between 70% and 130% of the 

predicted firms market capitalization are grouped into a common size group. Out of this 

group, the control firm is selected as the one having the closest value compared to the 

predicted firm's market-to-book value. Consistent with the calculation of return on the 
prediction portfolio, in case of delisting, we truncate the control firm's return at the last 

traded month. Although some authors have matched the control firms by industry (see 
for instance Chan et al., 2007), some others, such as Loughran and Ritter (1995), have 
advocated the use of random samples over the entire corporate landscape. In our study, 
consistent with the construction of the estimation sample wherein financial and infre
quently traded firms were excluded, we have also excluded these firms when selecting 

control firms.

4.6 Summary

This chapter introduced the methodology employed in this thesis to estimate takeover 
likelihood as well as to evaluate and characterize the performance and the stability of the 

considered takeover prediction models.

Parametric and semi-parametric models both offer advantages that are important for 

properly addressing the problem of dynamic instability. From one side, a logistic re

gression provides a suitable specification for dichotomous dependent variable problems 

and has weaker statistical assumptions on the variables' distributions relative to other 

parametric techniques such as MDA. In addition, as a general characteristic of paramet

ric specifications, a logit-based model offers a ceteris paribus interpretation of the esti-

^In their paper. Barber and Lyon (1997) show that most of the benchmarks used by previous research to 
calculate long-term abnormal returns are subject to three potential bias namely: (1) the new listing bias, (2) 
the rebalancing bias and (3) the skewness bias.
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mated coefficients. The latter is needed to analyze the variables' influence in takeover 

likelihood over time. From another viewpoint. Artificial Neural Networks offer a spec

ification based on more complex combination of the input variables which depends on 

the neural net's architecture but, most importantly, on the data that underlies the pro
cess. The flexibility of Neural Nefwork-based models fhus offers a promising method to 

maximize the model's predictive power. As the objective of the thesis is to analyze the 
models' persistent ability to predict takeover targets, semi-parametric techniques should 

be considered in order to ensure that our result does not depend on a weak functional 
representation between the variables and a firm's takeover likelihood.

To study the dynamical features of takeover prediction models, this study uses a one-year 
rolling estimation over the period 1998-2007 allowing to generate ten out-of-sample fore
casts over the period 1999-2008. The one-year estimation window was chosen in order to 
isolate takeover motives as the evidence shows that merger drivers seem to change over 
time (Harris et al., 1982; Powell, 1997; Andrade et al., 2001). Although several studies use 
long periods of time during the estimation process, most of the recent works have chosen 
a short period of time (Espahbodi and Espahbodi, 2003; Weir and Laing, 2003; Arnull- 

Almond, 2007). The estimation samples use complete data as they generally overcome 
the potential biases of choice-based sampling (Platt and Platt, 2002). Holdout samples 
are constructed as in Palepu (1986), using complete data and excluding the target firms 

used during the model's estimation.

One of the main disadvantages of Neural Networks is the complexity of their optimiza

tion process. Poliowing Tortum et al. (2007), this study implements several experiments 

in order to build an optimal architecture with good generalization properties. In order 

to minimize construction costs we have not used cross-validation techniques and there

fore our results may be dependent on the validation samples that have been randomly 

chosen. However, the danger of "peaking" into the validation sample seems to be low 

when considering that studies employing a cross-validation technique report the similar 

performances in their validation samples (e.g. Zhang et al., 1999). A commonly adopted 

simplification relates to the arbitrary choice of the neural net's learning parameters. In 

our study, based on frequently reported values, a learning rate of 0.2 and a momentum 

of 0.1 were arbitrarily selected.
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Buy-and-hold abnormal returns were calculated as in Barber and Lyon (1997) in order 

to account for cumulative to compounding. Two benchmarks were chosen to measure 

abnormal profitability. First, a market index benchmark was selected in order to provide 

a common base to assess the differences in overall performance between the different 

selected portfolios. Given the several potential flaws of using a market benchmark, as 

recommended by Barber and Lyon (1997), a control firm portfolio is used to assess the 

abnormal profitability of the portfolios by controlling for common market factors. Con

trol firms are selected using a two step process. For each firm in the predicted sample, all 

firms in the range of 70% and 130% of the firm's market capitalization are selected. Within 

this group, the control firm is selected as the one having the closest book-to-market ratio.

Finally, given the multiple forecast framework of this thesis, other statistical methods 

were used to measure the significance of the model's long-term performance. In rela

tion to the consistency of the estimated coefficients and based on two existing methods 

employed by Powell (1997) and Harris et al. (1982) respectively, this thesis uses an inno

vative technique allowing to capture both the sign stability and the frequent discrimina

tory power of the regressors over the selected period 1998-2007. Regarding forecasting 

performance, the C-ratio (target density in the predicted portfolio) and the Relative to 

Chance ratio (PRC) are used to measure yearly predictive performance. Long-run pre

dictive performance is measured by the average C-ratio over the ten-year period and its 

significance is measured using a two sample test-statistics testing whether the average 

predicted C-ratio is different from a random sample selection. Regarding portfolio per

formance, the significance of the yearly achieved buy-and-hold abnormal returns was 

calculated as in Barber and Lyon (1997). In addition, long-term performance was mea

sured as the ten-year average of the yearly achieved abnormal returns and its significance 

was measured using a test-statistics based on the null hypothesis that average abnormal 

returns are not different from zero.
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— Chapter 5

Data collection, data treatments and descriptive statistics

5.1 Introduction and overview

Due to the data-intensive characteristic of the multiple forecasting methodology em
ployed in this thesis, a considerable amount of work was dedicated to the filtering, post
treatment, and organization of the data obtained from two different sources. This chap

ter's first objective is to describe the selected data sources from which both the M&A 
and the corporate public financial information were collected. As several decisions, such 
as the variable and the target selection process, were based on data characteristics, the 
chapter also provides detail on the data collection process and all the intermediate steps 
leading to building the estimation and holdout samples. Furthermore, the chapter pro

vides descriptive statistics of both data sources in order to (i) examine the different types 
of M&A considered as well as the dynamic pattern of the level of M&A activity across 
the selected period, and (ii) provide information on the distributional characteristics of 
the financial ratios used for model development. Finally, to illustrate the automatization 

of the data I present two examples of the algorithmic methods used to generate the es

timation/forecasting samples (see details in Section 4.3.4) and the matched control firm 
portfolio (see details in Section 4.5.3).

The chapter is structured as follows. Section 5.2 describes the collected M&A data and 

provides an analysis on the dynamic of takeover activity during the selected period for 

both the UK and the US. Section 5.3 describes the financial data information that was 

finally selected for the model's specification. The section describes the method for re

ducing the total number of variables included in the model, analyzes the selected data 

treatments and provides descriptive statistics on the resulting collected data. Section 5.4 

presents the algorithmic techniques that were used to automatize two of the matching 

processes used during the study. The section also describes the assumptions that were
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considered during the matching process and analyzes the advantages and limitations of 

these choices. Finally, section 5.5 summarizes the chapter.

5.2 M&A data characteristics

5.2.1 Definition of takeover

A large number of definitions of the term takeover can be found in the literature. Three 

main points were found to be discussed around the definition. The first point relates to 

the status of the deal. Powell (1997) has only considered completed deals. As mentioned 
by several authors, the completion or the withdrawal of a deal is often related to factors 
other than the financial and non-financial characteristics of the target firm involved. In 
addition, by excluding deals that failed to be completed, the sample may fail to include 
firm characteristics that are seen as attractive by potential raiders. Secondly, different 
choices have been considered regarding the percentage of ownership defining a takeover 

bid. Although most authors have selected all deals involving a bid of at least 50% of the 
firm's ownership, authors such as Bartley and Boardman (1990) have included minority 

stake purchases as they often represent a sign of a forecoming takeover attempt. Finally, 
while some authors have limited their sample to domestic deals, others have included 

both cross-border and domestic deals. The work of Rege (1984) studies the different 
characteristics between foreign and domestic takeovers and their results show that there 

seems to be no characteristic able to differentiate these two types of mergers.

The former was used to extract publicly available information on deals announced dur

ing the selected period. Following Bartley and Boardman (1990), the definition of take

over adopted in this thesis covers data from all the different types of both announced 

and completed M&A deals (e.g. Leveraged Buy-outs, Minority Stake Purchases, Debt 

Restructuring, just to name a few) with the exception of rumours and buybacks. Ru

mours were excluded because they are more related with media speculation and market 

sentiment rather than with a formalized intention of corporate control. Buybacks were 

also excluded as they are defined as large stake purchases undertaken by an already exist

ing owner and therefore represent an attempt of maintaining rather than gaining control
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of a firm's management. Additionally, based on Rege (1984)'s findings, both cross-border 

and domestic M&A deals were included in the sample. The next paragraph provides 

details on the source and the method of extraction of the M&A data in order for fhe latter 
to comply with the previously stated definition.

5.2.2 Source and filtering of the M&A data

Data for publicly announced M&A deals during the period 1995-2008 were extracted 
from Thomson One Banker database (TOBD). This database provides an extensive num

ber of M&A deals listing all disclosed attempts of acquiring significant ownership control 
(i.e. a bid for more than 5% of the firm's market capitalization). The Advanced Research 

feature on TOBD provides multiple options to filter specific M&A data. However, these 
filters must be carefully chosen as they tend to shrink the data when selecting options 
having frequently unavailable data. For both the UK and the US, data was therefore 
downloaded in its most general form by selecting the following minimum filtering:

1. Targets firms belong to the specified economy.

2. The deal's announcement date falls befween the 01/01/1995 and the 31/12/2008.

3. Target firms must be public.

For each deal, the following descriptive characteristics were selected:

1. Target Name.

2. Announcement date.

3. Target datastream code.

4. Transaction Value.

5. Deal's status.

6. Deal's Form.

7. Acquisition technique.
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The data containing all deal characteristics was uploaded to an SQL database providing 

further control on the filtering applied to the data. As mentioned in the previous para

graph, rumoured deals and buybacks do not correspond to the definition of takeover 
considered in this thesis. Using the deal's status and the deal's form information, all deals 

classified as Buybacks, Rumors or Discarded Rumors were therefore excluded from the 
analysis.

5.2.3 Types of M&A deals considered

The previous paragraph focused on the deals that were excluded from the M&A data but 
no information was given on the type of deals that were effectively included in the sam
ple. This paragraph therefore describes the different types of M&A deals included in the 
broad takeover definition here considered. The acquisitioit technique item provides a large 
list of deal's characteristics. However, the non-uniqueness of this classification as well as 
the frequent unavailability of the data are problematic for providing descriptive statistics 

as well as a consistent filtering process.^ Although not overly informative, the item deal 
form overcomes the problem of data unavailability and was therefore used to generate the 
descriptive statistics. In this classification, the item "Merger" includes Leveraged Buy
outs, Self-Tenders, Tender Offers, Mergers and I added Acquisition of Majority Interest; 
the item "Acquisition Minority Interest" includes Privately negotiated Minority Stakes 

Purchases as well as a certain number of Joint Ventures and Strategic Alliances; the item 

"Acquisition of Assets" includes Bankruptcy Acquisitions and Recapitalizations; the item 
"Acquisition (others)" includes Spin-offs, Divestitures and Debt Restructurings; finally, 

the item "Exchange Offer" includes a special form of transfer control consisting of the ex

change of ownership from one firm to another. Panel A and Panel B in Table 5.1 show, at 

an aggregated level across the period of study, the proportion of different types of deals 

considered in the UK and in the US respectively. The data shows that the proportions of 

the different included deals are very similar in the UK and the US. For both economies, 

we can observe that "Mergers" is the main constituent among the considered deals. Ac
quisition of minority purchases (defined as stake purchases exceeding 5%) also represent

’ As an example, the characteristics Leveraged Buyout, Going Private and Financial Acquiror are gener
ally included in the same definition of acquisition teclmique.
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a significant proportion of the considered deals. The latter is somewhat higher in the US 

with a number exceeding a third of the total deals. Although of insignificant proportion, 

a difference can be seen in the number of Exchange Offers which seems to be propor
tionately more common in the US than in the UK. 0\'erall, deals involving Mergers and 

Acquisitions account for nearly two thirds of the considered deals in both the UK and in 
the US therefore providing a consistent basis to the employed takeover definition.

Table 5.1: Data description of the types ofM&A considered m the UK 
context during the period 1995-2008.

Form of Deah Aggregate number Percentage

Panel A: Aggregate distribution of considered M&A types in the UK

Mergers 1643 63.3

Acquisition Minority Interest 781 30.1

Acquisition Remaining Interest 78 3.0

Acquisition of Assets 78 3.0

Acquisition (others) 13 0.5

Exchange Offer 1 0.04

TOTAL 2594 100.0

Panel B: Aggregate distribution of considered M&A types in the US

Mergers 5471 55.3

Acquisition Minority Interest 3690 37.3

Acquisition Remaining Interest 320 3.2

Acquisition of Assets 301 3.0

Acquisition (others) 54 0.6

Exchange Offer 50 0.5

TOTAL 9886 100.0

^ TliG form of deal corresponds to tJic M&A Deal's Specific Transaction Type classification provided by 
tlie Tliomson One Banker database system. In tliis classification, the item "Merger" includes Leveraged 
Buyouts, Self-Tenders, Tender Offers, Mergers and I added Acquisition of Majorit)’ Interest; the item "Ac
quisition Minority Interest" includes Privately negotiated Minority' Stakes Purchases as well as a certain 
number of Joint Ventures and Strategic Alliances; the item "Acquisition of Assets" includes Bankruptcy Ac
quisitions and Recapitalizations; the item "Acquisition (others)" includes Spin-offs, Divestitures and Debt 
Restructurings; finally, the item "Exchange Offer" includes a special form of transfer control consisting of 
tlie exchange of ownership from one firm to another.
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5.2.4 Levels of M&A across the selected period

The following paragraph examines the dynamical changes of the level of M&A activity 

characterizing the selected period. As shown by Singh (1971), the dynamic of M&As of

fers a possible measure of detecting different cycles or trends of M&A activity. Figure 5.1 

and Figure 5.2 show the M&A activity during the period 1995-2008 as measured by the 

aggregated number of deals and the aggregated transaction value involving a public do

mestic non-financial target in the UK and the US respectively. As we can observe, there 

is a progressive increase in the number of M&As at the end of the dot-com bubble (i.e. 

period 1995-2000) followed by a significant reduction in both the number and the transac

tion values during the period 2001-2003. A similar pattern is shown in the following years 

where we can observe a significant increase in the M&A level during the recovery period 

2004-2007 followed by a significant decrease during the beginning of the credit crisis in 

the year 2008. The M&A dynamic shows that the selected period offers a highly versatile 

M&A environment with significant changes in the levels of M&A activity and with pos

sibly several merger motivations involved. These characteristics present both an advan

tage and a disadvantage. As discussed by Singh (1971) and Barnes (1999), when different 

acquisitions motives are present simultaneously, the selected targets result in a misspeci- 

fied sample and a regression model unable to accurately identify takeover characteristics. 

From another viewpoint, the presence of different types of M&A environments ensures 

that the reported results are not likely to depend on either the business-cycle or a specific 

frend of M&A characterizing the selected period.

5.3 Data collection of corporate financial information

5.3.1 Source of financial data

For all public firms in the UK and the US, Worldscope-Datstream database was used to 

extract corporate financial accounting information for each year during the period 1997- 

2007. The constituent lists WSCOPEUK and WSUSX for 1 < X < 19 were used to select 

the total number of public firms in the UK and the US respectively. Depending on the
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Figure 5.1: Merger and acquisition dynamic characteristics as measured by the aggregated number 
of deals (subfigure 5.1a) and the aggregated transaction value (subfigure 5.1b) involving a public 
domestic non-financial target in the UK context during the period 1995-2008.

year selected for estimation, this amounted to a number of companies between 629 and 

802 UK firms and between 1518 and 2128 US firms.

Building a realistic universe of firms for each year is a challenging task. Although Datas- 

tream records the date at which a company began to be publicly traded, it does not 

record the date at which the company was listed oir a particular stock exchange.^ As

^It should be noted that the Datastream code ENAME provides the name of the stock exchange in which 
firms are presently listed. The static nature of such classification does not allow the user to trace a firm's 
presence in a stock exchange during prior years.
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Figure 5.2; Merger and acquisition dynamic characteristics as measured by the aggregated number 
of deals (subfigure 5.2a) and the aggregated transaction value (subfigure 5.2b) involving a public 
domestic non-financial target in the US context during the period 1995-2008.

discussed in Powell (2001) and Arnull-Almond (2007), many previous studies have cu

mulated company-level data across long periods of time while constraining the analysis 

to firms that were listed at the time of collection therefore generating survivorship bias. 

As a result, some authors have included firms traded over the counter (e.g. Wansley 

et al., 1983; Walter, 1994). Here, an effort was made to build a more realistic corporate 

landscape by considering, for each estimation year, all then active public firms. A firm 

was considered inactive if the estimation year followed the firm's inactive date (data- 

code IDATE) and if the firm's monthly price did not change during the year prior to the
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estimation year. The advantages of such a procedure are twofold. Firstly, by generating 

a more realistic universe of companies (listed and non-listed) survivorship bias is mini

mized. Secondly, the inclusion of all traded firms allows us to consider other investment 

opportunities in less traded and perhaps less efficient markets.

As in most of the studies dealing with corporate forecasting, financial companies have 

been excluded from our analysis for three main reasons; (i) their corporate variables have 
often different meaning (e.g. assets) (ii) some of the considered ratios are not available 

for these industries (iii) the distribution of their ratios is often different from the rest of 

the industries and are therefore likely to generate inconsistent estimators. Financial com
panies were eliminated using the Worldscope's General Industry Classification Number 
(code:WC06010) and by eliminating firms with code numbers greater than 3 correspond
ing to Bank/Savings and Loan, Insurance, and other financial companies. In addition, 
all companies for which the financial information was not reported were also excluded 
from our sample.

5.3.2 Selection method of the financial variables

Following Barnes (1999), the first selection of variables consisted in a large number of 
ratios previously employed in the M&A literature. Two types of literature were used 

to select these ratios. The first type corresponds to the literature related with takeover 

predictions models while the second concerns the literature describing the accounting 

methods employed to value a target firm in a Merger and Acquisition plan. The latter 

describes the variable used in practice to discriminate between a list of takeover candi

dates, and, therefore, they are likely to have an impact in the predictive power of our 

models. Gole and Morris (2007, Chapter 3, Appendix A), for example, provide several 

examples of the financial ratios that are frequently included in the financial analysis of 

targeted companies. In addition, Arzac (2008) gives an explicit way of estimating the 

targets value based on the firm's forecasted discounted Free Cash Flows. We added to 

the list of variables that were mentioned within this literature while missing in previous 

studies. As discussed in Chapter 2, the takeover prediction literature has defined nine 

main hypothesis for selecting the variables with potential explanatory power. The se-
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Table 5.2: Full list of variables initially considered as potential predictors of takeover likelihood

Hypothesis Proxy variables^ Expected sign

Iiiefficieitt Management
Performance CAPEX over TA, Operating Margin, Return on Assets, 

Return on Capital Employed, Return on Equity, EBIT 
over TA, EBIT over SE, Prior Market Performance

+/-

Free-cash flow hypothesis FCF over Total Shares Outstanding, FCF over Total Net 
Worth

+/-

Activity hypothesis SR over TA, Inventory Turnover +/-

Undervaluation Market-to-Book ratio, Price-to-Eamings ratio _

Dhndend Payout CD over EBIT, CD over Net Income, CD over SE, CD over 
FFOP

+ /-

Size TA, Market Capitalization, SR, Total Shares Outstanding -

Groivth-rcsource mismatch
Growth One-year SG, Three-years SG, Five-y'ears SG, EBIT 

growth
+/-

Liquidity Current Assets over TA, Current ratio, Quick ratio. 
Working Capital over TA, Cash over Liabilities, Cash 
over Total Assets, Average Days Inventory held. Inven
tory Change

+/-

Leverage Total Debt over TA, Total Debt over SE, Total Debt over 
Total Capital Employed, LTD over TA, LTD over SE, LTD 
over Total Capital Employed, Total Liabilities over SE

+ /-

Inefficient Financial Structure Current Assets over SR, Working Capital over SR, Fixed 
Assets over SR, Research and Development over SR

+ /-

Industry Disturbance Two possibilities of dummy variables as constructed 
in Palepu (1986) and in Cudd and Duggal (2000)

+

■’ Provides the formula used to calculate the formulas. The abbreviations CAPEX, CD, EBIT, FCF, FFOP, LTD, SE,
SG, SR and TA stand for Capital Expenditures, Common Dividends Paid, Earnings before Interest and Taxes, Free- 
Cash Flow, Funds from Operations, Long-Term Debt, Shareholder's Equity, Sales Growth, Total Sales/Revenues 
and Total Assets respectively.

This variable was finally excluded as for all considered industries, except for the Transportation industry in the 
UK for the years 2002 and 2004, merger activity was recorded in the year prior to obsen’ation (see Table 5.4 in 
Section 5.3.4 below).

lected variables were considered as proxys for these hypotheses. As a result, forty-five 

variables were initially selected as potential predictors. These variables are shown in Ta

ble 5.2 below along with the expected relationship between the hypothesis and takeover 

likelihood. High correlation between variables is one factor that is well known to gen

erate inconsistent estimators, and, as one of the objectives of this thesis is to analyse the 

dynamic of the coefficient's values over time, it is important to eliminate any potential 

source affecting the consistency of the estimators.

Trivial mutual correlations were first eliminated by examining similarly constructed vari-
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Table 5.3: Final selection of corporate financial variables

Hypothesis - Variable Calculation^ Symbol Empirical support Mnemonic code^

Inefficient Management Hypothcfiis
Expenditures CAPEX / Total Assets CETA Levine and Aaronovitch (1981) WC08416
Market Returns Year-End MP Adjusted for Special Divi

dends / Last Years Year-End MP -1
TIRE Braretdl. (2009)' WC08801

Operating Profit Margin Operating Income / SR OPMA Dietrich and Sorensen (1984) WC08316
Return on Equity Net Income after PD / Last years Common 

Equity
ROET Arnull-Almond (2007) WC08295

Diz’idends Payout Common CD / Net Income after PD DPEA Dietrich and Sorenson (1984) WC08256

Undervaluation Year-End MP / Book Value per Share PTBR Palcpu (1986) WC09344

Activity Hypothesis 
Inventory Turnover Costs of Goods Sold / Average of the Past 

Two Years Inventories
IT UR Bartley and Boardman (1990) WC08136

Asset Turnover SR / Total Assets TATU Harris ctal, (1982) WC08401

Free Cash Floxv FFOP net of CAPEX and CD / Total 
amount of shares outstanding

FCFS Powell (1997) WC05507

P/E ratio Year-End Market Price / Year-End EPS PTER Barnes (1990) WC09104

Size Natural Log (Total Assets) LNTA Powell (1997) Ln(WC0723U)
SR SREV Meador ctal. (1996) WC07240

Groivth-Resource Mismatch Hypothesis
Growth SR(Year-End) / SR(Prior Year End)-1 GSOY Brar et al. (2009) WC08631
Liquidity Total Current Assets / Total Current Liabil

ities
CRAT Barnes (1990) WC08106

Inventories (Days held) IDHE Arzac (2008) WC08126
Lei\rage Long Term Debt / Total CP LDTC Powell (2004)'-‘ WC08216

Inefficient Financial Structure Hypothesis
Interests Coverage El’S Before Interest and Taxes / Interest Ex

penses
ICOV Dietrich and Sorensen (1984) WC0S291

Fixed Assets Turnover Net Sales / Fixed Assets NSFA Bartley and Boardman (1990) WC08431
Working Capital Turnover Net Sales / Working CP NSWC Belkaoui (1978) WC08141

“ Provides the formula used to calculate the formulas. The abbreviations CAPEX, CD, CP, EPS, FFOP, PD, MP and SR stand for Capital Expenditures, 
Common Dividends, Capital, Earnings per Share, Funds from Operations, Preferred Dividends, Market Price and Total Sales/Revenues respectively.

Indicates the Worldscopc-Datastream code used to extract tine information from each corporate financial variable.
^ The authors accounted for prior market returns (momentum) but divided the variable by the price volatility during the year before the announce-

The author used Total Debt over Total Capital Employed.

ables. Variables exhibiting a correlation factor greater than 0.8 were dropped. This filter 
first reduced the set of variables to twenty one. The mutual correlations between these 

twenty one variables are shown in Appendix A. As we can observe, remain below the 

0.8 threshold for both the UK and the US. Second order multicollinearity, as measured 

by the Variance Inflation Factors (VIF hereafter), led to the elimination of two additional 

variables, EBIT over Shareholder's Equity and Total Debt over Common Equity which 

exhibited a VIE exceeding 5 in several of the considered years. Although the variable 

Price-to-Book ratio also shows a VIE frequently exceeding 5, this was no longer the case 

after the exclusion of the two previous variables. The yearly VIF tables are reported in 

Appendix A. Table 5.3, shown below, reports the final set of nineteen financial variables 

included for model specification.
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5.3.3 Treatment of outliers

Given the potential influence of extreme values on the estimation generated by paramet

ric methods, it is legitimate to consider their elimination before any normalization is ap

plied to the data. As in this thesis, parametric methods and non-parametric methods are 

compared, the elimination of outliers is, for the least, questionable. Regression methods 

such as Multiple Discriminant Analysis make strong statistical assumptions of normal

ity of the input data used to generate the estimations. The present study uses a Logistic 

regression which relaxes the previous statistical assumption of normality therefore be

ing less sensible to the influence of extreme values compared to other similar parametric 

methods. As seen in the previous chapter, non-parametric and semi-parametric methods 

such as Artificial Neural Networks do not make any assumptions on the data underly

ing the estimation and therefore their result is not influenced by the presence of outliers. 

Consequently, in order to establish a fair comparison between the predictive power of 

the compared methods, outliers were not eliminated from the input data.

A problem arises however in the estimation section when the sign of the coefficients 

is studied over time. Given the potential misspecification of the estimators due to the 

presence of outliers, the compared results may be considered as misleading. Within the 

takeover prediction literature, rare are the attempts and no systematic method was found 

regarding the exclusion of extreme values. Walter (1994), for example, excluded extreme 

values for specific variables such as the Price-to-Earnings ratio, but no information is pro

vided on the filtering method applied to other considered variables. I was able to find 

two works explicitly disclosing an outlier elimination procedure. First, Powell (1997) 

winsorizes all variables at three standard deviations from the mean. Secondly, Arnull- 

Almond (2007) eliminates all observations containing a variable whose value exceeds 

three standard deviations from the mean. The latter, as suggested by Powell (1997) has 

the disadvantage of resulting in the loss of a high number of observations. This the

sis incorporates a more parsimonious procedure employed by Shumway (2001) where 

all extreme values are winsorized at a minimum (maximum) given by the value corre

sponding to the one (ninety-nine) percentile.
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5.3.4 Industry-relative ratios

As mentioned by Platt and Platt (1990) and as suggested by most of the recently pub

lished literature (see for example Barnes, 1999 and Arnull-Ahnond, 2007, the use of 

industry-relative size ratios seems to improve the predictive ability of a model by par

tially eliminating the dynamic instabilities of the financial data as well as the distribu

tions variation across industries. While many previous articles have normalized only by 

scaling the variable by the industry average, as mentioned by Arnull-Almond (2007), 

this method has two main drawbacks (i) it generates an opposite sign in the estimated 

coefficients if the variables average is negative (ii) since the average is not subtracted to 

the main value, the interpretation of the sign of the coefficients is difficult to interpret. 

Arnull-Almond (2007) corrected the previous scaling by substracting the industry mean 

and dividing by absolute value of the industry mean. However, such a normalisation is 

likely to generate variables with a large proportion of extreme values when the average 

of the variable is close to 0. Brar et al. (2009), based on the study of Cudd and Duggal 

(2000), use the following standard gaussian normalization in order to compensate the 

latter drawbacks:

XiY =
X - Xjy

aiY
(5.1)

where Xjy is the average and u/y the standard deviation of the variable X in the industry 

I on the year Y. Xjy is the resulting normalized variable for a variable X belonging to the 

industry I in the year Y. This is the normalization method that was employed in our study.

In this study, the normalization was based on three main industries—namely Industrials, 

Telecommunication and Transportation. These three sectors correspond to the remain

ing industries represented by the Worldscope's General Industry Classification Number 

(code:WC06010) after excluding financial firms. Panel A and Panel B from Table 5.4 show 

the yearly distribution among the three industries for the period 1998-2007. The Indus

trial sector seems to be significantly more represented than the two other sectors. This is 

due to the large amount of manufacturing firms. An effort to reduce the overrepresenta

tion of the Industrial sector was made by attempting to sub-divide it using the first two

115



digits of the Standard Industrial Code (SIC). However some industries had a very small

number of firms for some years and this method was therefore abandoned.

Table 5.4: Distribution of the three selected industries in the sample population for the period 1998- 
2007

Year Croup Total Industrials Utilities Transportation

Panel A: UK yearly industrial distribution
1998 Non-Target 710 673 21 16

Target 92 87 4 1
1999 Non-Target 686 649 16 21

Target 99 93 3 3
2000 Non-Target 663 619 27 17

Target 86 79 4 3
2001 Non-Target 657 616 25 16

Target 41 34 6 1
2002 Non-Target 686 645 26 15

Target 46 45 1 0
2003 Non-Target 582 547 22 13

Target 92 89 2 1
2004 Non-Target 606 572 20 14

Target 55 54 1 0
2005 Non-Target 567 536 19 12

Target 62 55 6 1
2006 Non-Target 578 550 19 9

Target 73 65 5 3
2007 Non-Target 618 583 22 13

Target 78 71 5 2

Panel B: us yearly industrial distribution
1998 Non-Target 1854 1676 127 51

Target 216 188 21 7
1999 Non-Target 1818 1654 113 51

Target 240 211 25 4
2000 Non-Target 1892 1725 117 50

Target 241 223 11 7
2001 Non-Target 1803 1649 102 52

Target 106 97 3 6
2002 Non-Target 1674 1532 95 47

Target 73 70 2 1
2003 Non-Target 1450 1334 81 35

Target 70 64 5 1
2004 Non-Target 1463 1345 79 39

Target 89 84 3 2
2005 Non-Target 1489 1355 94 40

Target 106 96 5 5
2006 Non-Target 1509 1382 84 43

Target 122 112 6 4
2007 Non-Target 1460 1333 86 41

Target 139 123 9 7

5.4 Computer-based algorithms processing input data

5.4.1 Algorithm matching M&A data and corporate financial data

Building the yearly estimation and forecasting samples requires the merging of the M&A 

data with the corporate financial data. As names assigned to firms are generally different 

in TOBD and WD, and since matching firms manually is not possible for all firms, an 

algorithm was build in oi'der to match the names of firms subject to a takeover bid.

Details on the algorithm are provided in appendix D. The idea of the algorithm is to try
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to match the names assigned for each firm even if the name does not perfectly match. 

Therefore the algorithm attempts to match firms by name and when no name provides a 
match, the Datastream Codes are matched considering the possibility of a change on the 

firm's name. When a target company is matched a Worldscope ID code is assigned to the 

SQL table for that specific M&A deal. The algorithm works as follows:

1. If the target full firm's name in TOBD matches a full name in WD, then the company 
ID was linked.

2. If not, if the first word of the target firm's full name in TOBD matches a unique full 
name in WD, then the company ID was linked.

3. If the first word does not find a unique match and if the first two words of the target 
firm's full name in TOBD matches a unique full name in WD, then the company ID 
was linked.

4. If the first two words do not find a unique match and if the first two words of 
the target firm's full name in TOBD matches a unique full name in WD, then the 
company ID is linked.

5. The process stops when increasing one word in the matching process whether 

matches a unique firm or generates an empty match.

6. When the word matching fails, if available, Datastream Codes are matched.

7. If no matching was achieved, the companies remained unlinked and the target firm 

was not included in the estimation sample.

All firms matched by word were referenced by a matching number corresponding to 

the number of words needed to match the two firms.^ Given the imperfect matching 

generated by the word matching procedure, the links were manually corrected when 

two different firms were incorrectly linked. As a final step, it was checked that compa

nies linked by Datastream Code had changed their name. When the Datastream Code

’The maximum number of words needed to match a firm was found to be four, however this was not an 
arbitrary choice.
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matched a subsidiary with its Parent Company, firms were unlinked as the financial vari

ables of the Parent company were not deemed to accurately represent the financial profile 

of the subsidiary.

Yearly estimations samples were therefore built as follows. For each year, a table con
taining all the firm's corporate information corresponding to all variables included in 

the final set and belonging the non-financial sectors. Such a table thus contains all non- 
financial firms containing all available information in the year prior to acquisition. Sec

ondly, the dependent variable was built by assigning the value '1' to all firms having been 

subject of a takeover bid announcement during the estimation year but also having a link 
beh\'een TOBD and WD. The rest of the firms were considered as non-targets and a value 

'0' was assigned to the dependent variable. As a result, the yearly estimation samples 
contain all non-financial firms having publicly available information in the year prior to 
the estimation year to which a value '1' is assigned if the firm was subject to a bid during 
the estimation year and '0' otherwise. As mentioned in the previous chapter, forecasting 
samples are similar to estimation samples except that targets used during the estimation 
are excluded.

5.4.2 Algorithm matching predicted firms with control firms

Assigning a control sample to the models' yearly predicted firms also requires a com

puter generated algorithm to ensure a systematic matching process. As described in the 

previous chapter, the method recommended in Barber and Lyon (1997) was adapted to 

extract control firms from a similar population sample from which prediction samples 

were generated. For each predicted firm /, the algorithm proceeds as follows:

1. All public companies having available size (measured by the predicted firm's mar
ket capitalization) and book-to-market ratio during the prediction year.

2. The sample was reduced by excluding financial firms as well as firms that were not 

traded the year prior to the prediction year.

3. From this sample, a size group was created containing all firms whose size falls 

between 70% and 130% of the predicted firm's market capitalization.
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4. From this size group, the firm whose book-to-market ratio was the closest to the 

predicted firm was selected as a control firm for predicted firm i.

5. When the matching does not provide a unique firm, the control firm is randomly 

selected from the remaining group of firms.

The complete algorithm is shown in appendix D. One of the main constraints of this 

algorithm is that, given the power law distribution followed by the firm's size distribu
tion, the reduced samples are larger for smaller firms than for larger firms. Therefore, the 

algorithm may find some problems when attempting to match a large sample of firms. 
In practice, this was shown to be the case when considering the lowest cut-off value 0.1 

which generated on average samples exceeding 200 firms. As a result, the algorithm 
failed to build a matching control firm portfolio given that the sample of all firms in the 
707o - 1307o market capitalization was empty (i.e. all firms belonging to that size range 
had already been matched to other firms in the sample).

5.5 Summary

In this chapter, I described the different sources of data used to collect the information 

needed to follow the modeling framework described in the previous chapter. The first 
section recalled the definition of takeover that was considered in this study and presented 

the data collection process that was used to collect the M&A information associated with 

this definition. The corporate financial information section, presents the selection proce

dure of financial variables and describes the data collection process of these variables as 

well as the post-treatments that were applied. Finally, a last section provided two exam

ples of the algorithms that were constructed in order to build the estimation and holdout 

samples as well as the one generating the sequential matching of control firm portfolios 

to each predicted sample.

The M&A data was collected from Thomson One Banker database (TOBD). Consistent 

with Bartley and Boardman (1990) a wide definition of takeover was adopted encom

passing Tender Offers, Minority and Majority Stake Purchases, and Debt re-structurings 
excluding rumored deals. For each year, a realistic universe of firms was built using
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Datastream's Worldscope Database (WS). All active and traded public firms having pub

licly available financial information in the year prior to the estimation year were included 

in the sample. Such choice is likely to minimize survivorship bias and to provide a more 

realistic universe of firms than the one represented by a single major stock exchange. 

The firm's financial information was obtained using the Datastream database. Industry- 
relative ratios were used for each year within the selected period as they are likely to 

generate more stable distributions over time (Platt and Platt, 1990).

Following Barnes (1999), the variables used to estimate the models were first selected 

from both the vast M&A literature and the takeover prediction literature. A first list of 
forty-five variables was obtained. In order to preseiwe the maximum amount of informa
tion while minimizing the impact of multiple correlations in the estimated coefficients, 
multicollinearity was eliminated by excluding the variables that had correlation factors 
greater than 0.8 and Variance Inflation Factors greater than 5. As a result, a final set of 
nineteen variables was obtained.

Two fundamental algorithms were presented in order to illustrate the automatized con
struction of different samples used in this study. The first one executed a multiple match
ing procedure aiming to generate a link between the firms listed in TOBD and in WS. 

This matching process determines a unique identifier linking the two databases there
fore allowing to extract the corporate financial information (extracted from WS) of each 

target listed in TOBD. The second presented algorithm described the construction of the 

control firm portfolio based on a given predicted sample. The process implements the 

control matching procedure described in Barber and Lyon (1997).
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— Chapter 6

Estimation and predictive performance results

6.1 Introduction and overview

Following the analysis of the relevant literature and the description of the employed 
methodology, this chapter presents the estimation results of the takeover prediction mod
els as well the assessment of their predictive ability. As presented in the previous chapter, 
the estimation of the models is based on one-year rolling window estimations generating 
one estimation for each year during the period 1998-2007. For each estimation, out-of- 

sample forecasts were calculated thereby generating ten forecasts over the period 1999- 
2008.

Although most studies base their interpretation in one parametric estimation to deter
mine takeover characteristics, following the efforts of Powell (1997) and Harris et al. 
(1982), this chapter aims to analyze how these characteristics change over a longer time 
period. As mentioned by both authors, this is motivated by the contention that pooling 

data across long periods of time generates misspecified samples of target firms. In addi
tion, by analyzing the persistency of the model's parameters over an extended period, the 

objective is to capture the variables offering a frequently significant classificatory power 

but also showing sign consistency therefore making them a strong predictor as well. In 

addition, a cross-country analysis of fhe finally selected variables will be used to exam

ine the existence of global takeover characteristics. From a forecasting perspective, the 

ex-ante predictive power of the model tests the ability of capturing potential acquisition 

targets in the future. Perhaps surprisingly, while repeatedly suggesting the instability of 

the model's predictive ability both over time and across economies, the literature does not 

provide any attempt of measuring the predictive instability on any of these two levels. 

As most studies are based on point forecast estimates, a dynamic analysis of the model's 

robustness is crucial to understand the extent to which reported results are an accurate
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representation of the model's true predictive power. This chapter presents a unique em

pirical analysis of the predictive variability of takeover prediction models both over time 

and across two economies, the UK and the US.

The remainder of the chapter is organized as follows. Section 6.2 presents the estima

tions results encompassing (i) the univariate analysis of the selected financial variables, 

(ii) the dynamical analysis of the logistic regression's coefficients, and (iii) the empiri

cal results from the neural net's optimization. Section 6.3 presents, the analysis of the 

models' predictability in the UK and the US over the period 1999-2008. The results are 

presented separately for the Logistic Regression and Artificial Neural Networks followed 

by a comparative analysis on the techniques' predictive performance. Finally, Section 6.4 

summarizes and concludes the chapter.

6.2 Estimation results

6.2.1 Univariate analysis of the differences between targets and non-targets

Although an independent analysis of the employed independent variables is generally 

not relevant to determine the significant explanatory power of the variables, particularly 

for this present study, it has the advantage of informing about distributional changes as 

well as persistent differences over the selected period. This section therefore presents 

the univariate statistical differences between target and non-target fii-ms during the pe

riod 1998-2007. For each variable, the yearly univariate distributional characteristics are 

shown in Appendix A. The relationship between the variables and takeover likelihood 

will be further analyzed using multivariate models in the following sections.

As we can obseiwe, in the UK, most variables show a significant difference between tar

gets and non-targets in at least one of the considered years. In the US, there are also 

several variables showing significant differences between targets and non-targets. These 

variables are CETA (Capital Expenditures over Total Assets), ECES (Free-Cash Flow per 

Share), and TATU (Total asset Turnover) in the UK context and FCFS (Free-Cash Flow 

per Share), GSOY (One Year Sales Growth), ITUR (Inventory Turnover), and OPMA (Op-
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erating Margin) in the US context. A priori, this result suggests that variables are likely 

to have a similar discriminatory power in the UK and in the US. The results in the next 

section will show that this is not the case, and the UK-based model will show a much 
higher and robust explanatory power in a multivariate framework.

Furthermore, the yearly maximum and minimum values shows the existence of extreme 
distributional values that could affect the estimation of parametric models. This point 

justifies the outlier treatment undertaken in later section 6.2.2.4 where the impact of these 

extreme values is analyzed.

The following paragraphs describe the discriminatory power of the variables under a 

multivariate framework.

6.2.2 Logistic regression's estimation results

Among the two selected specification methods, the logistic regression is the only one 
offering the possibility of an analysis of the model's estimated parameters. As mentioned 

in the previous chapter, this advantage is coupled to a lack of flexibility of the model 
given the pre-specified functional form of the model.

Table B.l and Table B.2, reported in Appendix B, show the results of the logistic regres
sions estimated in each year of the period 1998-2007 using complete data in the UK and 

the US respectively. In order to analyze the time dependence of these estimated coeffi

cients, three different methods have been here considered. First, following Powell (1997), 

the study focuses on the variables' significance and examines their ability to repeatedly 

providing significant classificatory power. Then, as in Harris et al. (1982), the sign sta

bility of the estimates is studied with the objective of capturing variables providing a 

consistent effect over time. Finally, unique to the takeover prediction literature, 1 provide 

an analysis accounting for both views thus capturing robust variables in relation to both 

sign and significance.
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6.2.2.1 Stability of the coefficient's significance

As in Powell (1997), this section analyzes the variables' persistency classificatory power. 

Table 6.1 shows the variables frequently showing a significant discriminatory power over 
the period 1998-2007.

In the UK context, size (LNTA) seems to be a good predictor of takeover activity as it 

shows the highest significance persistency and a robust positive sign stability. Surpris
ingly, the sign contradicts several of the results found in the literature and therefore such 

finding deserves further discussion. Different sources were found to provide potential 
explanations. First, it is possible that some spurious correlation between the selected 
variables or data anomaly (e.g. outliers) may be driving this result. As 1 will later show 

in section 6.2.2.4, using a one and ninety-nine percentile winsorization, the elimination 
of extreme values generates insignificant changes and do not alter the previous conclu
sions. Another potential factor is the larger sample of firms contained in the Worldscope- 
Datastream database. As mentioned in Chapter 4, the latter contains a larger number 
of public firms as no listing in a major stock exchange is imposed. This suggests that 
a larger number of smaller firms (i.e. not satisfying the conditions for being listed in a 
major stock exchange) are included in our samples. As a result, although targets may 

be smaller firms relative to the average listed firm, this might not be the case when con

sidering a more complete universe of firms. Finally, it is possible that our definition of 

takeover, including other strategies of corporate control such as leveraged buy-outs and 
corporate re-structurings, may generate a sample containing larger companies than when 

using the more strict definition. Although the sign is not consistent with the general liter

ature, it seems to be supported by some of the recently reported results. In a similar anal

ysis within the UK context, Ouzounis et al. (2008) find a positive sign in the size variable 

therefore providing strong support for our result. In addition, ArnulI-AImond (2007), 

in the Australian context, found a significant positive sign in the size variable. Cremers 

et al. (2009) find an insignificant positive sign in the size variable even when consider

ing only completed during the period 1991-2004, however, a significant negative sign is 

found when considering both announced and completed deals. Overall, although the 

sign is not consistent with the general literature, the latter result may suggest that larger
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mergers might well be a current characteristic of these economies. Momentum (TIRE) 

appears to have a negative effect on takeover likelihood. The result contradicts the re

cent result of Brar et al. (2009) who find that momentum has a significant positive effect 
on takeover probability and this is probably due to the fact that momentum is measured 

two months before the acquisition in order to capture the abnormal stock movements 
preceding the announcement. The result is however consistent with the M&A theory 

for two reasons. First, the bad stock performance of a target in the year preceding an 
accjuisition is coherent with the inefficient management hypothesis. Indeed, following a 

repeated bad management performance, stockholders are likely to penalize the firm by 
selling their shares. As a second argument, following a bad stock performance, a firm is 
more exposed to be acquired given the bargain resulting in a possible stock offer. This 
result is in partial support of the undervaluation theory and supports the recent findings 

of Cosh and Guest (2001) in relation to the bad stock performance of hostile UK takeovers 
the year prior to acquisition. The positive sign on Leverage (LDTC) contradicts Lewellen 
(1971)'s interpretation and is in agreement with recent findings by Barnes (1999), Powell 
(2004) and Cremers et al. (2009). Price-to-book ratio seems to show a strong discrimina
tory power. However, its sign's inconsistency cast doubt on its ability to predict takeover 
activity. Finally, Interest coverage (ICOV) seems to be a moderately strong predictor 

showing a relatively stable negative sign and a frequent ability to discriminate target 
firms which is in agreement with Dietrich and Sorensen (1984). This provides further 

support to the relatively little evidence on the classificatory power of this variable.

In the US, the number of variables showing frequent significance is significantly larger. 

As we can see, several variables show no sign consistency over the period. The positive 

sign on Liquidity (CRAT) is consistent with the Growth-Resource Mismatch hypothesis. 

The negative sign in the dividend payout ratio (DPEA) is in agreement with the results 

of Dietrich and Sorensen (1984) and Arnull-Almond (2007). As mentioned by the latter, 

it is surprising that given the consistent support of this variable, a very small number of 

authors have included it in their models. As in the UK, leverage (LDTC) has a positive 

sign therefore providing greater support for the variable's consistency. Operating Mar

gin (OPMA) has a positive and stable sign and is in agreement with Barnes (1999). The 
negative relationship between Return on Equity (ROET) and takeover likelihood is con-
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sistent with most works accounting for similar measures of performance such as Cudd 

and Duggal (2000), Brar et al. (2009), and Cremers et al. (2009). The positive sign in To

tal asset turnover (TATU) is relatively puzzling as it is in partial contradiction with the 

bad performing characteristics suggested by previous ratios. However, such a result was 

found in the literature by a number of authors such as Stevens (1973) and Weir and Laing 

(2003) who find a positive and significant relationship and Barnes (1999) who finds a 

positive but insignificant effect. Finally, I find a negative and relatively persistent effect 

between Sales and Revenues (SREV) and takeover likelihood. The sign is in contrast with 

the findings of Tsagkanos et al. (2006) but is in agreement with the sign found in Meador 

et al. (1996).

Common to both economies, no variable shows a significant discriminatory power dur

ing the entire period. The fact that sev^eral of the variables do not present a consistent sign 

over time makes it difficult to characterize the profile of takeovers during the selected 

period. Although significance is an important aspect of the model's ability to accurately 

select target firms, the sign persistence is also a crucial aspect as it determines the ability 

of a variable to generate consistent predictions. This aspect is analyzed in the following 

section.

Table 6.1: Variables shozuiug frequently significant discriniinatori) pozveb’ in the UK and the
US during the period 1998-2007

Variable 98 99 00 01 02 03 04 05 06 07

Panel A: UK - Logistic Regression Model
GSOY -0.903**- -0.895* -0.960”
ICOV 0.153” -0.466* -0.411*** -1.626”
PTBR 0.274” -0.760” 0.401**’ -0.324”
TIRE -0.702'^ -0.465*” -0.36*”
LNTA 0.375”* 0.430*** 0.575” 0.787* 1.047* 0-355”* 0.623*

Pa}iel B: US - Logistic Regression Model
CETA -2.182* -1.628” 3.350*
CRAT
DPEA -0.179” -0.169” -0.287*

1.440” 6.508*” 0.618”

FCFS -1.168*” 44.09* -12.46*
GSOY -0.531*” 2.695* -16.88*
LDTC 9.049” 16.80* 2.440*”
OPMA 0.922*” 0.3784* 21.528” -12.38*
PTER 0.159*” -0.452”* 0.368*”
ROET -1.557*” -12.53* -8.292”
TATU 2.313” 1.394” 2.140”
TIRE
SREV

-0.231*”
-0.492*

-1.907* 1.878* 0.463*” 0.151”
-0.348*” -0.328”*

^ A variable was considered to exhibit frequently significant discriminatory power if it was found significant in at least three of the ten con
sidered years.Tlic discriminatory power's significance (given bv the regression) is based on a t-test of the null-hypothesis that the estimated 
coefficient is not different from zero. Tire degrees of freedom of the test depend on the number of observ'ations available in each estimation 
year. ♦.»*,* + * indicate significance using a two-tail t-test at the \%. .S"o and 10% respectively.
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6.2.2.2 Sign stability

Unlike Harris et al. (1982)'s comparative study, Powell (1997) fails to notice that, for the 

majority of the firm-specific variables (except for leverage and tangible assets), signs re

mained unchanged suggesting that the estimated model may have achieved above aver

age predictive power had it been tested in the consecutive period. Given its importance 

for both the model's consistency and its underlying predictive power, our focus will be 

now turned to the variables featuring sign stability over time.

Panel A in Table 6.2 lists the yearly values of the estimators having a moderate stability 

over time in the UK. As we can see, these variables (the average sign is shown between 

brackets) are: GSOY (-) except for the year 2007, LDTC (-(-) except for the year 2005, TATU 

(-) except for the year 2007, TIRE (-), LNTA (+) except for the year 1998, and SREV (-) 

except for the year 1998. In the UK, target firms seem to have lower growth, higher asset 

turnover, lower total investment return, bigger size and lower total amount of sales and 

revenues when compared to their respective industrial average. These results support 

the inefficient management, activity, growth-mismatch, and, as discussed in the previous 

section, they support recent results related to the size hypothesis. The inefficient man

agement hypothesis is strongly supported given that TIRE is the only variable that does 

not suffer of any sign change over the entire period. Our finding that targets have lower 

growth supports the results of Palepu (1986) and Barnes (1999) who find a significant 

negative impact of growth on takeover likelihood. The results also show that leverage is 

positively related with the probability of a firm being taken-over in agreement with the 

works of Stevens (1973) and Gremers et al. (2009), just to cite a few. Furthermore, the 

positive sign on asset turnover is consistent with the findings of Rege (1984) and Barnes 

(1999) but contradicts the findings of Sorensen (2000) and Arnull-Almond (2007). The 

size hypothesis, although not supported in a consistent manner, is supported by stability 

of both the positive sign of LNTA and the negative sign of SREV.

In the US context. Panel B in Table 6.2 lists the different yearly value of the estimators hav

ing a moderate stability over time. These variables (the average sign is shown between 

brackets) are: IGOV (-) except for the year 2000, DPEA (-) except for the year 2006, NSFA 

(-) except for the year 2005, LDTG (-(-) except for the years 1999 and 2007, TATU (-f) except
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for the years 2000 and 2001. In this case, target firms appear to be characterized by lower 

interest coverage, lower dividends over earnings, lower net sales over fixed assets, higher 

long term debt over total invested capital and higher total asset turnover than their indus

trial average. These results are supported by several of the previous findings among the 

takeover prediction literature. First, we find a negative relationship between the amount 

of dividends paid relative to earnings and the likelihood of takeover. Our finding is in 

agreement with the results of Dietrich and Sorensen (1984) and Arnull-Almond (2007). 

Secondly, the persistently negative coefficient of the variable NSFA supports the results 

of Ambrose and Megginson (1992) providing further evidence for the argument that tar

gets are firms characterized by higher net fixed total assets compared to their industrial 

average. Finally, the negative relationship between the interest coverage and the firms 

acquisition probability is consistent with Bartley and Boardman (1990)'s findings as well 

as with the previous result showing that US target firms have higher levels of leverage 

and therefore a lower capacity for covering their liabilities.

By comparing the two panels in Table 6.2, we can observe that two variables, LDTC (Long 

Term Debt over Total Capital) and TATU (Total asset Turnover), show a persistent sign 

stability in both the UK and the US. Not only do I find that the latter present a stable 

relationship towards acquisition likelihood but, most importantly, the reported sign is 

the same in both economies therefore suggesting the variables' strong predictive power. 

The result also suggests that this variables should be included when buildiirg general 

takeover prediction models. The analysis seems to provide a clear takeover profile in the 

US context where target firms seem to be good performers with high levels of leverage 

that seem to result in excessive pressure from shareholders, hr the UK context, however, 

the analysis does not seem to provide a consistent takeover profile as, for example, the 

positive sign of Total Asset Turnover seems to be in contradiction with the positive sign 

obtained for log(Assets) combined with the negative sign of Sales.

128



Table 6.2: Variables showing sign stabilit}/’ in the UK and the US for the estima
tion period 1998-2007

Variable Average
(t-test)*’

98 99 00 01 02 03 04 05 06 07

Panel A: UK - Logistic Regression Model
CRAT -0.807

(-1.457)
-2.00 -0.34 -0.87 -0.16 -4.27 -0.46 1.68 -2.18 1.55 -1.83

GSOY •0.727”
(-3.08)

-0.90 -0.90 -0.96 -0.89 -0.62 -0.41 -0.16 -0.26 -2.49 0.32

LDTC 0.400”
(2.67)

0.44 0.28 0.49 0.75 0.36 0.45 0.31 -0.44 0.14 1.41

TATU 0.154”
(2.60)

0.01 0.04 0.05 0.05 0.24 0.35 0.55 0.19 0.01 •0.11

TIRE -0.284”
(-3.095)

-0.70 -0.10 -0.47 -0-82 -0.04 -0.02 -0.17 0.10 -0.08 -0.36

LNTA 0.439*
(4.10)

-0.13 0.38 0.43 0.13 0.58 0.20 0.79 1.05 0.36 0.62

SREV

Panel B:

-l.ir 0.02 -0.77 -0.39
(-4.287)

US - Logistic Regression Model

-2.82 -1.14 -0.99 -1.51 -1.61 -0.35 -1.54

DPEA -0.131*
(-4.82)

-0.18 -0.11 -0.17 -0.29 -0.10 -0.08 -0.13 -0.18 0.05 -0.12

ICOV -0.663”
(-2.98)

-0.86 -0.12 0.07 -0.25 -2.19 -1.06 -0.39 -0.48 -1.31 -0.03

NSFA -0.29*
(-3.51)

-0.41 -0.03 -0.05 -0.35 -0.52 -0.10 -0.49 0.003 -0.16 -0.78

LDTC 3.22*”
(1.856)

0.44 0.09 0.49 1.36 1.12 9.05 16.80 2.44 0.69 0.65

TATU 0.843**
(2.606)

0.19 0.22 -0.26 -0.53 1.10 0.40 2.31 1.39 2.14 -0.11

“ A variable was considered to show inoderotc sign stability if the same sign was found in at least 8 of the ten considered 
years.
° 'fhe t-test examines the null-hypothesis that the average of the coefficient is not different from zero. 
significance using a tw’o-tail t-test witl'i ^ degrees of freedom at the 1%, 5% and 10% respectively.

■ indicate

6.2.2.3 Comparative study between the two approaches and cross-country 
comparison

As a combination of Harris et al. (1982) and Powell (1997)'s analytical frameworks, this 

paragraph offers an innovative method aiming to identify variables achieving both fre

quent discriminatory power and significant sign stability over the selected period. The 

results are shown in Table 6.3. For each economy, three variables appear to define robust 

features characterizing takeover targets during the period 1998-2007.

In the UK, firms seem to be bigger in size and having both lower productivity and lower 

market performance compared to their industrial average. The resulting picture seems 

to provide strong support to the inefficient management hypothesis. UK targets seem 

to be companies that have become larger than average altogether with disappointing 

sales growth which seems to be followed by shareholder's discontent and a subsequent 

takeover.

In the US, target firms appear to incur higher levels of leverage and be able to efficiently
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transform the capital in profitable investments. The low dividend payout combined with 

the high profitability and above average levels of leverage suggests that these are young 

firms at the earlier stages of growth using abnormally high levels of leverage. We can 

therefore see that, although some variables overlap in the previous analyzes, none of the 

variables seems to apply for both economies when considering both aspects. The features 
described are even in stalking contrast with the characteristics shown by UK targets. US 

targets can be seen as productive firms struggling to find the capital needed to evolve 
into subsequent stages of growth.

Finally, some variables appear as irrelevant since they display neither significance nor 
sign stability during the considered period. Their persistently low explanatory power 

combined with an erratic sign over time suggests their inability to discriminate between 
target and non-target companies. These variables are: CETA (Capital Expenditures over 
Total Assets) for the UK and ITUR (Inventory Turnover) for the US.

Table 6.3: Variables showing both frequently significant discriminatory powef and sign
stahilitxf in the UK and the US for the estimation period 1998-2007

Variable Average
(t-test)*^

98 99 00 01 02 03 04 05 06 07

Panel A: UK - Logistic Regression Model
CSOY -0.727**

(-3.08)
-0.90*** -0.895* -0.96** -0.89 -0.62 -0.41 -0.16 -0.26 -2.49 0.32

TIRE -0.284’*
(-3.095)

-0.702* -0.10 -0.47*** -0.82 -0.04 -0.02 -0.17 0.10 -0.08 -0.36***

LNTA 0.439*
(4.10)

-0.13 0.38*** 0.43*** 0.13 0.575** 0.20 0.787* 1.05* 0.36*** 0.62*

Panel B: us - Logistic Regression Model
DPEA -0.131*

(-4.82)
-0.18** -0.11 -0.17** -0.29* -0.10 -0.08 -0.13 -0.18 0.05 -0.12

LDTC 3.22***
(1.856)

0.44 0.09 0.49 1.36 1.12 9.049** 16.80* 2.44*** 0.69 0.65

TATU 0.843**
(2.606)

0.19 0.22 -0.26 -0.53 1.10 0.40 2.31** 1.39** 2.14** -0.11

^ A variable was coiisidercd to cxliibit frequently significant discriminator)’ power if it was found significant in at least three of the ten 
coitsidered years.Tlne discriminator)’ power's significaitcc (given by the regression) is based on a t-test of the null-hypothesis that the 
estimated coefficient is not different from zero. Tine degrees of freedom of the test depend on the number of observations available in each 
estimation year. *.**,* * * indicate significance using a tvs’O-tail t-test at the llo, and 10% respectively.
^ A variable was considered to show moderate sign stabilit)' if the same sign was found in at least 8 of the ton considered years.
^ The t-test examines the null-hypothesis that the average of the coefficient is not different from zero. * * indicate significance
using a two-tail t-test with 9 degrees of freedom at the 1%, 5% and 10% respectively.

As a general conclusion of this section, and as an answer to our first research question, 

the results suggest the existence of takeover characteristics achieving frequently signifi
cant discriminatory power and showing robust sign stability over long periods of time. 

In addition, contrary to the two previous analysis, the procedure provides a consistent set
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of characteristics defining the profile of target firms during the period 1998-2007 in both 

the UK and the US context. It should be underlined, however, that these variables are 

not stable across economies therefore suggesting that variables should be selectively cho

sen depending on the context takeover activity is being considered. The result provides 

support to the contention in the literature that takeover characteristics are inconsistent 

across-economies.

6.2.2.4 Influence of outliers

As mentioned in the previous chapter, in order to ensure that the present results are not 

driven by outliers, the estimations of the models was calculated using truncated data. 

Table B.3 and Table B.4, reported in Appendix B, show the details on the regressions esti

mated during the period 1998-2007 using the Shumway (2001 )'s winsorization procedure 

in the UK and the US respectively.

The exclusion of extreme values seems to have a small effect on the results using untrun

cated data. Table 6.4 shows, as in the previous section, the estimated coefficients (based 

on winsorized data) showing both frequent significant discriminatory power and moder

ate sign stability over time. The general results are consistent with the previous analysis. 

However, for both the UK and the US, a new variable entered the selection.

In the UK, Sales and Revenues seems to have a consistent negative and significant effect 

on takeover likelihood. The result is consistent with the low performing profile of UK 

target firms found in the previous analysis shown in Panel A of Table 6.3.

In the US, prior market performance (TIRE) shows a persistently negative sign over the 

considered period. However, the variable is significantly positive in 2004, therefore re

sulting in an insignificant average over the ten-year period. The result suggests that the 

variable may not offer a consistent explanation of takeover activity and is consistent with 

the conflicting results in the literature examining thelong-run pre-announcement per

formance of target firms in the US. As recently shown by Agrawal and Jaffe (2003), US 

targets do not show any particular stock return performance in the pre-announcement 

period.
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Table 6.4: Winsorized variables showing both frequently significant discriminatory power“ and 
sign stability'^ in the UK and the US for the estimation period 1998-2007

Variable Average
(t-lcst)'

98 99 00 01 02 03 04 05 06 07

Panel A: UK - Logistic Regression Model using winsorized data
CSOY -0.287”

(-3.09)
-0.16 -0.69* -0.44*” -0.51” -0.14 -0.09 -0.70 0.10 -0.35 0.10

TIRE -0.291”
(-3.150)

-0.68* -0.11 -0.42*” -0.89* -0.23 -0.02 -0.18 -0.01 -0.09 -0.30**

LNTA 0.566*
(5.045)

-0.18 0.32 0.70* 0.60 0.82** 0.32 0.82** 1.12* 0.53** 0.61*

SREV -0.604*
(-2.376)

0.071 -0.39*” -0.496” -2.84 -0.45”* -0.386 -0.31*** -0.409” -0.31*** -0.32***

Panel B: US - Logistic Regression Model using winsorized data
DPEA -0.135*

(-5.365)
-0.173” -0.11*” -0.18* -0.28 -0.11 -0.10 -0.10 -0.19 0.03 -0.14

LDTC 0.282”
(2.595)

0.18 -0.001 0.07 0.26 0.10 0.50*** 1.05* 0.16 0.61** -0.10

TATU 0.08***
(2.226)

-0.10 0.08 -0.11 0.08 0.13 0.14 0.15*” 0.23*** 0.19” 0-02

TIRE -0.067
(-0.437)

-0.20*** -0.104 -0.404 -0.297** 0.044 -0.175 1.236** -0.115 -0.471** -0.179

^ A variable was coiisidcrcd to exhibit frequently significant discriminatory power if it was found sigriificant in at least three of the ten considered 
ycars.Tlie discriminatory power's significance (given by the regression) is based on a t-test of the null-hypothesis that the estimated coefficient is 
not different from zero. The degrees of freedom of the test depend on the number of obser\'ations employed on each estimation year. *,*»,*** 
indicate sigiiificancc using a h\’o-tail t-test at the V'.o, ,S"o and 10% respectively.
^ A variable was considered to show moderate sign stabilit)' if the same sign was found in at least 8 of the ten considered years.
'• The t-tcsl examines the null-hypothesis that the average of the coefficient is not different from zero. *,**,* * ♦ indicate significance using a 
twtvtail t-test with 9 degrees of freedom at the 1%, 5% and 10% respectively-

6.2.3 Neural net optimization results

Following the optimization procedure described in Chapter 4 Section 4.2.4.2, I here pro

vide the results on the different architectures that were considered during the neural net's 
optimization process.

As previously mentioned, we have tested eight different numbers of nodes equally spaced 

between five and forty. For each year, each estimation sample was divided in a training 

sample and a validation sample accounting for 80% and 20% of the total sample respec

tively. The estimation of the model was executed using the training sample and the vali

dation sample was used to assess the model's out-of sample performance. The latter was 

calculated for five different numbers of epochs such as 5000, 10000, 20000, 50000, and 

100000. The same randomizing seed was used for every number of nodes, however its 

value was changed if the model was trapped in a local minima during the first cycles. 

A cut-off value of 0.5 was chosen to calculate the predictive performance of the model
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in order to minimize the selection bias towards lower or higher cut-offs^ Most of the 

previous works have chosen to measure predictive performance on the validation sam

ple by using the total number of correctly classified firms divided by the total number 

of firms (i.e. overall predictive accuracy) (see e.g. Maher and Sen, 1997; Zhang et al., 

1999). Here, predictive performance is defined by the C-ratio, defined in chapter 4 equa
tion 4.13, and the optimal number of nodes was therefore chosen as the one maximizing 

the proportion of targets in the validation sample. The reason behind this choice is that, 

because of the small proportion of targets in the population, the highest overall perfor
mance is frequently achieved by a model unable to predict any targets and such measure 

is not therefore desirable when the objective is to maximize the proportion of targets in 
the predicted portfolio.

After selecting the optimal number of nodes, optimization of the number of cycles was 
executed. Table 6.5 summarizes the characteristics of the Neural Network optimization 
process in both the UK and the US and for each of the estimation years considered during 
the period 1998-2007.

Table 6.5: Details on the Neural Net's optimization procedure for the UK and
the US during the estimation period 1998-2007

Estimation year UK validation test US validation test

Opt. HN" Opt. epochs^ Target density^ Opt. HN" Opt- epochs^ Target density'^

1998 25 5000 0.25 25 7000 0.273
1999 30 12000 0.667 15 2000 0.5
2000 35 9000 0.429 10 4000 1
2001 5 4000 0.095 10 19000 0.114
2002 10 17000 0.4 10 2000 0.25
2003 10 10000 0.375 3 20000 0.111
2004 5 8000 1 20 9000 0.4
2005 10 10000 0.125 5 45000 0.167
2006 40 3000 0.333 5 3000 0.333
2007 5 3000 0.5 5 35000 0.5

® The column Opt. HN shows the optimal number of hidden nodes selected for the given estimation year..
The column Opt. cpoc/is shows the optimal number of cvcles maximizing the proportion of correctly predicted targets 

in the validation sample given the selected number of hidden nodes.
The column density reports the proportion of correctly predicted target proportion using the validation sample.

After selecting the optimal number of nodes, the optimal number of epochs was selected 

as the one achieving the highest C-ratio in the validation sample. The latter was sam

pled every 1000 epochs for a given number of epochs usually between 2000 and 20000.

’For some years, a very low number of predicted targets arose from a 0.5 cut-off value as most of the 
models failed to predict any targets. As a result, a 0.1 cut-off value was used for the estimation years 2002, 
2003, 2004 for the UK and 2002, 2003 for the US.
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As a general feature of ANN, predictive performance increases during the first series of 

cycles and then starts decreasing showing signs of overfitting. However, for some of 

the estimation years, the patterns were found to be erratic and some decisions had to be 

taken in these unusual cases. First, if the same validation performance was found for two 

different number of epochs, then the performance was calculated for a different cut-off 

value (0.1 or 0.5 depending on the cut-off value chosen in the estimation year). Secondly, 

for one estimation year in the US context, the validation performance did not decrease 

when the number of epochs were increased. In that case, the process was stopped at the 

lowest number of cycles after which the same performance in the validation sample was 

observed.

6.3 Dynamic analysis of the predictive power of takeover fore

casting models

6.3.1 Logistic regression model

This section presents the prediction results based on the logistic regression as the model's 

specification. Table 6.6 and Table 6.7 show, for all considered cut-off values, the yearly 

proportions of firms predicted to be targets relative to the number of correctly predicted 

targets and the associated PRC in the UK and the US respectively for the period 1999- 

2008.

In the UK, Table 6.6 shows that the cut-off choice plays an important role in relation to the 

model's predictability. High cut-off values generate unstable predictions where relatively 

infrequent high performances are interspersed by frequent poor performances failing to 

include any target within the predicted sample. The result is consistent with the results 

reported by Barnes (1999) who, choosing a high cut-off value in order to maximize the 

target density in the predicted portfolios, did not manage to predict any targets correctly. 

Lower cut-off values, on the contrary, achieve a greater predictive stability as they fail 

to predict in only one or two years compared to six to eight years in the previous case. 

However, in some years, the increase in stability is generally followed by a decrease in
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the predictive performance. Therefore, the question to be now answered is: when low

ering the cut-off value, does the stability improvement offset the decrease in predictive 

performance? Looking at the average rate of prediction and the respective t-test statistics. 

Table 6.6 shows that the predictive ability is clearly improved. Although the reported t- 

statistics do not allow us to reject at the 10% significance level the null hypothesis that the 

model does not predict better than chance over the selected period, a cut-off value of 0.2 

appears to achieve the best predictive performance over the selected time frame of study.

In the US, Table 6.6 shows that there does not seem to be a strong effect between the choice 

of the cut-off value and the model's predictive performance. Although less pronounced 

than in the UK, higher cut-off values generate a certain degree of predictive instability 

as the model fails to predict any targets in three of the ten selected years. However, in 

the US, the instability does not significantly improve when lowering the cut-off value. 

As we can see, for high cut-off values the models do not predict any targets in three 

to four years compared to two years for low cut-off values (excluding the cut-off value 

0.1). Overall, the small increase in stability partially offset the higher predictive power 

shown by higher cut-off values resulting in middle cut-off values achieving the highest 

predictive performance (as shown by the average C-ratio and the corresponding test- 

statistics).

For both economies, none of the selected cut-offs allows us to reject the hypothesis that 

the logistic-based model predicts better than chance selection. The results, however, sug

gest that high cut-off values generate unstable predictive performances. In addition, 

consistent with the low explanatory power of the models, the prediction results seem 

to slightly outperform chance selection. Finally, both models show, even for lower cut

off values, an unstable predictive behavior suggesting that a point forecast estimate is 

generally not representative of the true ex-ante predictive ability of takeover prediction 

models. The implications of such results will be analyzed in the comparative analysis 

established in Section 6.3.3.
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Table 6.6: Dynamic of the Logistic Model's Yearly Predictive Power in the UK during the 
period 1999-2008

Prediction
year

Targets / Firms^ 
— Total —

PREDICTED TARGETS / TOTAL NUMBER OF PREDICTED FIRMS 
[PRC]^

0.9 0.8 0.7
Cut-off probabilit}' (Pc)

0.6 0.5 0.4 0.3 0.2 0.1

1999 96 / 755 0/0
[NA]

0/1
INA]

0/3
[NA]

0/5
[NA]

0/8
[NA]

0/13
[NA]

2/23
1-46.2]

9/106
[-49.8]

57 / 414 
[-8.3]

2000 81 / 720 0/2
INA]

0/4
[NA]

0/5
INA]

1 / 10 
[-12.5]

1 /14 
[-57.5]

2/20
[-12.5]

5/41
[8.4]

15 / 90 
[48.2]

63 / 423 
[32.4]

2001 36 / 671 0/2
[NA]

0/2
[NA]

0/3
[NA]

0/5
[NA]

0/5
INA]

0/7
[NA]

1/22
1-18.0]

3/76
[-35.9]

16/366
[-22.7]

2002 42 / 717 0/5
[NA]

0/5
[NA]

0/7
[NA]

0/7
[NA]

0/7
[NA]

0/11
[NA]

0/15
[NA]

1 /24 
[-40.6]

12/121
[69.3]

2003 88 / 656 4/19
[56.9]

4/20
[49.1]

4/22
[35.5]

4/24
[24.2]

4/24
[24.2]

4/24
[24.2]

4/25
[19.3]

4/26
[14.7]

4/30
[-0.6]

2004 44/617 0/2
[NA]

0/2
[NA]

0/3
[NA]

0/3
[NA]

0/4
[NA]

0 / 7 
[NA]

1 / 13 
[7.9]

6/46
[82.9]

36 / 506 
[-0.2]

2005 57 / 605 0/1
INA]

0/2
[NA]

0/3
[NA]

0/4
[NA]

0/4
[NA]

0/5
[NA]

0/6
[NA]

1 / 10 
[6.1]

31 / 202 
[62.9]

2006 72 / 625 0/4
[NA]

0/4
[NA]

0/4
[NA]

1/6
I44.7J

1/9
[-3.7]

2/14
[24.0]

4/21
[65.3]

7/40
[51.9]

22 / 238 
[-24.6]

2007 72 / 658 0/2
[NA]

0/2
[NA]

0/2
[NA]

0/2
[NA]

0/3
[NA]

1/5
[82.8]

1 /6 
152.3]

2/12
[52.3]

19 / 159 
[9.2]

2008 71 / 667 1/3
[213.2]

1/3
[213.2]

2/7
[168.4]

2/7
[168.4]

3/9
[213.2]

4 / 17 
[121.0]

5/28
[67.8]

11 / 76 
[36.0]

35/ 318 
[3.4]

C" 5.44 5.33 4.68 7.19 6.83 8.45 10.27 12.03 11.09

-1.204 -1.246 -1.634 -0.860 -0.897 -0.500 0.222 1.493 1.062

^ The column provides the total number of targets / the total number of finns included in the holdout sample.
° PRC refers to the prediction accuracy measure relative to chance selection shown in equation 4.14, The value NA is assigned when the 
model failed to correctly predict any target firm.
^ Provides the average predicted C-ratio,C/> (defined in equation 4.13), during the period lwq-2008.

The t'test examines the null-hypothesis that the average of tl^c coefficient is not different from zero. *,#*,♦ » * indicate significance 
using a two-tail t-test with 9 degrees of freedom at the 1%, 5% and 10% respectively.

6.3.2 Artificial Neural Network model

Table 6.8 and Table 6.9 show, for all considered cut-off values, the yearly proportions of 
firms predicted to be targets relative to the number of correctly predicted targets and 

the yearly associated PRC in the case of the UK and the US respectively for the period 

1999-2008.

In the UK, as shown by Table 6.8, the cut-off value does not appear to have a strong 

influence on the model's predictive power. It can be noticed that, for cut-off values higher 

than 0.2, the model fails to predict any targets in several years therefore suggesting that 

lower cut-off values generate a more stable predictive accuracy. This increase in stability 

is, however offset by the greater predictive performance generated by higher cut-offs in 

most of the other years. As a result, the ANN-based models' predictive performance 

seems to be independent from the choice of the cut-off value in the UK context.

In the US, the results show a much clearer picture. As shown by Table 6.9, the ANN-
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Table 6.7: Dynamic of the Logistic Model's Yearly Predictive Power in the US during the 
period 1999-2008

Prediction
year

Targets / Firms^ 
— Total —

TARGETS PREDICFED / TOTAL NUMBER OF PREDICTED FIRMS 
|PRC]^

0.9 0.8 0.7
Cut-off probability (Pc) 

0.6 0.5 0.4 0.3 0.2 0.1

1999 230 / 1966 0/1 0/3 1 /6 1/8 1 / 10 2 / 15 2/18 8/45 100 / 783
[NA] [NA] 142.5] 16.9] 1-17.0] 1-14.0] 1-5.3] [52.0] 19.2]

2000 226 / 2043 0/1 0/1 0/1 0/1 0/1 0/1 0/9 0/14 165 / 1418
[NA] |NA] |NA] [NA] ]NA] INA] INA] INA] [5.2]

2001 96 / 1836 1/3 1 /3 1/3 1/3 1/3 1/3 1/6 1/11 661 / 1120
[.337.5] [537.5] [537.5] 1537.5] 1537.5] [537.5] [218.8] [73.9] [12.7]

2002 73 / 1714 0/1 0/3 0/3 0/3 0/3 0/4 0/7 0/7 0/26
[NA] [NA] [NA] INA] INA] INA] [NA] INA] INA]

2003 69 / 1492 1 /23 1 /24 1 / 27 1 / 30 2/32 2/33 2 /36 2/40 3/65
1-6.4] (-11.01 1-24.9] [-38.7] [35.2] 131.1] 120.1] 18.1] 1-0.2]

2004 86 / 1520 1/7 2/12 2/15 2/16 2/18 2/23 2/30 2/35 8/72
[152.5] [194.6] 1135.7] [120.9] 196.4] 153.7] 117.8] 11.0] 196.4]

2005 103 / 1562 2/8 2/9 2/9 2/10 2/12 2/15 2/16 3/23 18/ 184
[279.1] [237.0] [237.0] [203.3] [152.8] [102.2] 189.6] [97.8] [48.4]

2006 117/1595 1 / 14 1 / 18 2/28 3/36 4 /49 5/56 5/69 6/81 6 / 105
1-2.7] 1-32.0] 1-2.7] [13.6] 111.31 121.7] [-1.2] 11.0] [-28.4]

2007 132 / 1555 2/21 2/28 2/34 3/42 5/60 6/84 10 / 115 16/ 194 43 / 541
112.2] [-18.8] 1-44.3] 1-15.9] 1-1.8] 1-15.9] 12.4] 1-2.9] 1-6.8]

2008 85 / 1477 0/5 0/7 0/7 1/8 1 /8 1 / 11 1 / 14 2/23 45 / 647
[NA] [NA] l.NA] [117.2] [117.2] 158.0] 124.1] 151.11] [20.9]

€<= 9.36 8.91 10.23 10.96 10.64 9.99 7.56 7.50 7.64
tc‘^ 0.557 0.451 0.844 1.105 1.045 0.885 0.241 0.233 0.492

“ The column provides the total number of targets / the total number of firms included in the holdout sample.
^ PRC refers to the prediction accuracy measure relative to chance selection shown in eijuation 4.14. TIk' value NA is assigned when the mode! 
failed to correctly predict any target firm.
^ Provides the average predicted C-ratio,C/j (defined in equation 4.1.3), during the period lWQ-2fl08.

The t-test examines the null-hypothesis that the average of tlic coefficient is not different from zero. *.*.*.*** indicate significance using a 
h\'o-taiI t-test with 9 degrees of freedom at the 1%, 5% and 10% respectively.

based model's predictive accuracy is highly unstable for higher cut-off values showing 
frequently low predictive rates with bursts of high predictive performance as in years 

2001 and 2008. For lower cut-offs, the model gains stability achieving a persistent and 
moderate predictive accuracy. By calculating the average C-ratio over the ten-year pe

riod, the maximum average prediction seems to be located on the 0.2 - 0.3 cut-off range. 
The result suggests that, in the US, more stable and greater average prediction perfor

mance can be achieved by using lower cut-off values.

Overall, ANN-based models seem to offer an attractive tool to predict takeover activity. 

Although the result is mixed for high cut-off values, in both the UK and the US, the 

model achieves positive and high predictive power relative to chance selection within 

the low cut-off range. The next section provides a comparison between the performances 

achieved by the Logistic and ANN-based models.
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Table 6.8: Dynamic of the ANN Model's Yearly Predictive Power in the UK during the period 
1999-2008

Prediction
year

Targets / Firms^ 
— Total —

PREDICTED TARGETS / TOTAL NUMBER OF PREDICTED FIRMS 
[PRC]^

0.9 0.8 0.7
Cut-off probabilit)' {Pq)

0.6 0.5 0.4 0.3 0.2 0.1

1999 96 / 755 5/29
[35.60]

5/37
[6.28]

5/47
[-19.52]

5/53
(-34.78)

5/56
[-42.4]

7/64
[-16.25]

8/69
[-9.67]

9/76
[-7.37]

9/90
[-27.15]

2000 81 / 720 10/86
[3.36]

18/110
[45.46]

21 / 129 
[44.7]

21 / 143 
[30.54]

25 / 159 
[39.76]

26 / 178 
[29.84]

27/200
[20]

31 / 219 
[25.83]

37/264
[24.58]

2001 36 / 671 1 / 37 
[-98.51]

1 /41 
[-120.0]

1 /45 
[-141.4]

1 / 52 
[-179.0]

3/61
[-9.09]

4/71
[5.01]

4/71
[5.01]

9/97
[72.94]

9/ 113 
[48.45]

2002 42 / 717 2/38
[-11.30]

4/49
[39.36]

6/60
[70.71]

7/71
[68.31]

7/76
[57.24]

7/82
[45.73]

7/96
[24.47]

9 / 111 
[38.42]

16/ 161 
[69.65]

2003 88 / 656 6/29
[54.23]

6/32
[39.78]

6/34
[31.55]

6/35
[27.79]

6/37
[57.24]

6/38
[17.7]

6/40
[11.82]

6/41
[9.09]

7/45
[15.96]

2004 44 / 617 2 / 16 
[75.28]

2/18
[55.81]

3/24
[75.28]

3/27
[55.81]

4/37
[20.89]

5/48
[46.07]

7/70
[40.23]

8/98
[14.47]

12 / 168 
[0.16]

2005 57 / 605 4/21
[102.17]

5/25
[112.28]

6/26
[150.7]

6/27
[135.9]

6/28
[51.6]

6/29
[119.6]

6/31
[105.43]

6/34
[87.31]

6/39
[63.29]

2006 72 / 625 2 / 24 
[-38.24]

2/25
[-44.0]

2/30
[-72.8]

3/33
[-26.7]

3/37
[-42.1]

3/39
[-49.76]

3/42
[-61.28]

3 / 48 
[-84.32]

5/56
[-29.02]

2007 72 / 658 0/1
[NA]

0/1
[NA]

0/2
[NA]

0/3
[NA]

0/9
[NA]

0/14
[NA]

0/19
[NA]

9/55
[49.55]

28 / 230 
[11.27]

2008 71 / 667 1 / 14 
[-49.03]

2/21
[-11.77]

2/23
[-22.41]

2/27
[-43.7]

2/34
[-80.96]

3/43
[-52.57]

5 / 53 
[-12.83]

6/73
[-29.51]

15 / 148 
[-5.03]

C' 10.45 10.79 10.77 10.29 10.12 10.13 9.90 11.47 11.12

0.294 0.460 0.402 0.207 0.135 0.146 0.036 1.081 1.035

^ The column provides the total number of targets / the total number of firms included in the holdout sample.
^ PRC refers to the prediction accuracy measure relative to chance selection shown in equation 4.14. The value NA is assigned when the model failed 
to correctly predict any target firm.

Provides the average predicted C-ratio,Gp (defined in equation 4.13), during the period lWJ-2008.
The t-test examines the null-hypothesis that the average of the coefficient is not different from zero. *. 

t-test with 9 degrees of freedom at the 1%, 5% and 10% respectively.
* * * indicate significance using a tw’o-tail

6.3.3 Comparative analysis and literature support

Following the analysis of each specification separately, this paragraph aims to compare 
their yearly performances.

For the UK, the models seem to have a similar predictive power and no model seems to 

be superior to the other one over the selected period. Some differences can be noticed 

as the logistic regression seems to perform better than ANN for low cut-off values and 

the opposite relationship is found when the cut-off value is increased. However, the 

difference is small and, in any of these cases, the hypothesis that the predictive power of 

the model is not different than the one generated by a random sample can be rejected. 

The result supports the work of Ouzounis et al. (2008) who find that ANN and Multiple 

Discriminant Analysis (MDA) have similar predictive abilities.

Contrary to the previous results, in the US context, ANN-models perform better for lower 

cut-off values whereas Logit-based models appear to perform better for higher cut-off
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Table 6.9: Dynamic of the ANN Model's Yearly Predictive Power in the US during the period 
1999-2008

Prediction
year

Targets / Firms^ 
— Total —

TARGETS PREDICTED / TOTAL NUMBER OF PREDICTED FIRMS 
[PRC]^

0.9 0.8 0.7
Cut-off probability (Pc)

0.6 0.5 0.4 0.3 0.2 0.1

1999 230 / 1966 1 / 15 4/26 6/32 6/34 7/39 9/46 9/51 13/90 86 / 683
[-75.48] 131.5] [60.27] [50.84] [53.42] [67.24] [50.84] [23.47] [7.63]

2000 226 / 2043 0/5 0/5 0/6 0/8 2/10 2/12 2/21 4/52 123/ 1040
INA] INA] INA] [NA] [80.8] [50.66] I-16.15] [-43.81] [6.91]

2001 96 / 1836 1 / .5 1 /6 1 /7 1 /9 1 / 10 1/11 3/18 5/31 51 / 829
[282.5] [218.75] [173.2] I112.5] [91.25] [73.86] [218.75] [208.47] [17.66]

2002 73 / 1714 0/.5 0/7 0/9 0/10 0 / 12 1 / 13 1 / 14 1 /20 2/36
IMA] INA] [NA] [NA] [NA] [80.61] [67.71] [17.4] [30.44]

2003 69 / 1492 0 / 0 0/0 0/0 0/2 0/6 0/10 0/15 1 / 21 3/40
INA] [NA] [NA] [NA] [NA] [NA] [NA] [2.97] 162.17]

2004 86 / 1520 0/9 0/9 0/9 1 /19 1 /24 1 / 29 2/51 14 / 196 12/ 168
[NA] [NA] [NA] [-7.5] [-26.36] [-39.05] [-44.28] 126.25] [35.67]

2005 103 / 1562 2/24 2/25 2 / 28 3/30 4/34 5/40 7/54 10/84 20 / 203
[26.38] [21.32] [8.32] I51.65] [78.41] [89.56] [96.58] [80.54] [49.41]

2006 117/1595 1 /22 1 / 22 1 / 22 1 / 22 1 / 22 1 /22 1 /22 1 / 22 1 / 22
[-61.38] [-61.38] [-61.38] [-61.38] [-61.38] [-61.38] [-61.38] [-61.38] [-61.38]

2007 132 / 1555 0/6 0/7 0/7 0/8 0/10 0/11 2/14 4/23 33 / 319
INA] ]NA] [NA] [NA] [NA] [NA] [68.29] [104.88] 121.87]

2008 85 / 1477 2/11 2/11 2/13 2/13 2/13 2/14 2/14 2/15 5/61
[215.94] [215.94] [167.33] [167.33] [167.33] [148.24] [148.24] (131.69) [42.43]

5.77 6.28 6.01 6.40 8.38 8.78 10.10 10.23 8.42
tc^ -0.459 -0.300 -0.429 -0.295 0.602 0.848 1.593 1.814*'* 1.382

® The column provides the total number of targets / the total number of firms included in tlic holdout sample
^ PRC refers to the prediction accuracy’ measure relative to chance selection shown in equation 4.14, TIk* value NA is assigned when the model failed 
to correctly predict any target firm.
^ Provides the average predicted C-ratio,Cp (defined in equation 4.13), during the period l^W-2008.

The t'tcst examines the null-hypothesis that the average of tlie coefficient is not different from zero, 
t-test with 9 degrees of freedom at the 1%, 5% and 10% respectively

indicate significance using a tv^’o-tail

values. For a cut-off value of 0.2 the ANN-based model seem to be able to reject at the 
10% level of confidence that the predictive power of the model is significantly better than 

chance. It therefore appears that ANN-based target prediction models are a more suitable 
tool for capturing takeover activity in the US. The result is in agreement with the findings 

of Cheh and Weinberg (1999) who provided evidence of the superiority of ANN relative 
to MDA as a regression tool to predict takeover activity.

Our findings confirm recently reported results in the literature. First, as a general obser

vation, for both the UK and the US, the models show a higher predictive instability when 

high cut-off values are selected. As a result, using higher cut-off choices do not seem to 

be an effective method to maximize the expected C-ratio which could explain, to some 

extent, the poor results achieved by Barnes (1999) and Powell (2001) when attempting 

to maximize the target proportion in their predicted portfolio. In addition, the results 

support the works of Cheh and Weinberg (1999) and Ouzounis et al. (2008) as Artificial 

Neural Networks seem to be a well-adapted tool to predict takeover activity in the US
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context whereas their performance in the UK context is comparable to other parametric 

techniques. Finally, our results emphasize the unreliable information of a point forecast 

estimation and show the advantage of a rolling forecast strategy to measure a model's 

predictive performance. As a result, the inherent predictive instability of the models ex

plains, at least to some extent, the lack of consensus among the works within the takeover 

prediction literature.

6.3.4 Comparison between classificatory and predictive power

Given the low classificatory power exhibited by the logistic-based model in some of the 

considered years (in particular in the US context), it is important to analyze whether the 

latter is related to the model's poor predictive power. Following Fildes and Makridakis 

(1995)'s contention and given the variability of the predictive power, this section attempts 

to analyze the extent to which the model's predictive v^ariability is driven by the achieved 

classificatory power. Figure 6.1 simultaneously shows the likelihood ratio (LR) obtained 

during the model's estimation and the predictive power generated using the estimated 

specification in the year following the estimation year in both the UK and the US contexts.

As shown in Figure 6.1a, in the UK context, no correlation seems to exist between the 

classificatory and the predictive performance of the models. In the US context, as shown 

by Figure 6.1b, we can observe a certain degree of correlation during the second half of 

the selected period. However, considering the entire period, no correlation seems to exist 

between the model's goodness of fit and its predictive power therefore suggesting that 

the observed predictive volatility is not due to the poor explanatory power achieve in 

some of the years.

In relation to the employed methodology, this result suggests that methods consisting in 

pooling M&A data across different periods, while certainly increasing the model's ex

planatory power, do not guarantee an increase in the model's predictive power. Perhaps 

of greater importance, in agreement with the estimation results, this finding underlines 

the importance of improving the sign and significance stability of the estimated regres

sors in order to build models with greater predictive robustness over time. Further re

search should focus on investigating takeover characteristics that are significantly stable
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Figure 6.1: Relationship between the logistic-based model’s classificatorp and predictive power in the 
UK (6.1a) and the US (6.1b) during the period 1999-2008. The classificatory power (straight line) is 
measured by the Log-likelihood ratio defined in eipiation 4.6 while the predictive power (dashed line) 
is represented by the yearly difference between the predicted and the random concentration ratio for a 
cut-off value of 0.2.

over the medium and long-term horizon.

6.4 Summary

This chapter has presented both the estimation results and the prediction performance of 

takeover prediction models specified using both Logistic regressions and Artificial Neu-
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ral Networks.

Under the methodology described in chapter 4, a one-year rolling estimation window 

was used to study the dynamic of the effects captured by the logistic regression translat
ing into takeover characteristics. Combining the analytic methods of Harris et al. (1982) 

and Powell (1997), for each economy, three variables were detected characterized by a 
consistent sign and relatively frequent significance during the ten-year period 1998-2007. 

In the UK, targets seem to be larger companies, with lower growth in sales and poorer 

market performance compared to their industrial peers. In the US, target firms seem to 

pay lower dividends and have higher levels of leverage combined with higher levels of 
asset turnover. A comparative analysis shows that US targets seems to be more efficient 

in the management of resources compared to UK targets.

For each of the previously mentioned estimations, an out-of-sample forecast was calcu
lated to study the inherent time-dependence of the takeover prediction model's predic
tive power. For all models, higher cut-offs generate more volatile predictions and, with 
the exception of the ANN-model within the UK context, fail to predict any targets in 
several occasions. Lower cut-offs seem to offer a more stable predictive environment 

and, with the exception of the US-based logistic model, generally offer a higher average 
predictive power over the selected period. Finally, although ANN-models show an im
provement in the predictive power achieved in the US context, the evidence for the UK 

is mixed. The results seem to suggest that US target characteristics are not as trivially 

captured as in the UK context.

142



— Chapter 7

Long-term investment risk and portfolio performance of

predicted firms

7.1 Introduction and overview

From an investor's perspective, two main reasons can be found to use takeover predic
tion models as basis of an investment strategy. From one side, by accurately capturing 
target firms, abnormal returns may potentially be eaimed given the significant bid pre
mium offered to target shareholders the day of the deal's announcement. In the words 

of Barnes (1990), if we compare the market for corporate control to a casino, the player 
able to systematically detect acquisition targets would certainly break the bank. The em

pirical evidence seems to confirm this idea as shown in Jensen and Ruback (1983) where 
a review of the documented acquisition gains are provided and where bid premiums 

as high as 40% are reported. From another viewpoint, by selecting firms with similar 
profiles as previously targeted firms, the models may potentially capture the set of char

acteristics making target firms attractive for acquirers and for the market as a whole. 

This contention is supported by the results of Wansley et al. (1983) who was able to gen
erate significant abnormal returns by selecting samples that did not contain any target. 

In practice, the literature has provided mixed evidence on the model's ability to per

sistently outperform the market and the extent to which the portfolio's profitability is 

related to model's predictive ability. The objective of this chapter is to first investigate 

whether abnormal returns can persistently be earned using takeover prediction models 

during the period 1999-2008 as well as the risk characteristic of the predicted portfolios 

in order to measure the "price to pay" for such profitability. Secondly, similar to the 

correlation analysis between classificatory and predictive power, it is also meaningful to 

analyze the relationship between predictability and pi-ofitabiUty in order to capture the 

extent to which profitability appears to be driven by the model's predictive ability. This
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relationship will help us to further understand the sources of gains underlying takeover 

prediction models.

The chapter is organized as follows. Section 7.2 presents the concept of the investment 
strategy that was used to assess the profitability of the selected predicted portfolios. Sec

tion 7.3 presents a first set of results using a market index benchmark allowing to measure 
the performance of the portfolios relative to a benchmark independent of the generated 

portfolios. Section 7.4 calculates the portfolios' abnormal profitability using a more accu

rate benchmark approach controlling for common market factors. Section 7.5 studies the 

relationship between the portfolios performance and the model's predictability. Finally, 
Section 7.6 summarizes and concludes the chapter.

7.2 Investment strategy

Following the literature, a buy-and-hold strategy based on an equally-weighted portfolio 

was built based on the models' yearly predicted firms as potential acquisition targets. For 
each prediction year and each considered cut-off value, abnormal returns were calculated 
using the investment procedure described in Chapter 4 Section 4.5.

It should be clarified that the objective of such a strategy is not to mimic an optimal 

trading strategy but to measure the potential abnormal profitability of firms selected by 

a takeover prediction model. As mentioned by Arnull-Almond (2007), a more realistic 
trading strategy would be to write call options on the firms most likely (and put op

tions for the less likely in the case of Cremers et al. (2009)'s investment strategy) to be 

taken-over. Such a strategy would therefore put a heavier weight on the gains triggered 

by takeover bid premiums, stock market run-ups, and more generally good performing 

firms.

The assessment of abnormal performance requires the choice of an appropriate bench

mark. As a first choice, a market index benchmark was chosen in order to provide a clear 

picture of the long-run abnormal returns generated by the predicted portfolios when 

compared relative to a conventional reference. Acknowledging the several flaws inher

ent to the market benchmark, a more exhaustive analysis is then conducted using a single

144



control firm matching procedure in order to account for the common market risk factors 

potentially driving the portfolio's profitability.

7.3 Market index benchmark approach

7.3.1 Logistic regression

The results of the yearly Buy-and-Hold Abnormal Returns (henceforth BHAR) relative to 

the market index benchmark are shown in Table 7.1 and Table 7.2 for the UK and the US 

respectively.

In both the UK and the US, higher cut-off values show a more volatile portfolio perfor
mance compared to the low cut-off values. This can be observed in the low significance 

of the t-tstatistics U/ achieved in the higher cut-off range. Additionally, lower cut-off val
ues seem to generate both significantly profitable and stable portfolios. Given the greater 
number of firms included in lower cut-off portfolios, the improved stability was to be 
expected.

In the US, the high portfolio performance achieved for a 0.9 cut-off deserves further dis
cussion. As shown in Table 7.2, the 0.9 cut-off value seems to be an exception to the 

lower performance achieved by higher cut-off values as it generates an annual average 
abnormal performance of 32.27% over the ten-year period. Although offering seemingly 

substantial long-term profitability, when looking at the yearly performances, the average 

result is clearly driven by the abnormal performance of 410.5% achieved in 1999. Were 

the investment to be started in the year 2000, the portfolio would generate a total loss of 

80.8% equivalent to a loss of 9.76% per annum during the nine-year period. Overall, the 

0.9 cut-off value does not seem to provide a reliable long-term investment.

As we can observe, the market benchmark clearly fails to capture the substantial gain 

reported by the 0.9 cut-off in 1999 thus suggesting that the latter might not be an appro

priate reference to measure abnormal profitability. This potential flaw is referred in Bar

ber and Lyon (1997) as skewness bias which underlines the limit of a market benchmark 

to control for the right skewness of the return's distribution. Paraphrasing the authors.
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it is common to obseive a sample firm with an annual return exceeding 100%, but un

common to observe a return on the market index in excess of 100%. In the next section, a 

control firm portfolio is used in order to account for the potential market factors driving 
the returns in each of the considered portfolios.

Table 7.1: Market index-based ahiormal retiirns‘‘ (in %) generated by the logistic model's 
predictions in the UK during the period 1999-2008

Prediction
year

Market
returns'^

BUY AND HOLD ABNORMAL RETURNS (BHAR) OF THE PREDICTED PORTFOLIO 
(Significance)^

0.9 0.8 0.7
Cut-off probability {Pq)

0.6 0.5 0.4 0.3 0.2 0.1

1999 21.3 -21.3 -31.8 -57.3** -19.5 21.4 31.7 5.8 49.9 35.9’
(NA) (NA) (0.030) (0.515) (0.695) (0.390) (0.795) (0.015) (0.000)

2000 -8.0 32.7 23.5 9.7 6.2 0.6 3.3 4.5 9.7** 10.4*
(0.642) (0.490) (0.739) (0.704) (0.960) (0.696) (0.483) (0.021) (0.000)

2001 -15.4 23.2 23 2 231 11.2 11.2 85 14.0*** 16.6* 21.8*
(0.645) (0.645) (0.423) (0.507) (0.507) (0.479) (0.059) (0.002) (0.000)

2002 -25.0 -17.4 -17.4 -20.9** -20.9** -20.9** 14.1 11.0 16.6 10.3***
(0.104) (0.104) (0.018) (0.018) (0.018) (0.699) (0.683) (0.396) (0.096)

2003 16.6 26.4 19.6 23.5 19.2 19.2 19.2 18.9 17.1 18.1
(0.166) (0.306) (0.248) (0.307) (0.307) (0.307) (0.293) (0.325) (0.242)

2004 9.2 -7.6 -7.6 -3.1 -3.1 -8.8 -11.4 2.4 12.2 10.7*
(0.815) (0.815) (0.870) (0.870) (0.545) (0.302) (0.809) (0.270) (0.000)

2005 18.1 -24.5 -13.0 -11.3 -14.2*** -14.2*** -20.7** -19.3** 0.1 7.2*
(NA) (0.376) (0.197) (0.066) (0.066) (0.046) (0.026) (0.994) (0.001)

2006 13.2 -42.0 -42.0 41.9 -22.7 -22.7 -14.8 -2.4 3.1 14.7*
(0.126) (0.126) (0.126) (0.267) (0.267) (0.296) (0.816) (0.711) (0.000)

2007 2.0 30.4 30.4 30.4 30.4 17.0 7.2 8.9 0.9 -0.1
(0.268) (0.268) (0.268) (0.268) (0.410) (0.749) (0.626) (0.929) (0.757)

2008 -31.5 -28.0 -28.0 -24.4** -24.4** -12.9 -15.6** -17.0*** -15.5* -11.8*
(0.121) (0.051) (0.084) (0.032) (0.038) (0.060) (0.010) (0.000) (0.000)

-2.79 -4.29 -7.21 -3.72 -0.23 3.52 3.23 11.57*** 11.63**
-0.31 -0.51 -0.78 -0.61 -0.05 0.68 0.82 2.17 2.87

“ Market index-based abnormal profitability’ is measured by calculating the buy-and-hold abnormal returns relative to the Market re
turn benchmark. The investment is initiated the first month (January) and is terminated in the last month (December) of the calendar 
prediction year.
^ The column Mnrket returns shows the raw rate of returns achieved by a buy-and-hold investment in a general market index for the 
selected calendar prediction year. In the UK context, the FTSE All Share Index was chosen as the market index.
^ The yearly abnormal return's significance is calculated using the t-test tijw AH (shown in equation 4.17) based on the null-hypothesis 
that the yearly abnormal returns are not different from zero. The degrees of freedom of each test depend on tlic number of firms included 
in the predicted sample. *,**.* * * indicate sigi-iificance using a two-tail t-test at the 1%,and 10% respccti\ ely.

Calculates the annualized average abnormal return generated by tine yearly predicted firms over tlic ten-year period 1^)99-2008.
^ Shows the result of the t-test f (shown in equation 4.18) examining the null-hypothesis that the average long-term abnormal returns 
arc not different from zero. *.**,* » * indicate significance using a two-tail t-test witln 9 degrees of freedom at the 1%, 5% and 10% 
re.spectixcly.

7.3.2 Artificial Neural Networks

Tables 7.3 and 7.4 show the Buy-and-Hold Abnormal Returns (BHAR) relative to a mar

ket index benchmark generated by the yearly predicted firms during the period 1999- 

2008 in the UK and the US respectively.

As shown in Table 7.3, in the UK context, for every selected cut-off value, the model 

seems to offer substantial total BHAR relative to the FTSE All Shares Index (FASI) with 

average long-term abnormal returns between a minimum of 14.92% at the 0.5 cut-off to a
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Table 7.2: Market index-based abnormal returns^ (in %) generated by the logistic 
model's predictions in the US during the period 1999-2008

Prediction
year

Market
returns^

BUY AND HOLD ABNORMAL RETURNS (BHAR) OF THL PREDICTED PORTFOLIO (in %) 
(Sigiiificancc)'^

0.9 0.8 0.7
Cut-off probability (Pc)
0.6 0.5 0.4 0.3 0.2 0.1

1999 21.1 410.5 89.0 59.6 51.2 39.8 15.1 28.2 30.6 22.8*
(NA) (0.638) (0.514) (0.420) (0.428) (0.658) (0.362) (0.165) (0.001)

2000 -11.2 -64.8 -64.8 -64.8 -64.8 -64.8 -64.8 25.5 11.8 17.1*
(NA) (NA) (NA) (NA) (NA) (NA) (0.118) (0.337) (0.000)

2001 -12.1 -13.6 -13.6 -13.6 -13.6 -13.6 -13.6 0.2 4.7 46.1*
(0.420) (0.420) (0.420) (0.420) (0.420) (0.420) (0.990) (0.778) (0.000)

2002 -22.1 •36.3 5.4 5.4 5.4 5.4 -10.8 -5.0 -7.7 -4.2
(NA) (0.823) (0.823) (0.823) (0.823) (0.823) (0.823) (0.823) (0.785)

2003 29.4 -36.3 11.3 10.4 7.7 6.5 6.3 4.2 28.4 13.6
(NA) (0.383) (0.402) (0.461) (0.521) (0.524) (0.659) (0.230) (0.358)

2004 9.8 33.6*** 35.2*** 31.3** 30.9** 32.0** 24.7** 21.0* 17.7* 13.2*
(0.094) (0.056) (0.034) (0.025) (0.011) (0.014) (0.008) (0.010) (0.005)

2005 5.6 -6.4 -0.8 -0.8 -7.9 -12.2 -6.9 9.1 -9.2 20.8***
(0.729) (0.966) (0.966) (0.646) (0.405) (0.568) (0.430) (0.322) (0.077)

2006 13.9 -4.7 -7.1 -1.2 0.9 2.2 3.3 4.3 6.6 3.8
(0.526) (0.238) (0.793) (0.813) (0.524) (0.300) (0.155) (0.025) (0.156)

2007 3.9 0.5 -0.7 -2.2 -4.3 -1.6 -0.7 -1.7 3.7 4.5**
(0.967) (0.933) (0.787) (0.511) (0.771) (0.897) (0.733) (0.318) (0.017)

2008 -38.7 -7.3 -9.9 -9.9 -15.5 -15.5 -11.6 -14.5 -9.4 -2.7*
(0.591) (0.325) (0.325) (0.154) (0.154) (0.253) (0.108) (0.171) (0.000)

{BHARn,ri 32.27 4.30 5.45 -1.00 -2.19 5.91 5.30 7.72 13.50**
0.75 0.33 0.87 -0.10 -0.24 -0.77 1.14 1.68 2.89

^ Market index-based abnormal profitability is measured by calculating the buy-and-hold abnormal returns relative to the Market 
return benchmark. Tlic investment is initiated the first month (January) and is terminated in the last month (December) of the 
calendar prediction year.
^ The column Market returns shows the raw rate of returns achieved by a buy-and-hold investment in a general market index for the 
selected calendar prediction year. In the US context, the Dow Jones Total Stock Market Index (DJSM) was chosen as the market index.
‘^Tlnc yearly abnormal return's significance is calculated using the t-test isHAIl (shown in equation 4.17) based on the null- 
hvpothesis that the yearly abnormal returns are not different from zero. The degrees of freedom of each test depend on the number 
of firms included in tlie predicted sample. * ,♦*,»» » indicate significance using a tv^’o-tail t-test at tlic 1%, 5% and 10% respectively.

Calculates the annualized average abnormal return generated by the yearly predicted firms over tine ten-year period 199Q-2CX)8.
^ Shows the result of the t-test f (shown in equation 4.18) examining the null-hypothesis that the average long-term abnormal 
returns are not different from zero. *,**,» * ♦ indicate significance using a two-tail t-test with 9 degrees of freedom at the 1%, 5% 
and 10% respectively.

maximum of 23.00% at the 0.9 cut-off. After adjusting for risk, the obtained test-statistic 

t]\.i varied betw^een a minimum of 1.55 at the 0.3 cut-off value to a maximum of 2.0 at 

the 0.8 cut-off value suggesting that the stability of the portfolio does not seem to be 
significantly affected by an increase/decrease of the cut-off value.

In the US, the model offers a moderate positive total BHAR for low cut-off values with 

a maximum average of 10.19% at the 0.1 cut-off level and negative long-term average 
BHAR for high cut-off values such as 0.9 and 0.8. When considering the risk-adjusted 

performance, the cut-off value of 0.1 also generates the portfolio with the highest infor

mation ratio. In this case, the t-statistics f a/ values vary over a much larger range between 

-0.67 and 2.19 corresponding to the cut-off values 0.9 and 0.1 respectively.

147



Table 7.3: Market index-based abnormal returns^ (in %) generated by the ANN model's 
predictions in the UK during the period 1999-2008

Prediction
year

Market
returns^

BUY AND HOLD ABNORMAL RETURNS (BHAR) OF THE PREDICTED PORTFOLIO (in %) 
(SigTiificancc)*^

0.9 0.8 0.7
Cut-off probability (Pq)
0.6 0.5 0.4 0.3 0.2 0.1

1999 21.3 124.7 109.2 107.7*** 95.0*** 91.9*** 105.9** 104.2** 98.8** 84.4**
(0.176) (0.131) (0.065) (0.068) (0.060) (0.027) (0.020) (0.015) (0.023)

2000 -8.0 2.8 7.3** 8.6* 6.8** 5.8** 5.8** 5.6** 6.5* 11.4*
(0.502) (0.049) (0.010) (0.029) (0.043) (0.027) (0,023) (0.006) (0.000)

2001 -15.4 15.9’‘** 17.9** 15.1** 19.3“ 20.2* 21.1* 24.3* 22.8* 24.0*
(0.051) (0.025) (0.047) (0.011) (0.004) (0.001) (0.000) (0.000.) (0.000)

2002 -25.0 6.7 8.9 4.2 -0.7 2.8 1.1 3.1 4.6 -0.3
(0.557) (0.473) (0.685) (0.936) (0.737) (0.885) (0.770) (0.469) (0.953)

2003 16.6 28.7 28.7 25.3 25.8 24.2 25.1 26.3 25.7 24.0***
(0.187) (0.151) (0.182) (0.161) (0.164) (0.140) (0.104) (0.104) (0.100)

2004 9.2 -8.6 -7.9 -4.4 -4.8 -4 9 -2.5 -6.4 -3.5 6.7
(0.496) (0.487) (0.626) (0.554) (0.437) (0.643) (0.165) (0.343) (0.216)

2005 18.1 15.7 14.1 13.9 13.9 12.3 15.5 14.8 13.3 11.3
(0.479) (0.449) (0.437) (0.420) (0.461) (0..W) (0.336) (0.344) (0.382)

2006 13.2 9.3 9.7 10.3 10.1 11.4 12.2*** 12.8** 13.5** 12.4**
(0.360) (0.320) (0.210) (0.186) (0.101) (0.068) (0.045) (0.022) (0.016)

2007 2.0 50.5 50.5 28.7 14.6 -0.02 2.5 -11.9 -2.1 -2.8
(NA) (NA) (0.319) (0.498) (0.998) (0.836) (0.293) (0.726) (0.305)

2008 -31.5 -13.2 ■14.3*** -12.8*** -14.6** -12.0** -9.9 -8.3 -6.2 -lO.O*
(0.225) (0.051) (0.084) (0.032) (0.038) (0.101) (0.113) (0.151) (0.003)

(BHAR^d 23.00 22.12*** 19.41*** 16.52 14.92 17.44 16.22 17.33 15.85***
1.83 2.00 1.86 1.77 1.65 1.70 1.55 1.79 1.93

^ Market index-based abnormal profitability' is measured bv calculating the buy-and-hold abnormal returns relative to the Market return 
benchmark. Tl'»e investment is initiated tlie first month (January) and is terminated in the last month (December) of the calendar prediction 
year.
^ The column Market rc/ums shows the raw rate of returns achieved by a buy-and-hold investment in a general market index for the 
selected calendar prediction year. In the UK context, the FTSE All Share Index was chosen as the market index.
^ The yearly abnormal return's sipiificance is calculated using the t-test f ^hah (shown in equation 4.17) based on the null-hypothesis 
that the yearly abnormal returns are not different from zero, Tine degrees of freedom of each test depend on the number of firms included 
in the predicted sample. * * indicate significance using a tu'o-tail t-test at the I'lo, 5% and 10% respectively.
^ Calculates the annualized average abnormal return generated by the yearly predicted firms over tlie ten-year period 19<W-2U08.
^ Shows the result of the t-test f j\f (shown in equation 4.18) examining the null-hypothesis that the average long-term abnormal returns 
are not different from zero. »,•*.* * * indicate significance using a two-tail t-test with 9 degrees of freedom at the 1%, 5% and 10% 
respectively.

7.4 Control firm portfolio approach

As previously stated, a market index benchmark although providing a clear picture of the 

ability of outperforming a common market reference, does not account for common mar

ket factors that may be driving the portfolio results. In addition, as mentioned in Barber 

and Lyon (1997), testing for abnormal profitability using a market index benchmark suf

fers from three main potential biases namely (i) new listing bias (ii) rebalancing bias and 

(hi) skewness bias. Following the work of Barber and Lyon (1997), the control benchmark 

seems to be the more accurate benchmark in capturing random market factors relative 

to the market index benchmark, size and market-to-book portfolios, and the Fama and 

French (1992) three-factor model. For each cut-off value and for each year, the control firm 

approach was applied to the predicted samples as described in Chapter 4 Section 4.5.3.
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Table 7.4: Market index-based abnormal returns" (in %) generated by the ANN model's 
predictions in the US during the period 1999-2008

Prediction
year

Market BUY AMD HOLD ABNORMAL RETURNS (BHAR) OF THE PREDICTED PORTFOLIO (in %) 
returns*^ (Significance)^

0.9 0.8 0.7
Cut-off probability (Pc)

0.6 0.5 0.4 0.3 0.2 0.1

1999 21.3 -30.6*
(0.007)

-21.9*
(0.006)

-8.2
(0.596)

-9.0
(0.540)

-12.4
(0.337)

-1.6
(0.919)

-1.6
(0.888)

-6.8
(0.345)

0.9
(0.895)

2000 -8.0 37.3
(0.447)

37.3
(0.447)

70.3
(0.206)

80.9**
(0.063)

89.2*
(0.002)

82.1**
(0.011)

47.0**
(0.026)

36.4*
(0.001)

17.5*
(0.000)

2001 -15.4 -35.3**
(0.046)

-21.0
(0.286)

-18.8
(0.260)

-8.0
(0.579)

-3.8
(0.777)

2.9
(0.834)

-0.3
(0.969)

7.4
(0.302)

41.7*
(0.000)

2002 -25.0 -48.3**
(0.012)

-22.1
(0.142)

-16.6
(0.227)

-16.9
(0.171)

-16.4
(0.155)

-16.0
(0.132)

-15.9
(0.106)

-13.9***
(0.079)

-5.1
(0.388)

2003 16.6 XXX
(NA)

XXX
(NA)

XXX
(NA)

-24.9***
(0.076)

-7.4
(0.384)

-5.1
(0..562)

-12.6
(0.310)

6.1
(0.698)

19.7
(0.136)

2004 9.2 23.8**
(0.033)

23.8**
(0.033)

23.8**
(0.033)

27.0**
(0.011)

25.5*
(0.003)

21.1*
(0.005)

20.2*
(0.000)

20.0*
(0.000)

17.6
(0.000)

2005 18.1 -3.2
(0.727)

-0.7
(0.941)

-0.3
(0.974)

-1.6
(0.839)

0.9
(0.897)

-2.6
(0.697)

38
(0.648)

22.1
(0.231)

13.4***
(0.094)

2006 13.2 -6.7
(0.223)

-6.7
(0.223)

-6.7
(0.223)

-6.7
(0.223)

-6.7
(0.223)

-6.7
(0.223)

-6.7
(0.223)

-6.7
(0.223)

-6.7
(0.223)

2007 2.0 27.0
(0.384)

26.6
(0.310)

26.6
(0.310)

21.6
(0.347)

10.1
(0.998)

22.7
(0.326)

19.4
(0.299)

12.1
(0.308)

2.9
(0.389)

2008 -31-5 ■29.5*
(0.005)

-29.5*
(0.005)

■31.0*
(0.001)

-31.0*
(0.001)

-31.0*
(0.001)

-31.0*
(0.000)

-31.0*
(0.000)

-28.6*
(0.001)

0.34
(0.944)

-6.56 -1.43 3.92 3.13 4.80 6.58 2.22 4.36 10.19***
-0.67 -0.18 0.40 0.30 0.46 0.67 0.32 0.79 2.19

^ Market-index based abnormal profitability is measured by calculating the buy-and-hold abnormal returns relative to the Market 
return benchmark. The investment is initiated the first month (January) and is terminated in the last month (December) of the calendar 
prediction year.
^ The column Market rehmis shows the raw- rate of returns achieved by a buy-and-hold investment in a general market index for 
the selected calendar prediction year. In the US context, the Dow Jones Total Stock Market Index (DJSM) was chosen as the market 
benchmark.

The yearly abnormal return's significance is calculated using the t-test t-BH AH (shown in equation 4.17) based on the null-hypothesis 
that the yearly abnormal returns are not different from zero. Tine degrees of freedom of each test depend on the number of firms included 
in the predicted sample. *,*»,*** indicate sigitificance using a tw’o-tail t-test at the I'i-o, 5"'o and 10% respectively.

Calculates the annualized average abnormal return generated by the yearly predicted firms over the ten-year period 19^-2008.
Shows the result of the t-test t (shown in equation 4.18) examining the null-hypothesis that the average long-term abnormal returns 

are not different from zero. * * indicate significance using a two-tail t-test with 9 degrees of freedom at the 1%, 5% and 10°/!>
respectively.

The cut-off value of 0.1 was excluded from the analysis as the large number of firms im

peded to build in most cases a control firm portfolio (see Chapter 5 Section 5.4 for more 

detail on this issue). Although partially restricting our analysis, the extremely large size 

of the portfolios generated by the a 0.1 cut-off value are not realistic from an investment 

perspective and do not therefore represent a significant concern in the analysis of the 

model's potential economic benefits.

7.4.1 Logistic regression

This paragraph presents the results of the logit-model's profitability relative to a control 
firm portfolio. Table 7.5 shows the results for the best performing portfolios. For the
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sake of clarity, the best performing portfolios were chosen on the basis of total maximum 

amount and highest significance. As a result, Table 7.5 only includes the portfolios gener

ated by a cut-off value of 0.2 in the UK (Panel A) and the portfolios generated by cut-off 

values 0.2 (Panel B) and 0.9 (Panel C) in the US. The complete results for all cut-off values 

are reported in Appendix C.

For both economies, the results show that a large portion of the abnormal profitability 

can be explained by the common market factors captured by the matched control firms. 

This is true in particular for the 0.9 cut-off value in the UK context where, for most, years, 

the control firm and the predicted portfolio show a similar profitability (i.e. a BHARc 

close to 0). Contrary to the market benchmark, the control firm portfolio is able to capture 

the highly \mlatile abirormal performance generated by the 0.9 cut-off value. Although 

there are extreme deviations in the years 1999 and 2000, their opposite sign and relatively 

similar magnitude suggest that, in the long-run, a control firm portfolio is an unbiased 

measure of abnormal profitability. In agreement with Barber and Lyon (1997), the re

sults confirm the efficiency of a control firm portfolio in capturing the firm's abnormal 

profitability using two common market factors such as size and book-to-market ratio.

As a general observation, logistic-based takeover prediction models do not seem to gen

erate long-term abnormal returns. Although significant returns are achieved for some 

specific years, the relatively unfrequent out-performance is not sufficient to generate sig

nificant long-run profitability. Once more, the result underlines the importance of using a 

rolling estimation method in order to account for the underlying instability of the models. 

Furthermore, our result suggests that, takeover prediction models' profitability should 

be assessed by using multiple estimation rather than based on a single scenario. Cremers 

et al. (2009) use a rolling estimation window to calculate out-of-sample takeover prob

abilities and find that abnormal returns can be generated over the fourteen-year period 

1991-2004. The difference with their results deserves a discussion. As a main difference 

with our model, Cremers et al. (2009) use corporate governance related variables and 

therefore include non-financial variables that are likely to have an important role within 

their concept of takeover vulnerability and therefore in the abnormal profitability of their 

selected predicted portfolios. If this is true, the result implies that logistic-based takeover 

prediction models using only accounting financial ratios have little hope in becoming
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successful investment tools within the US market. Another possible explanation is that, 

as their portfolios are based in decile/quintiles (i.e. 10% or 20% of the US population), 

the proportion of firms considered in their portfolios is larger than the portfolios gener

ated by the cut-off range 0.2-0.9 here considered. Hence, as observed in Table 7.1, in the 

US, the 0.1 cut-off value generates larger portfolios and provides higher total and risk- 

adjusted returns which is consistent with Cremers et al. (2009)' results. This result would 

suggest that although takeover vulnerability accounts for a firm's expected return, the 

market seems to efficiently incorporate the takeover vulnerability into the stock price of 

firms with the highest takeover likelihood. Finally, by yearly matching the control firm 

portfolios and therefore accounting for the yearly variation of the predicted firm's finan

cial profile, it is possible that the present work provides a more accurate measure of the 

long-mn abnormal profitability of the predicted portfolios.

7.4.2 Artificial Neural Networks

Table 7.6 shows the portfolio performance results of the control firm approach in the 

Uk and the US. As in the previous paragraph, the results are shown for the predicted 

portfolios maximizing either the total value or the significance of the generated long-term 

abnormal relative to the market index benchmark. For the US, the cut-off value 0.2 (Panel 

C) is included as it generates the maximum abnormal returns while achieving the highest 

significance. In addition, the rest of the cut-off values generate significant losses in the 

long-run. In the UK, although the 0.8 (Panel B) cut-off value achieves both the highest 

total cumulated return along with the highest significance, the cut-off value 0.2 (Panel A) 

is also included in order to examine whether the previously reported stability of the UK 

portfolio performance across the cut-off interval is maintained when using a control firm 

portfolio approach. In addition, as I shall discuss in a later section, as the 0.2 cut-off value 

achieves the highest predictive ability, the robustness of the associated portfolios will be 

used to analyze the relationship between predictability and profitability. The complete 

results for all cut-off values are reported in Appendix C.

As we can observe, in the UK, the predicted sample generates an average annual return 

of 11.97% (26.21%) for a cut-off value of 0.2 (0.8) with an Information Ratio of 1.64 (1.92).
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Table 7.5: Control firm portfolio-based abnormal returns'’ generated by the logistic model’s 
predictions’’ durmg the period 1999-2008 in the UK and the US

Portfolio
characteristics'

99 00 01 02 03 04 05 06 07 08

Panel A: UK- Logit Model using a 0.2 cut-off value
Size 106 90 76 24 26 46 10 40 12 76
C-ratio (in % 8.49 16.67 3.95 4.17 15.39 13.04 10.00 17.5 16.67 14.47
PRC (in%) -49.8 48.2 -35.9 -40.6 14.7 82.9 6.1 51.9 52.3 36.0
BHARc (in%) -20.6 10.4*** 10.8*** 32.5 16.9 -3.5 -19.7 2.7 -3.6 0-2
p-valuc*^ (0.511) (0.096) (0.984) (0.129) (0.448) (0.841) (0.223) (0.799) (0.831) (0.970)

Information ratio -0.51 0.43 1.14 1.59 0.63 -0.27 -0.82 0.52 -0.11 0.02

2.61
<c' 0.512

Panel B: US- Logit Model using a 0.2 cut-off value
Size 45 14 11 7 40 35 23 81 194 23
C-ratio (in %) 17.78 0-00 9.09 0.00 5.00 5.71 13.04 7.41 8.25 8.70
PRC (in%) 52.0 NA 73.9 NA 8.1 1.00 97.8 0.98 2.93 51.1
BHARc (in%) 40.1 3.4 -26.4 -8.4 -0.3 24.2** -2.4 3.4 8.2*** -9.4
p-valuc*^ (0.136) (0.882) (0.208) (0.754) (0.994) (0.014) (0.897) (0.575) (0.091) (0.171)

Information ratio 0.69 0.06 -0.44 -0.36 -0.02 0.74 -0.13 0.19 0.71 -0.53

tc'
3.25
0.560

Panel C: US- Logit Model using a 0.9 cut-off value
Size 1 1 3 1 23 7 8 14 21 5
C-ratio (in %) 0.00 0.00 33.33 0.00 4.35 14.29 25.00 7.14 9.52 0.00
PRC (in%) NA NA .537.5 NA -6.4 152.5 279.1 -2.7 12.2 NA

BHARc (•r'%) 333.8 -207.5 -14.0 -74.0 -2.2 2.6 11.1 -2.2 -0.7 -18.9
p-x’aluo^^ (NA) (NA) (0.719) (NA) (0.910) (0.896) (0.663) (0.858) (0.967) (0,449)

Information Ratio 1.03 -0.87 -0.28 -0.48 -0.07 -0.27 -0.81 0.52 -0.05 -0.50

2.79
0.066

^ Control firms portfolio-based abnormal profitability was measured by calculating the buy-and-hold abnormal returns relative to a 
control firm portfolio matched as in Barber and Lyon (1997). Details on tlic selection procedure of tlie control firms are provided in 
chapter 4 section 4-5.3. The buy-and-hold investment is initiated tlic first month (January') and is terminated in the last month (December) 
of the calendar prediction year.
^ The table only shows the control firm approach for tine cut-off values adnieving tlic highest total amount and/or significance of abnormal 
profitability relative to the market benchmark.
^ Size, C-ratio and PRC provide the sample size, the concentration ratio (as defined in equation 4.13), and tlic prediction performance 
relative to a random portfolio (defined in equation 4.14. BH ARq denotes the yearly buy-and-hold abnormal returns generated by the 
predicted portfolio over the control firm portfolio.

The yearly abnormal return's p-valuc is calculated using the t-test ^bh All (shown in equation 4.17) based on the null-hypothesis that 
the yearly abnormal returns are not different from zero. The degrees of freedom of cadi test depend on the number of firms included in 
the predicted sample. *,**,* * * indicate significance using a twm-tail t-test at tlic I'lo, 5% and 10% respectively.

Calculates the annualized average abnormal return generated by tlic yearly predicted firms over tlic ten-year period 1999-2008.
^ Shows the result of the t-test (shown in equation 4.18) examining the null-hypothesis that the ai’crage long-term abnormal returns 
arc not different from zero. *,*»,* * * indicate significance using a two-tail t-test witli 9 degrees of freedom at the 1%, 5% and 10% 
respectively.

Thus, in the UK case, the market benchmark results (previously reported on Table 6.8) do 

not seem to be driven by common market effects such as the firms' size and market-to- 

book ratio characteristics. On the contrary, in the US context, the relatively low returns 

given by the 0.2 cut-off value relative to the market benchmark (previously reported on 

Table 7.4) seem to be significantly reduced when using control firm portfolios resulting 

in an average annual return of 1.37% and an information ratio of 0.25. Therefore, no 

abnormal returns seem to be available in the US when employing this type of takeover
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prediction model.

In looking at the risk-return profile of the yearly predicted portfolios in order to investi

gate if the higher returns achieved in the UK stem from the selection of high risk compa

nies. As shown in Table 7.6, for the two considered cut-offs, UK yearly predicted portfo
lios present Information Ratios higher than 0.5 for at least half of the period and lower 

than -0.5 in only one year. The US shows a much riskier environment with Information 
Ratios higher than 0.5 in only three years and lower than -0.5 in also three years. The 

latter result suggests that UK predicted portfolios offer a more rewarding but also a more 

reliable risk-return profile.

CK^erall, for both economies, although the sign and significance of the reported abnor

mal returns are different, the conclusions confirm the market benchmark approach. As 
a summary, the UK context seems to be a more suitable context to use ANN-based take
over prediction models as an investment strategy. The evidence is also in agreement 
with Ouzounis et al. (2008) where ANN-based takeover prediction model strategies earn 
significant abnormal return over between a 12-months to a 21-months buy-and-hold pe

riod. Overall, the result provides further evidence for the use of ANN-based models 
in the US context and shows that, using size and market-to-book ratio matched control 
firms, no abnormal profitability seems to be achieved by the predicted portfolios over the 
long-term horizon relative to firms having similar size and market-to-book ratio charac

teristics. This result is in contradiction with the results reported by Cheh and Weinberg 
(1999), however, as they considered random benchmark portfolios to match their pre

dicted portfolios, it is possible that common market factors were not properly accounted 

for. It is also possible that, by including three different lags for each explanatory variable, 

their model may anticipate more accurately acquisition factors that had not yet been dis

counted by the market. As I shall discuss in the next chapter, the influence of lagged 

variables remains an interesting subject for further research.
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Table 7.6: Control firm portfolio-based abnormal returns^ generated by the ANN 
model's predictions^ during the period 1999-2008 in the UK and the US

Portfolio
characteristics^

99 00 01 02 03 04 05 06 07 08

Panel A: UK- ANN Model using a 0.2 cut-off value
Size 76 219 97 111 41 98 34 48 55 73
C-ratio (in %) 11.84 14.16 9.28 8.11 14.63 8.16 17.65 6.25 16.36 8.22
PRC (in%) -7.37 25.83 72.94 38.42 9.10 14.47 87.30 -84.32 49.55 -29.51
BHARc (in %) 72.05*** -3.12 16.64* 1.0 14.97 -8.8 18.2 -4.24 2.9 10.1***
p-valuc*^ 0.067 0.410 0,007 0.905 0.432 0.253 0.289 0.661 0.708 0.072

Information Ratio 1.12 -0.24 1.08 0.07 0.67 -0.69 0.57 -0.41 0.24 0.64

{BH ARc)Vn%) 11.97
1.64

Panel B: UK- ANN Model using a 0.8 cut-off value
Size 37 110 41 49 32 18 25 25 1 21
C-ratio (in %) 13.51 16.36 2.44 8.16 18.75 11.11 20.0 8.0 0.0 9.52
PRC (in%) 6.28 45.46 -119.97 39.36 39.77 55.8 112.28 -44.0 NA -11.77

BHARc (hi%) 98.28 3.23 15.75*** 18.5 11.49 -10.8 19.7 -13,01 114,43 8.4
p-valuc^ 0.147 0.534 0.090 0.174 0.629 0.627 0.415 0.398 NA 0.462

Information Ratio 1.25 0.18 0.80 0.74 0.61 -0.24 0.49 -0.64 1.43 0.34

{BHARc)*Mrx%) 26.59
tc' 1.92

Panel C: US- ANN Model using a 0.2 cut-off value
Size 90 52 31 20 21 196 84 22 23 15
C-ratio (in %) 14.44 7.S9 16.13 5.00 4.76 7.14 11.91 4.55 17.39 13.33
PRC (in%) 23.47 -43.80 208.47 17.40 2.97 26.25 80.54 -61.38 104.88 131.69

BHARc (in%) -9.7 194 -14.7 -18.3 -4.8 13.0* 13.5 -1.0 32.7** -16.3***
p-valuc^ 0.497 0.160 0.133 0204 0.822 0.006 0.499 0,917 0.023 0.052

Information Ratio -0.77 0.47 -0.62 -0.62 -0.17 0.67 1.12 -0.07 0.65 -0.40

<Bi-/.4Kc>'(in%) 1.37
0.25

^ Coiitrol firms portfolio-basod abnormal profitabilit}- was measured by calculating the buy-and-hold abnormal returns relative to 
a control firm portfolio matched as in Barber and Lyon (l^WT). Details on the selection procedure of tlie control firms are provided 
in chapter 4 section 4.5.3. The buy*and-hold investment is initiated tine first montln (January) and is terminated in tine last month 
(December) of the calendar prediction year.
^ Tine table only show’s tine control firm approach for the cut-off values achieving tine highest total amount and/or significance of 
abnormal profitability relative to tine market benchmark.
^ Size, C-ratio, PRC and Information Ratio measure the sample size, tine concentration ratio (as defined in equation 4.13), and the 
prediction performance relative to a random portfolio (defined in equation 4.14) and tine yearly information ratio(dcfined in equa
tion 4.19 characterizing the yearly predicted portfolios. BH ARq and Information Ratio denote the yearly buy-and-hold abnormal 
returns and tine yearly information ratio(defined in equation 4.19 generated by the predicted portfolio over the control firm portfolio.

The yearly abnonnal return's p-valuc is calculated using the t-test tsH AR (shown in equation 4.17) based on the null-hypothesis 
that the yearly abnormal returns are not different from zero. Tine degrees of freedom of each test depend on tine number of firms 
included in the predicted sample. *.**,*** indicate significance using a two-tail t-test at tine l"o, 5"o and 10% respectively.

Calculates the annualized average abnormal return generated by the yearly predicted firms over tine ten-year period 1999-2008. 
‘shows the result of the t-test t(^ (shown in equation 4.18) examining the null-hypothesis that the average long-term abnormal 
returns are not different from zero. *,»*,* * * indicate significance using a two-tail t-test w’ith 9 degrees of freedom at the 1%, 5% 
and 10% respectively.

7.5 The relationship between predictability and portfolio per

formance

7.5.1 Logistic regression

This section attempts to provide further insight on the link between the predictive power 

of logistic-based takeover prediction models and their ability to generate abnormal re-
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turns. Figure 7.1 shows, for each considered cut-off value, the significance of the model's 

average predictability and the significance of the long-run average performance relati\’^e 

to the market benchmark for both the UK (7.1a) and the US (7.1b).

In the UK context, average portfolio returns seem to be strongly linked with the average 
predictive ability exhibited by the models. As seen in chapter 6, the logit model showed 

a poor and unstable predictive performance for higher cut-off values whereas a more sta
ble and higher predictive ability was achieved at low cut-off values. Similarly, as shown 

in Table 7.1, the model generates a negative average performance for high cut-off values 
whereas it provides a long-run positive abnormal profitability for cut-off values lower 
than 0.4. However, high yearly predictions do not seem to be correlated with high yearly 

portfolio performance. The result implies that the profitability underlying takeover pre
diction models is less triggered by the bid premium or a takeov^er announcement run-ups 
but than by good performing aspects related to takeover targets including takeover vul
nerability.

Interestingly, in the US context, the cut-off values maximizing the predictive ability are 
the ones that perform worse in the long-run. This weak relationship between predictabil

ity and portfolio performance may suggest that the US market is more efficient in antici
pating takeover vulnerability and incorporating it into a firm's valuation.

7.5.2 Artificial Neural Networks

This section compares the predictive power of the ANN-based takeover prediction model 

and their ability to generate abnormal returns. Figure 7.2 shows, for each considered cut

off value, the significance of the model's average predictability and the significance of the 

long-run average performance relative to the market benchmark for both the UK (7.2a) 

and the US (7.2b).

In the UK, when examining the hypothesis linking predictive ability and portfolio per

formance, average predictability appears to drive a portion of the average portfolio per
formance. However, the yearly predictive ability is generally not an accurate predictor 

of the yearly generated profits, as shown by the high portfolio performances in 1999 and
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Figure 7.1: The relationship between the significances of predictability relative to random selection 
and profitability relative to the market index benchmark using an logistic takeover prediction model 
for both the UK (subfigure 7.1a) and the US (subfigure 7.1b) during the period 1999-2008.

2007, two years where the model achieves a low predictive accuracy compared to random 

selection (reported on Table 6.8). Therefore, although the relationship holds when con

sidering average performance, the results do not seem to be verified when considering 

the yearly performances. This result is in agreement with the hypothesis that takeover 

prediction models are potentially able to generate abnormal returns by selecting firms 

having the same attractive financial profiles as the one encountered in target firms (Wans- 

ley et al., 1983). As suggested by Brar et al. (2009), part of the predicted firm's attractive 
profile could be explained by stock market run-ups driven by rumors of takeover. In
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addition, more in the view of Cremers et al. (2009), the results further show that ANN- 

based takeover prediction models may be a more suitable method to measure takeover 

vulnerability in the UK relative to logistic-based models.

In the US context. Figure 7.2b suggests a relatively stronger relationship between the 

model's average predictive ability and the risk-adjusted portfolio performance. How

ever, similar to the UK results, the relationship does not seems to be valid for every year 

as observed in the years 1999,2002 and 2003 (2000) where the predicted portfolio achieves 

a positive (negative) PRC while earning negative (positive) abnormal returns. Therefore, 

in the US, the relationship between predictability and the predicted portfolios' perfor

mance seems to exist when considering average performances over the selected ten-year 

period.

Of greater interest, the significant predictive power achieved in the US is not translated 

into the possibility of earning significant long-term abnormal returns. Several reasons 

could explain this result. First, the US market being more active market than in the UK, 

it is possible that the potential outperformance of the model's predicted firms are an

ticipated with a greater long-run accuracy in the US. The latter point therefore implies 

that, in the US, the model is not able to "beat" the market's expectations sufficiently in 

advance. A second point could be that US target firms' general characteristics are not 

well captured by the present model. As reported by Ambrose and Megginson (1992), Es- 

pahbodi and Espahbodi (2003) and Walter (1994), several non-financial characteristics are 

likely to influence the selection of US target firms such as the importance of anti-takeover 

defenses such as blank-check preferred stocks, the different anti-takeover tax laws exist

ing among different states, and the tax savings incentives respectively. Einally, it is pos

sible that the common target characteristics are different in the two selected economies 

resulting in a model capturing more profitable financial profiles in the UK context.
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Figure 7.2: The relationship between the significances of pnvdictability relative to random selection 
and fnvfitability relative to the market index benchmark using an ANN takeover prediction model for 
both the UK (subfignre 7.2a) and the US (subfigiire 7.2b) during the period 1999-2008.

7.6 Optimal conditions to use takeover prediction models as an 

investment strategy

The market index benchmark approach previously showed that, for lower cut-off values 

(and sometimes for higher cut-off values), the models could potentially generate positive 

long-term abnormal return. As we have shown in this section, the use of a more accu

rate benchmark accounting for common market factors such as the control firm portfolio
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had a significant impact on the conclusions regarding the profitability of the logit-based 

takeover predictive model. The result therefore suggests that the latter selects takeover 

profiles that are easily captured by common profitability factors. However, in the case 

of the ANN-based model, the control firm portfolio approach only intensifies the con
clusions established with the market benchmark approach. When applied to the UK, the 

ANN-model seems to capture non-trivial takeover characteristics that do not seem to be 

incorporated in the firm's price.

The UK coiafext seems to be a more suitable context to use takeover prediction models as 

an investment strategy. This evidence is in agreement with Ouzounis et al. (2008) where 
ANN-based takeover prediction model strategies earn significant abnormal return over 
between a 12-month to a 21-month buy-and-hold period.

7.7 Summary

This chapter presented the long-run portfolio performance of takeover prediction models 
using an equally-weighted buy-and-hold strategy consisting of investing in portfolios 
built on the yearly predicted firms over the period 1999-2008.

First using a market index benchmark, for low cut-off values, takeover prediction models 

seems to provide higher returns in the UK than in the US. Higher cut-off values seem 

to generate a highly volatile investment. The logistic regression results shows a good 
picture of the level of risk underlying a high cut-off value choice. In the UK, a 0.9 cut-off 

value, despite the substantial gains in years 2000 and 2007, generates average losses on 

the long-run whereas, in the US, given the substantial performance in 1999, the portfolio 

offers a substantial abnormal return over the ten-year period. Overall, except for the 

UK-based ANN model, a higher cut-off value seems to generate a more risky investment 

portfolio. Our results therefore seem to relativize the results of Cremers et al. (2009), 

given that large portfolios (as captured by lower cut-off values) seem to provide long- 
run abnormal returns, however a portfolio built with firms with the highest takeover 

vulnerability does not seem to perform as well. The result suggests that market makers 
may incorporate takeover vulnerability in firms showing the highest takeover likelihood.
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When using a control firm portfolios as a benchmark, we find that, whether using a logit 

or an ANN model, takeover prediction models do not seem to be an appropriate tool to 

generate long-term returns in the US. In the UK-based logit model, the generated returns 
seem to be explained by the common market factors captured by control firms. However, 

the UK-based ANN model seems to be able to generate stable long-term returns which 
seem to be relatively unaffected by common market factors. Overall, the UK context 

seems to be a more suitable context for using takeover prediction models as an invest
ment tool and Artificial Neural Network seems to be the optimal specification to capture 

non-trivial target financial characteristics.

Finally, when comparing the portfolio performance with the prediction results shown in 

chapter 6, the predictive ability of the models seems to be weakly correlated with the 
portfolio performance. As suggested by Wansley et al. (1983), the predicted portfolios' 
returns are driven by the good performing profile of firms having similar characteristics 
to takeover targets. Another explanation is that, as more generally suggested by Cremers 
et al. (2009), firms with higher takeover vulnerability outperform firms less likely to be 
ta ken-over.
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— Chapter 8

Summary and conclusion

8.1 Discussion of findings

Given a lack of evidence on the impact of time on M&A forecasting, this dissertation has 
investigated the time-varying features of takeover prediction models and has contributed 

to the present academic literature by providing:

1. an extensive database containing the accounting financial information of all 
public domestic M&A deals during the period 1998-2008 in both the UK and 
the US (Chapter 4 - 5).

2. insight into the influence of the selected economy and the chosen specification 
on the models' general characteristics (Chapters 6 - 7).

3. a analysis of the time robustness of financial variables in explaining takeover 

attempts (Chapter 6).

4. a description of the dynamic characterizing a takeover prediction model's yearly 

predictive power (Chapter 6).

5. evidence on the relative suitability of takeover prediction models to build real

istic portfolios generating long-term abnormal returns (Chapter 7).

6. an examination of the relationship between predictability and profitability al

lowing to unfold the underlying sources of gain in relation to an investment 

strategy based on takeover predictions (Chapter 7).

The models were estimated using a one-year rolling estimation window during the pe

riod 1998-2007. These estimations were used to calculate ten yearly out-of-sample fore

casts allowing one to examine the dynamic of the models' predictive power as well as
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their ability to persistently outperform market expectations. In order to test the influence 

of the user's model-choice, the study considered both Logistic regression and Artificial 

Neural Networks in the models' specification. Finally, data from both the UK and the 

USA were examined to investigate the economic-specific nature of the models' perfor

mance.

The findings of this study are listed in the following six paragraphs which consecutively 

provide detail on the contributions enumerated above.

M&A deals' database in the UK and the US

As a general feature, the databases encountered in the takeover prediction literature have 

used a large estimation samples in order to increase the sample target proportion and a 

one-year holdout sample in order to test the model's ex-ante predictive ability.

In this thesis, data on M&A deals and firm's accounting financial data were collected for 

the period 1997-2007 in both the UK and the US. This database constitutes the largest 

database in the UK context and is comparable to recent databases created in the US for 

takeover prediction. Cremers et al. (2009) use a larger database in the US context to exam

ine the impact of ex-ante takeover probabilities in the cross-section of returns, however, 

they do not provide details on either the classificatory or the predictive ability of the esti

mated takeover prediction models and, for that reason, I do not include their work within 

the takeover prediction literature.

Influence of country and model choice

A considerable contribution of this thesis is the possibility of exploring several directions 

of potential methodological instabilities. From one side, the influence of the country- 

choice on the reported takeover characteristics as well as on the models' performances 

is examined by considering data from both the UK and the US. By considering two cul

turally and structurally similar economies, the influence of institutional factors is mini

mized. In addition, these two economies have been most frequently reported in the liter

ature as they are among the countries exhibiting the highest takeover activity. Although
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the literature acknowledges the existence of cross-country variations, existing studies are 

generally based on one single economy data. This thesis provides the first study attempt

ing to measure differences in takeover prediction model's performances when applying 

the same methodology to two different economies.

Furthermore, two methodologies have been selected to estimate the models: the Logis
tic Regression and Artificial Neural Networks. Several recent studies such as Cheh and 

Weinberg (1999) and Ouzounis et al. (2008) have compared the performance between 

parametric and non-parametric techniques. Combined with the cross-country analysis, 
given that the relationship between the explanatory variables and takeover likelihood 

may be context-dependent, this thesis examines whether the predictive power of the con
sidered techniques depends on the takeover context in which they are applied.

Time robustness of financial variables in explaining takeover activity

The disagreement within the extant literature as to what are the variables explaining take

over activity shows that an analysis based on single cross-sectional estimations might 
not be a consistent method for testing the considered hypotheses. Harris et al. (1982) 
and Powell (1997) provide supporting evidence showing that, for most of the variables 
employed, both sign and significance are not consistent between two consecutive peri

ods.

Accounting for these two analyses independently and using a rolling window estimation 

teclmique, this thesis extends the work of these authors to a ten-year period thus provid

ing a more suitable framework to describe the robustness of the estimated coefficients 

over time.

Finally, unique to the literature, this study integrates both viewpoints in order to select 
the variables that show both frequent explanatory power and a consistent relationship 

with takeover likelihood. In the UK, these variables were: One year sales growth (-), 

Total Investment return (-), Log[Total assets] (-r). In the USA, the selected variables were: 

Dividend Payout (-), Long-Term debt over Total Capital (-I-), Total asset turnover (-f). In 

the UK, takeovers thus appear to involve larger companies, with the lower growth and
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poor market performance prior to acquisition therefore consistent with the inefficient 

management and the size hypothesis. As a stark contrast, in the US, target firms appear 

to be efficient and highly productive firms as they pay lower dividends, while being 

highly leveraged and achieving a higher total asset turnover relative to their industrial 

peers. In the US, the target profile appears consistent with the activity and the dividend- 

payout hypothesis.

Dynamic of the models' predictability

In the UK, the Logistic regression exhibits a better predictive performance for the lowest 

cut-off values whereas the ANN-based model performs with a stable average predictive 
accuracy over the cut-off interval as the model predicts better than chance selection for 
all cut-offs. However, none of the models' predictions seems to be significant over the 
considered period.

In the US, the Logistic regression model shows both a low explanatory power for most 
of the years which also translates into a poor predictive power over time. On the con
trary, the ANN-model shows a high predictive ability and, in the 0.2-0.1 cut-off range, 

the model's predictability is significantly different from a chance selection during the se
lected period. The evidence therefore suggests that ANN offer a more suitable framework 
to capture takeover activity in the US on the basis of accounting ratios.

Although ANN-models seem to achieve high predictive accuracy in both considered con

texts, when comparing the predictability rate relative to the logistic regression, the evi

dence is not conclusive. Using ANN to specify takeover models denotes a clear superi

ority in the US context, but the results seem to be mixed for the UK. To some extent, this 

could be due to the inappropriateness of the optimization process in the UK context and 

to the greater risk of overfitting a validation sample when using smaller sample sizes. 

This point will be further analyzed in Section 8.3.
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The suitability of takeover prediction models as investment strategies

Prior literature has drawn conclusions on takeover prediction model's profitability based 

on a single set of forecasted firms. The two recent exceptions are the works of Brar et al. 

(2009) and Cremers et al. (2009). The former, using a static specification, rebalances the 
predicted portfolios by monthly updating the market variables during the investment 
period 1995-2003 whereas the latter, similar to the methodology employed in this thesis, 

uses rolling window estimations to calculate out-of sample portfolios.

This thesis provides an analysis on the yearly portfolio performance generated by take
over predictions and provides evidence that, in most cases, portfolio returns are being 
driven by common market factors. Unique to the takeover prediction literature, the 
present study employs a single control firm approach in order to capture these market 
factors as recommended by Barber and Lyon (1997). Although Powell (2001, 2004); Brar 

et al. (2009) refer to the work of Barber and Lyon (1997) when building their benchmark, 
they use the portfolio benchmark approach which is shown to provide a misspecified 

measure of abnormal profitability. The results show that the control firm approach seems 
to be well suited to capture abnormal profitability in the takeover prediction context.

The findings suggest that, only within the UK context, ANN models seem to have a 
strong potential of providing a solid and robust basis for a financial investment strategy 

generating substantial long-run abnormal returns. In addition, the choice of a benchmark 

should be carefully examined as the results seem to be very sensitive to such a choice.

The relationship between predictability and profitability

The analysis of the relationship between average predictability and average profitability 

over the cut-off interval provided several interesting findings. As a first result, the UK 

presents a strong relationship between average predictability and average profitability 

during the period 1999-2008. Although this relationship does not hold when considering 

the yearly predictions, on average, long-term predictive power seems to be an accurate 

measure of profitability potential in this context. As suggested by the superior portfolio 

performance using ANN models, these characteristics need to be non-trivial in order to
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ensure that the selected firms have not incorporated their takeover vulnerability in their 

stock price. As a second point, in the US context, only in the case of ANN-based models 

(and probably due to the low explanatory power of the Logistic regression), a relationship 

was found between long-term average predictability and long-term average profitability. 

As in the UK, this relationship does not hold when considering yearly variations.

From one side, given the weak relationship between yearly predictability and profitabil
ity in both economies, the results show that, as suggested by Cremers et al. (2009), the 

portfolio gains do not seem to be driven by the model's ability to predict targets accu
rately. On another side, the strong relationship between long-term predictive power and 
profitability suggests that average long-term predictability is an accurate proxy of take

over vulnerability. These results are consistent with Wansley et al. (1983)'s contention that 
a model's profitable potential depends on its ability to capture the non-trivial attractive 
profile of prior target firms.

8.2 Implications

As a first implication, the findings, previously shown in the estimation section, have con
firmed the literature's belief that takeover characteristics, as captured by parametric take

over prediction models, are generally inconsistent both over time and across economies. 

Consistent with Powell (1997)'s conclusions, this thesis provides evidence that a sample 

constructed by pooling M&A data across several years is likely to generate misleading 

results.

Regarding the second point, by combining the analytical frameworks of Harris et al. 

(1982) and Powell (1997), it was possible to select some distinctive variables with both 

high discriminatory power and significant sign stability. Although dynamically robust, 

the selected financial variables vary across different economies therefore suggesting that 

takeover characteristics should be analyzed in their specific context and not as general 

takeover characteristics. In the future, the literature should make a greater effort in se

lecting, for each economy, the variables efficiently proxying the several motivational hy

potheses for M&As. Of greater interest, when only persistently significant and consistent
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characteristics are considered, the variables appear to give a clear picture of the general 

characteristics of takeover targets in both the UK and the USA in relation to some of the 

M&A hypotheses described in Chapter 2. Such a method appears to provide a solid basis 
for detecting robust takeover characteristics in an extended time period.

Thirdly, as evidenced in the literature, both of the takeover prediction models here con

sidered seem to achieve unstable performances over time. As reported results are based 
on point forecast estimations, the existence of a recurrent disagreement on the predic

tive performance of takeover prediction models is therefore not surprising. The present 

thesis underlines the need to consider a method such as the rolling estimation forecast 
technique employed in this study in order to measure m,ore accurately a model's ability 
to predict in the future. It is hoped that such an implementation will bring more consis
tency not only to the takeover prediction literature but to the binary prediction literature 
as a whole.

Fourthly, from an investor perspective, this thesis stresses the importance of repeatedly 
calculating the portfolio performance over time in order to obtain a better approximation 
of the long-run profitability of the model's predictions. Although some given years can 
yield significant abnormal returns, in most cases, the frequent losses generally nullify 
the few significant gains therefore achieving an insignificant and, frequently, negative 

average long-term abnormal profitability. The results show that, within the UK context 

only, an Artificial Neural Networks model provides the basis of significantly profitable 
and dynamically stable investment. In addition, the results are verified for all cut-off 

values in the range 0.2-0.9.

Finally, in relation to Cremers et al. (2009)'s work, the results suggest that takeover vul

nerability in the US seems to be better captured using Artificial Neural Networks. There

fore, an ANN framework would appear to be better suited to capture takeover vulner

ability and consequently to explain the cross-section of returns in the US context. As a 

main difference, the results here presented suggest that takeover prediction models are 

not a suitable as an investment tool. The disagreement may be due to different reasons. 

First, the inclusioii of non-financial variables into the model's specification may be crucial 

to capture better performing firms. Secondly, the use of a different portfolio benchmarks
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may also influence the final result. In this thesis, the control firm portfolio seems to ac

curately capture the long-term profitability of the predicted portfolios. Additionally, this 

study measures yearly abnormal profitability whereas Cremers et al. (2009) calculate the 

excess return as measured by the intercept of a Fama and French (1992) and Carhart 

(1997) four factor model regressed over the period 1991-2004. As a last possible factor, 
the use of single control firm-matched portfolios as benchmark proved to be an accu

rate reference to calculate the abnormal profitability generated by the predicted samples. 
This method has the advantage of yearly updating the different size and market-to-book 

characteristics of the predicted portfolios. As mentioned in Barber and Lyon (1997), the 
main disadvantage of a Fama and French (1992) and Carhart (1997) four factor model is 

that it considers the portfolio characteristics as stationary over the considered period. A 
superior portfolio benchmark might therefore explain the less optimistic results achieved 
in the US context.

8.3 Limitations

Our study suffers from a number of possible limitations that should be considered when 
analyzing the reported results. These limitations are both the fruit of my analysis, the 

comments received during conference presentation, as well as the review provided by 

the journals where my work was submitted.

Model's specification choice

The present study considers an estimation window limited to one calendar year. A poten

tial limitation arises from two main points. First, the year prior to the acquisition attempt 

might not be the best choice for predicting takeover activity. Belkaoui (1978) documents 

that the third year prior to the acquisition provides the best both classificatory and predic

tive accuracy. The explanation seems to be that, as takeover decisions are made several 

years prior to the amiouncement, the information prior to the bid might not be as rele

vant. Similar studies have been conducted in the bankruptcy literature. Recently, Pompe 

and Bilderbeek (2005) suggested that studies should not use models using prior year in-
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formation as they generate a lower predictive accuracy. ^ This is a point that should be 

analyzed by future research and no solid evidence exists on the subject. As the takeover 

literature generally uses one-year prior information, this was deemed the best choice for 

our models.

As a second point, one calendar year might be considered as providing insufficient in
formation on the companies involved in takeover activity. Although this can be true for 

some years such as 2001 and 2002 for both the UK and the USA, there are studies hav
ing used similar (and even smaller) proportions such as Harris et al. (1982) who uses to 

complete data samples containing 61 and 45 firms respectively over a total of 1200 firms. 
In addition, the advantages of using one calendar year are numerous. First, pooling 

across different time periods is avoided which is likely to generate better specified tar
get samples. Secondly, using firms' data from different periods generates distributional 
heterogeneity and is likely to result in a overstatement of the model's true classificatory 
ability. Finally, the tecimique is structurally consistent as the one-year calendar used to 
build the estimation sample matches the one-year time frame usually selected to build 
the holdout sample.

Neural net's optimization method

This study assumes an important simplification during the net's optimization procedure 

related to the absence of cross-validation when specifying the architecture of the Neural 
Network. In the USA context, the ANN-model's significant predictive accuracy sug

gests that little prediction power is lost due to the overfitting of the validation sample. 

However, the low performance in the UK for some given years (e.g. 2006 and 2008) may 

suggest possible improvements of the model's predictive ability by the use of a cross- 

validation technique. A posteriori however, this possible limitation is weakened given the 

significant abnormal profitability generated by the ANN-model suggesting its accuracy 

to capture takeover vulnerability.

Hhe authors, however, acknowledge that their result contradicts most findings in the literature and they 
attribute such disagreement to the inclusion of medium and small sized firms.
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Firm's illiquidity

By considering other firms than the ones listed in the major Stock Exchanges, there is a 

risk that, given the potential illiquidity of some firms predicted to be targets, a large bid- 

ask spread would not allow an investor to take a position at exactly the price assumed 
in the strategy. More importantly, the investor might not be able to take any position at 

all as for some of the firms there would be no shares being sold. Although this might 

be possible for some firms, it is unlikely that the companies included in our sample are 
characterized by such levels of illiquidity given the number of variables that are reported. 

In relation to the first point, a one-year buy-and-hold strategy is considered and therefore 
the bid-ask spread should not have an impact unlike investment strategies involving 
transactions at higher frequencies. ^ In addition, by selecting firms having a minimum of 

trading activity during the year prior to acquisition, we ensure that the risk of complete 
illiquidity is minimized.

Control firm portfolio benchmark

While the results reported in Barber and Lyon (1997) recommend the use of a control firm 

portfolio, the authors acknowledge in their conclusion that:

Matching on firm size and book-to-market ratio works well in random sam

ples and samples with size-based or book-to-market based sampling biases. 

However, as future research in financial economics discovers additional vari

ables that explain the cross-sectional variation in common stock returns, it 

will also be important to consider these additional variables when matching 

sample firms to control firms.

Following the work of Carhart (1997), the literature has provided increasing evidence that 

price momentum is a factor having a significant impact in the cross-section of returns. 

One of the limitations of the control firm portfolio is that it does not account for this

'See for example Jegadeesh and Titman (1993) and Bettman et al. (2009) for momentum based strategies 
accounting for the size of the bid-ask spread in daily transactions.
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factor. However, implementing the incorporation of price momentum into the control 

firm portfolio requires, first, a change the window length of the size and book-to-market 
filters and, secondly, a study confirming that the resulting control firm benchmark indeed 

provides well-specified t-statistics in relation to the measurement of abnormal returns. 

In addition to the complex computational task of implementing such a procedure, the 

results of the control firm portfolio show that they are able to capture the common market 

factors present in the yearly predicted portfolios. However, the possibility that price 
momentum drives a fraction of the abnormal returns achieved by the ANN-model in the 
UK context cannot be excluded.

8.4 Future areas of research

This work can be extended to several areas for future research. 1 here suggest some ideas 
that could be used to provide stronger evidence for the herein reported results as well as 
to improve the underlying specification of takeover prediction models.

As a first point, given the evidence of predictive instability, an effort should be made 
in building takeover prediction models achieving a more stable predictive performance 
over time. The bankruptcy prediction literature seems to be more advanced in model 
development and several models have still not been applied to takeover prediction. As 

an example, Shumway (2001)'s hazard model offers an exciting model incorporating the 

time-dynamic of accountability ratios. In addition there are several models not yet tested 

in the takeover prediction literature which have demonstrated enhanced classificatory 

and predictive performances within the accounting and bankruptcy prediction litera

ture. As reported in Barniv and McDonald (1999), the modeling framework of expo

nential generalized beta of the second kind shows a significant improvement in four key 

performing areas relative to more traditional techniques such as logit and probit mod

els. Similarly, rolling-logit models (see e.g. Lin, 2007, for a recent application) could also 

provide a method of increasing a model's predictive robustness by including a firm's 
vulnerability to takeover during prior periods into the model's specification.

A second improvement can be achieved in relation to the reliability of the reported re-

171



suits. The rolling estimation technique here presented and also used in Cremers et al. 

(2009) represents a useful method to analyze the underlying variability' of a selected 

model. In addition, this teclmique may allow future research to investigate the specific 

factors having a strong impact on the model's prediction and to build new methods atten

uating these effects. Although, as mentioned by Mensah (1984) and Pompe and Bilder- 
beek (2005), business cycles can have a strong effect on the model's predictive ability, this 

does not seem to be the case in takeover prediction. Overall, these techniques should be 

used both to improve the quality of the reported results and to identify and control for 

the factors that have a strong influence on the model's stability.

Finally, a greater effort needs to be made in the selection of the benchmark used to mea
sure abnormal profitability. As shown in Barber and Lyon (1997), the Fama and French 
(1992) three-factor benchmark is well-suited for studies cumulating returns across long 
investment periods such as Cremers et al. (2009), but it is not applicable to buy-and- 
hold portfolios and generates negatively biased t-statistics in more realistic investment 
periods (i.e. inferior to three years). Although Barber and Lyon (1997) recommend the 
use of control firms to measure abnormal profitability, their results have generally been 
misrepresented within the takeover prediction literature. As an example, although refer

ence portfolios based on size and book-to-market ratio are shown to generate negatively 
biased test-statistics, they were persistently used within the takeover prediction litera

ture (see e.g. Powell, 2001, 2004; Brar et al., 2009). This thesis provides evidence that a 
control firm portfolio is, on average, an appropriate method to capture general market 

factors. Future research in takeover prediction should consider new different factors af

fecting the cross-section of returns such as momentum to match the control firms when 
assessing a predicted portfolio's abnormal profitability.
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Û- fSo o CM Xo Xo to ■oo 8 8 3pd d d d d d d d d

D o o s Xo o rjo ::: §
H d d d d d d d d

LU
X o £ >0o hsCD 8 3 8
9 d d d d d d d

>c CMo - 5 Xo Xo CM3 g
u d d d d d d

>•Q fj o 5 o Xo opX d d d d

Xu. rx s rs.o o 8O
u. d d d d

LU
X o o rvo pCD
UJ d d d

<
UJ oo ■t gCu
a

d d

§ Xo 8
U d

UJ
U

X

g
U u

<;
UJD.
Q

UJ
XCD
UJ

Xu.Uu.
>s
O

>0u
UJ
X
9

CSCDf-
uH
Zj

<
X
2

u
X2

sDhG
C^
CDh-CL,

UJH UJg
D UJUXH

UJ

P
1 >UJ

X

193



CO

I

.O

o
U

::3

<

3

& o ~V o s (SIO 0 (S0
(SJ
0 (SI0 ts rO0 -t 3 3 C7

0 (S0 3 3 3 s-# 0p
c/2 ? d d d d d d d d d d d d d d d d

IT)
o

ts.
fS X 3 0 3 \o

0 (SI
0 0 <s

IS 3 ts
0 3 fo

0 n
0

(7) 3 LT^
0 3

2
-j

o d d d d d d d d d d d d d d d d d d

uu
o o 3 3 3 8 3 IT)

0
g IT,

0 8 0 fo
0

X0 3 cs0 3
H d d d d d d d d d d d d d d d d d d

u
U =5 cs

o
fN)o mIs. (O

0
0p 3 - (S|0 ?3 3 § 3 -rts rj

0
(S -t

0 3
O
H d d d d d d d d d d d d d d d d “

D
b s (N

o p 0 0 % 0
lf2(Sj S' sD

rJ '£l
CS 0

X
(S

IT)
0

(S
0 3 g

d d ■7' d d d d d d d d d d d d “

te IT;
O S p

fvl
0 (N

0
X
0

rs
0 X

0
to
0 0 8 ts

cs
IT-.
r7

>£>0 3O
Cii

d d -
d d d d d d d d d d d d “

ca
w 3 3 = 3 ro0 3 S d 3 3 o s 3 ir.

p S
d d d 0 d d d d d d d d

CsC
£& rop fO

o 0 Is, 3 (SI
p 0

r<7
0 — 0C5 3 s

1—
Cu d d d d d d d d d d

S w % 8 0
ts
0

X 3 3 ts
0

g

C d d d d d d d d d d 7" d

u
5 X s s 3 S 5 - vD d 0 3 g
c/2
z

d d d d d d 7" d d d d

s s m 0 0 0 s
_ (70

- 3

2 d d d d d d d d d d

u
h" s o

(S 0
— fO0 0

(S|
0

-t
0 §

-J d d d d d d d d d “

D
IT;
O

m
o

rs
0 s d 3 0 a S

H d d d d d d d d

LU
X s >£•o 0

ts
0 0 00

-r0 0p
9 d d d d d d d

>
c

g s 0
ir,
0

(N
0

0
p

u d d d d d d ”

6 3 X
0 0 rJ 5c/2

O d d d d d

C/2
U. fv. i (N

0 0 3
uu d d d

LU
iTj mo (N

O 0 0pCS
LU d d d

< CM 0LU pO. d d
O

H IS. o
9
u

o
d

p

H
LU
u

s
HS <

LU
c. cH

ca
C/j
LU
u

>

%
>
C
y

LU
X
X

cu
D

U
f-
0

<
LU
CTj

U
C/)

3 cc:
LU
f-

F-
LU
0

D LU
ur'

LU
cc

>
LU
Csi

X u u Q LU “ ““ Z 2 0 c- a: H P p c/2

194



a

.o

cs

oU
cn
::3

<

3

ift — E5

— o ^

X r^ » o ^ § 
o o _;

a s

ir. — 
o o =?
o = ?

fi s
o

S g

a s
o ? —

< H <
P -f W
uj ce^ 9-U U Q

?^ > a S o £ 8 y s
u < y IH li s S S g sO !< Q tu S >s S S

195



oooCN

I

•2

U

c
O)
3

>w rJo CD O(N O o o NO o s os o o o 33 LO3 33 rop 3 33 LO g
to o d d d d d d d d d d d CD d 3 d d d d

\0 o ro ro fO LO lO) N lO fO Olfc o IN O o o o o o N o O 3 3 3 3 3 3 pZ-j o d d d d d d d d d d d d d d d d d d

Sii
r>.o oo lOo o g s -to oo o s o s 3f-J 3 3 3 3

g g
p o d d d d d d d d d d d d d d d d d -M

LUU s g o o o o 3 fO 8 rO 3o o o o o p o s o o 3 3 3a1- o d d d d d d d d d d d d d 3

g oo o ITio 3 3 LOo s rs. cs m t! o (S 3 3 3 3po d d d d d d ° d d d d d d d ""

fe o oo oo O oo g g p g o o oo 3 3 3 3py o d d d d d d d d d d d d d

w o -fo g o g rOo o -to o g o g r-j3 g 3p& o d d d d d d d d d d d 3 d

cs:CD 3 o o s g g g o g Olp op o 3 8h*0. o d d d d d d d d d d

<s NO i aoo op S g g s o 3 o gCL,o o d d “ d d d d d d d ""

u
<: (So NO O 5 o s g fOCD roo N (Oo gLO
z

o d d d d d d d d d “

s (NO X g g Oso g s <N roo 5
z o d d d d d d d d d “

uH s <N hvo NO g fO LOo 3 opo_3 o d d d d d d d d

DCD s oo 5 o fOo o 3: opo d d d d d d d “

LUX (N rf s o oo cs o opo d d d d d d •"

>C o 2; g oo oo fOo g
y o d d d d d ""

>■0 d LT)o o p s g
too d d d d

tou. o g cso o opUu. d d d d

LU
iA o -r oCDLU = d d -

< 00tu o §Cl.Q d d

b cs oy o p
u d

g s
u

<
&

<LUCl,
uctoCD

tou.Utu
> >Cy

UJ
X DCD

UHX
<
CO

U
to

i
c. 3H UJh-

Htuo
DH<

WUQ
ucDC I >uDCX U u Uj “ J Z Z Q o. C- H P to

196



rH
O
O
fN

!

.O
"a

o
U
:r5
<

3
t2

>LU o XX X g X
- X g X -tX X g X g POX •oX X inX in-a- X

an o X X X X X X X X X X X X X X X XU'j

g
o X forr.

vDX 3 X X X X '£> pnX pnX X pnX POX PS X g XX XX§ o X X X X X X X X X X o X X X X X X X

LU
Cti s a' O'X 00X rJX s ir,X X g hs.X X in 3 X X in,X X POX XX
H o X X X X X X X X X X X o X X X X X ■“

LU
U o -tX X om 1 X X •t

CNX XPD X X 3 8 POX
Pxp^, X 8

o
h-

X X X X X X X X X X X X X X “

§ o g tX O' X X 3 ■x rs.X
X

IT,
O'X X a - 8 XX

iS o X X X X X X X X X X X X X X o

h; m m o ir> rv m X vC X X go X X X X X X X X X XO o X X X X X X X X X X X X X X

CiUJ r-vITi XX
f<5X X 8 X (SX - X g PxX XX g X gHc. o X o X X X X X X X X X X X

X » r>X (SX soIT. g X g rO X pN.CM X Xo
PSX XX

X X X X X X X X X X X X X

i X fS IT, »X X X 3 mX 3 oX Cipn CNX s
a.
O

X X X X X X X X X X X X

U
X fMX -r s

CDX g g X g 8 mX XXc?^
2 X X X X X X X X X X

£ rj 1 g g g r. POX LT/X
pp>X 8

2 X X 'T X X X X X X X

U
H s X S sD X O' O' O' inX 8q X X X X X X X X X

cx:
D rJX $5 mX g X X g cs gH X X X X X X X X “

uI 2; £ g cs 8 X -tX XXQ X O X X X X X

S roX XX g X g X 8y X X X X

?-
O

POX S2 LCX X
g g

X o X X X

c/5U. £ X X X X

U. X X X X

U o S't/5 X X X XXUJ X X X

<
UJ 3 X XXX X X

-rX
X

XX
u

XX
U

< < UJ c/5 > > UJ QJ u < u < r_ D UJ UJ >h“w UJ
C- U'j£fi u.u ou XQ D h-q u.X cn u. X UJ

Q
uo CsJ s UJc£

X U u UJ 2 2 0 irs: H H p c/5

197



CNOO
rN

I
H

• 2 
a

U

3

S' o cn cs o m cs o cs xC m 8U3 o cs 3 3 3 3 3 3 3 3 3 3 -f
a:C/i o o d d d d 3 d d d 3 d d d 3 d d d d

ino :: ?, n3 cn3 3 3 cs3
in3 £ 3 m3 3 s 3 3 3 8 X 8

Z
mJ o d 3 d d d d d d d d d d d d 3 d d d

uu inN s 3 -s>cn
X3 in in3 fS ■33 g 3 -p3 3

o3 3 CS 3 rJ 3p
H o d d d 3 3 d d d d d d 3 d d 3 d d *“

LUu o seo 3 soC-J 3 3CS 3 -r3 3 cn
m3 CS3

_ 3 CS
IS.O g

G
H

o d 3 3 3 d d d d d d '7' d d d d 3

D tx -r in cs X t tv cs 5£H o 3 3 3 3 3 3 3 3 8
iS o d d 3 d d d 3 d d d d d d d d

is
o
cs:

Tj*o o »3 CO cn3
33 h>.3 -p cn3 in3 s 3 g g

o d 3 3 3 3 d d d d d d d d

Ui o cco
-!}'3 cn3 3 3 3 3

cs3 3 cs3 33 33 hs3 33
h-c_ o d 3 3 d d d d 3 3 'T' 3 d d

a:
CO

c© in 3 3 cs 8 3 £ g R S rs.3 cs3 g
o d d d d d d d 3 d d d

mo cn3S o 3 3 3 8 3 8 3 8 8 §
c.
O

o d d d 3 3 d 3 3 d d

u
S: m 3 3 3 rt3 CSo 3 8 CS3 3

3 8
CAz d d d d 3 d d 3 3 d

- f-^o
33 3 -f3 a 33 cs3 3

m3 33
z d d d d d d d d d d ”*

uH in(N IC3 3 \D 3 3G d d 3 3 d d d d d

G o 3 3 s in3 3 cs 3
d d d 3 d d d d “

LU
X txo o3

05 s 3 in3 339 d d d d d d 3

>
0 8 o 3 X3 3 rx3 33
u d d d d d d

5 vC s 3 m £ 33Ji)o d d d d d

CD in fS X 3o 3 3 3
UU d d d 3

UJ o (N oCTj 3 3CfiUJ d d d

<uu (No 8 33o. d dG

o 33
u d

8UJ
u

X UJU u

<UJCuG
UJ
C/53UJ

cnu.ULU

>
8 >

cu
UJI9

Ci^GH
UHG LUcnZ

u5- <
2cu0

5H
CiLUHC-

& GH
P

UJUGH
UJ

H
i
_j

>LU
Csitn

198



o
o
<N

<2

■ 2 

a

o
U

1-0
23

<
i>

3

a
o

- S' g c rJc g 3 g n
3

D4
3 3 rO

3 3 3
3
3

ID 3 ro 3
3

a: o d d d d d d d d d d d d 3 d d 3 d d d
iT.

g s ^£» c
rC

ID
C

IDc s (N
o ro LD

3 30
3

CN
3 3 3 rs ro

3
ro
3

ITj
3 'O ID

3 g
Z
-j

o d d d d d d d d d d d d 3 d d d d 3

UJ
o

tN
o CO c g (N

3
DJ

3
30
3 3 3 Pn

CS
3
3

ID g g 3
p

d d d d d d d d d d d d d d d d d d

LUu § s ID
O

'Cc CD o ro
3 5 3 g ts, ro

fS 3 -r Pn
3

3
Ci
1-

d d d d d d d d d d d d 3 d d d 3

D
H

fO
o o

-t*c ID
ro § ?4 c

ro
3 ts

3
'O
Dl 3 d 3 ro

3 3 5
S d d d d d d d d d d d d d d d d “

s
o

fs
o

-tc O' c o PD
C 3 3 -t

3
rO
3 3 -t DJ

3 3
p

C
Ci d d d d d d d d d 3 d d d d 3

Ci
u o o

ID
C o g rD

o
roc g g fM

3 3 3
sD
3 >£>

3 g
H
r- d d d d d d d 3 d d d d 3 d _

P
X
p g ID

O
rD
tN.

c
D1 c 3 s CO

rj ID
3

«
p

"J 3
P

£ T d d d d d d d d d “
d

s
o o ID

o DJ
fD
Dl ID

3
rx
3 g o 3 3

p
a. d d d d d ? d d d d d 3

U
s X s Kc Dj tX

o g r's
3 X 3 S 3

y“j
Z

d d d d d d d d d d d
"

3 1 S IDc c ■T
C S 3 3

Pn.
3 g

2 d d d d d d d d d

u 00
o 3 S'

(N
;g (S ID

O
rO
3 3 s

Q d d d d d d d d d
_j

n (N DJ Dl
P 5 Cl o c c o § 3 p
P d d d d d d d d

a;
X s s § >o "S*

o c o 3
p

9 d d d d d d

>o p
■£i o o c rDc 3

y d d d d d

6 (N
O 3 IDc ID

-*■
S'c p

cr»
O d d d d d

C/2
U. o c c Dt p
U
u. d d d d

LU
C/i o

rj
o COc g

CQ
LU d d d

<
w

(N
O

- §
Cu
n d d

55 o c
y o p

u d

<■
h-
W
u

o
p

UJ Ci

<
uu
C-

aCD
CO

(Tju.u
>
S

>
0y

LU
X ac

D
uH s

CD

u
<:
CD

<
S(1. Q CiuH

H
W
9

D wUr> M 1 >
W
CiU U Q UJ z z Q o. "" 1- P -j CD

199



o
o
(N

•9
a

o
U

::5

<
3

m (s — S 8 3 3

3 S 3 =

O £ O O o ^p O p p
_3fe2as3gg»g

000=59’^®?®?^"“

3 S 8

8 8 2 (N p -r rJ -5 —3. _ q cN -- -< g g
opppqqpqqqqp"-

8sSSS3SSSSg
qpqqpppppq-^

?qo?oo9d9

rvsOiD-fP —0 — 9=30 — —
Pd9^^5dd9

9p9pp99-

S 3 3 S 8 3 8
9 o 9 s ^ 9 —

o S 
d —

>* > 
S R 5 ?

« h p

200



o
o
CN

cs

I

•S

o
U
LT)

<
a>

3

>
uc o 3

3
IT,

3 p 3
s 3 3 CM

3 g CM
3 CM

3 3 3 c-J
3

3
3 3 y g

cs:
cn

o 3 3 3 T 3 3 3 3 3 3 3 3 3 d d 3 d d

< CM y CM CM y y y 3
t s

3 cc 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3
Z o 3 3 3 3 3 3 3 3 3 3 3 3 3 3 d 3 d 3

w
a: o 3

S 3 g 3
3
3

g g 3 3 g 3 g 3
3

CM
3 CM g g

p o 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 d

UJ
u (N

iri 3 S 3
-t
p p S 3

3
y
3

2 3 CM
3 »

y
3
3

r>.
3 y

3
3
3

O
H

o 3 3 3 '7' '7 3 3 3 3 3 3 3 3 d d

D
h- -T » 3

3 3 '£ 3
y
3 rj y

fO y
y
3 CO y CM

3
3
3 g

X 3 3 3 3 3 3 3 3 '7 3 3 3 3 3 3 “

h“
U]

Iv.
fO

O'
3 Cv

3 CM
3

CM
3

CM
3 3

r>.
3 S Cx

y
X
Tf 3 3

p
C
cs:

o 3 3 3 -
3 3 3 3 3 3 3 3 3 d

LU fr>
p

r^
3

IC
3

CM 3 CM
p S 3 g 3

CM
3 3

3
y
3 3

3
p

h-
0. 3 3 3 3 3 3 3 3 3 3 3

Xi
2; 22 ir,

3 tr, G y
CM 3

CM
3 3

3
3

tM
p 3

a §
h-
C.

O 3 O 3 ° 3 3 3 3 3 3 3

<
2 sO p CM

CM
3

”»■
3

tx
3 3 3 X

3 3 3

G
o 3 3 3 3 3 3 3 3 3 3 3

U
rTi
p 3 3 3 3

_ 3 'O
3 g y

3 3 g
y-r
Z

3 3 3 3 3 3 3 3 3 d ""

i »
3

3 3 3 CO 3 CM
3

rj
3

-t
3 g

Z 3 3 3 T 3 3 3 3 3

u
H

r>.
o e: s 3 -T -t

3
3 CM

3
CM
3 §

Q o 3 3 3 3 3 3 3 3

5 s S rO
3 S S 3

g 3 g
iz o 3 3 3 3 3 3 3 “

LU
X £

3 3 £ CO
3 y

3 S g
Q o 3 3 3 3 3 3

>c o
o 5 S CM

3
CM
3 « g

u o 3 3 3 3 3

'6 CM 3
CM

g X- 'S 3
p

y
o O 3 3 3 3 “

y
u. CM

3 S rO
3 S

U
u. 3 3 3 3

U]
y

CM
y. - ITi

3 g
£fi
UJ 3 3 3

< ir. fv
u 3
2 3 3 ""

X>
3 S

u 3

LU
U

g

X u u

<
UJ
a.
r\

LU
ymUJ

yU.
UUi

>

G

>
o
u

UJ
I
9

ai.
D
H

u
!-
q

£
y
Z

u

y
Z

< CeJ
m

C<LU
h-Cl.

HLU
Q
ei

3
t;
H

UJ
U
Q

LU
a:.
P

i 1

y

201



ooCM

I

.o

ou
::3

<

3̂
2

>UJ (NO IT)o -f s s s o 3 o o o CMO mo COo S g ino -fo -r-f g
aCD o d d d d d d d d d d d d d d d d d d d

(NO o rO ITj 3 so tvo 3 ino o g CMO O'o tvp ITiO -1*o Xo - tv g!Z-] o d d d d d d d d d d d d d d d d d —

u o _ p. tn in - r^/o m o 05 -rtv o sO in 8
p o d d d d d d d d d d od p d d d d COd

u
w oo o sOo inr-j o innj P 3 oo rvCM mo roo Om tv CMo XCM roo g
OH d d d - d d d d d d d d d d d d d

DH s O'o foo O' o oCM in O' tv tvCM o CMO ? in o Xo g
d d d d d d d T" d d d d d d d *“

s o o o ts oo hN g p o g s o § CO 3 opOfii d d d d d d T d d d d d “■

UJ fSo f'io s 3 3 tN05 3 o o o mo 3 mo oo §
CU d d d d d d d d p d d d d d

Cs: o o o o tvo 3 m(S - 5 so tvp 3 Tf §
£ d d d d d “ d d d “ d d

<; » s o s X min ■§ o S O CMO s
Cl. d d d d u d d d d d d0

U
s: oo o s s o o p - 3 - 3 gCTvz d d d d d d d

i;^ (So ? o o s ino o p s o g
Z d d d d d d d d d ""

ut 3 ir,rj 3 t (So m 3 C5 g
_J d d d d d d d d d ""

cs: <so 3 o 3 § in o
H d d d d d d d "

I ofst X o o 3 s o op9 d d d d d d d

>o oo X o s d tvo g
y d d d d d d “

>s
o

soo Xo d X - pd d d d d “

1/5u. o s roo §ULL d d d d

WCA IT.o U-)o opccUJ d d

<uu o S gd

§ X o
U d -

<“HUJ
op

U

S
uu

<UJP
UJCA
CO

1/5Uu
>-B >

y
UJIP

CsJD
uf-p

£
c/^

u3;cn
<
Cu P u]H

HUJc
DH

UJUQ
UJ
CsJ

1 >UJ
C4X U U “ UJ u “ Z Z cu Q. QC P 1- P tn

202



o

<N

I

•9

o
U

'-o
:::3
o
cs
<

0)

3

s o 01
o rO 3 3 3 3 3 3 3 s g CM3 3

CO
3 g 3 -t* 3

3
CsJ
tn

o d d d d d 3 3 3 d d d d d d d d 3 d

g s s o tv
O s 3 3

CM
3 X Ul

3 cO3 g 3
CO
3 CM

3
tv CO3 3 3

Z o d d d d d 3 d d d 3 d d d d d 3 3 3

w o tv § fv 3 3CO 3
X3 3 3

'O3
CM
3

CO
X

3 3 3
tv
3

ir,
3 33

P o d d d d d d 3 d d d d d 3 d d d ""

W
U fSo o s s 3 X

3 g 3 CM
3 g 3

CM3 g X3 3 3
3

Q
f- o d d d 3 d d d 3 d d d d d 3 d

e s o s tv
3 3 $ 3

X O
3

UlCM R 8 CO tvCM
CO
3 3 3

3
o d d d d d d 3 d 3 d d 3 d 3 d

[S s tv CM
O 00ol 3

3CO CM3 33 g 3 3 CM3 3 s 3 3
3

Q o d d d d 3 3 d d d d d d d d

uu ? o
o tv 3

3
CM 3 3 3 3 3

33 g 3 33
f-
£■_ o d d d d d d d d d d d d 3 ”

02 s IT)
o

OM CM tv
3

CM3 X
3

CM CM3
X CO3

tv
3 3 8

H
c- d d d d d d d d d d 3 d

1 X S n
o d fO

3 LO CM s Ul3 o CM g 3
3

d d d d d 3 d 3 d d
0

u r*,
o 1 o o g 3 g 3 8 s g g

§ d d d d 3 d d d d d

£ o § g ro3 g 3 g g CO3 g g
LT;
z

d d d d d 3 3 3 3 d

u
1-

o r) s tv
3 3 CO

3
Ul3 Ul

3 S g
Q d d d d 3 d 3 d d

o::
D s S fOo 3

3 8 3 33
T
3 8

fc d d d d d d d d

LlJ
X

in O' d
3 g s CM

3 3
3

d d d 3 d d

>
O tv

o s Ol
o >£)

3 8 3 33
y d d d d d *”

> CM CM CM 3Q 3 3
O d d o d 3 ““

c/iLU S o o 3 33UUU d d d d

UJ
cr^ - 3 o 3

3COLU d d d

<
w 01

o o g
c- d d

H
<
Cn:
U

o g
d

s
W
U

X

1

u U

<
UJ
c,
Q

U
(/!
02UJ

toU.
UUU

>
S >

o
u

UU
X
O

DC
X

U
H
Q

£
CO
Z

U
CO
Z

<

C.
Csi
X
h-
Cu

Qc;
UU
H
cu

h-
LU
Q

D UJ
U
Q
H

UJ
a:
P

<

-i

5

203



A.2 Variance Inflation Factors

Table A.21: Yearly Variance Inflation Factors (VIF) in the UK

Variable

Estimation year

1998 1999 2000 2001 2002 2003 2004 2005 2006 2007

CETA 1.25 1.14 1.17 1.12 1.12 1.09 1.17 1.31 1.26 1.12
CRAT 1.40 1.16 1.17 1.38 1.09 1.27 1.30 1.11 1.30 1.14
DPEA 1.28 1.24 1.26 1.30 1.37 1.49 1.44 1.47 1.32 1.47
EBSE 1.19 3.02 7.50 1.32 1.44 1.26 1.73 1.68 1.21 5.49
FCFS 1.40 1.07 1.10 1.02 1.05 1.04 1.22 1.20 1.22 1.19
GSOY 1.13 1.06 1.21 1.03 1.07 1.04 1.03 1.02 1.01 1.06
ICOV 1.02 1.05 1.48 1.08 1.08 1.06 1.52 1.39 1.02 1.05
IDHE 1.37 1.19 1.16 1.06 1.02 1.10 1.64 1.14 2.28 1.15
ITUR 1.17 1.04 1.33 1.01 1.12 1.03 1.09 1.13 1.14 1.04
LDTC 1.17 1.16 1.50 1.81 1.66 1.16 1.79 1.63 1.22 1.24
NSFA 1.32 1.11 1.21 1.06 1.21 1.06 1.08 1.10 1.06 1.16
NSWC 1.02 1.05 1.01 1.02 1.04 1.01 1.02 1.01 1.03 1.09
OPMA 1.26 1.12 1.03 1.85 1.07 1.25 2.79 1.28 2.18 1.02
PTBR 1.05 1.26 1.35 1.31 1.13 1.17 3.95 1.66 1.19 5.23
PTER 1.61 1.14 1.09 1.09 1.08 1.14 1.27 1.29 1.13 1.18
ROET 1.16 1.66 1.38 1.11 1.82 1.11 2.96 1.09 1.06 1.45
TATU 1.44 1.24 1.18 1.17 1.34 1.19 1.26 1.33 1.31 1.27
TDCE 1.63 5.23 8.25 1.90 1.54 1.25 1.30 1.99 1.26 1.89
TIRE 1.12 1.18 1.13 1.14 1.22 1.20 1.09 1.20 1.14 1.19
LNTA 1.52 1.71 1.57 1.54 1.53 1.61 1.48 1.54 1.68 2.36
SREV 1.27 1.38 1.26 1.20 1.20 1.19 1.18 1.18 1.18 1.68

Table A.22: Yearly Variance Inflation Factors (VIF) in the US

Estimation year

Variable 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007

CETA 1.43 1.24 1.12 1.76 1.19 1.07 1.70 2.44 1.19 1.17
CRAT 1.23 1.18 1.21 1.24 1.17 1.07 1.56 1.22 1.40 1.32
DPEA 1.24 1.17 1.19 1.15 1.16 1.14 1.13 1.14 1.14 1.13
EBSE 5.34 5.18 1.06 1.67 1.52 2.86 6.32 2.90 1.38 1.83
FCFS 1.20 1.01 1.00 1.00 1.07 1.07 1.05 1.07 1.09 1.03
GSOY 1.36 1.11 1.10 1.13 1.38 1.42 1.57 1.21 1.88 1.70
ICOV 1.04 1.05 1.04 1.09 1.08 1.05 1.09 1.06 1.25 1.03
IDHE 1.22 1.23 1.22 1.37 1.23 1.06 1.06 1.04 1.16 1.12
ITUR 1.11 1.19 1.09 1.02 1.12 1.01 1.16 1.00 1.10 1.01
LDTC 1.26 1.38 1.18 1.54 1.76 1.23 2.39 1.26 1.48 1.26
NSFA 1.12 1.03 1.33 1.70 1.02 1.02 1.07 1.14 1.04 1.15
NSWC 1.04 1.04 1.01 1.01 1.07 1.05 1.00 1.01 1.01 1.01
OPMA 1.27 1.49 1.17 1.50 1.01 3.16 1.74 1.41 5.04 1.78
PTBR 6.13 1.10 1.01 2.04 1.25 2.91 9.73 1.66 2.01 1.22
PTER 1.05 1.02 1.01 1.53 1.02 1.02 1.04 1.01 1.02 1.06
ROET 2.26 1.78 1.01 1.46 1.74 1.08 4.01 3.08 1.18 1.44
TATU 1.39 1.45 1.46 1.68 1.17 1.94 1.51 1.62 2.90 1.64
TDCE 72.37 5.55 1.02 171.29 1.26 1.15 1.87 1.82 1.38 1.49
TIRE 1.08 1.19 1.09 1.25 1.46 1.23 1.15 1.02 4.92 1.28
LNTA 1.65 1.60 1.53 1.50 1.44 1.40 1.46 1.44 1.46 1.48
SREV 1.33 1.34 1.28 1.28 1.24 1.25 1.25 1.27 1.25 1.28
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A.3 Univariate analysis
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Table A.23: Univariate analysis of variable CETA in both economies during the period 1997-2007

Year Group N^ Mean Std. Dev. Minim irm Maximum t-stat difference'’

Panel A:
1997

' UK univariate analysis 
Non-Target 710 -0.06119 0.45035 -1.265 3.6427
Target 92 -0.07429 0.36316 -0.6482 1.366 -0.316

1998 Non-Target 686 -0.03414 0.17651 -1.1653 2.7966
Target 99 -0.01036 0.16605 -0.0698 1.6329 1,321

1999 Non-Target 663 0.02438 0.97587 -1.3537 11.2933
Target 86 0.03561 0.87647 -0.6872 5,0818 0.110

2000 Non-Target 657 -0.0289 0.15466 -1.4573 2.9019
Target 41 -0.04361 0.0505 -0.1612 0.1042 -1.481

2001 Non-Target 686 -0.03417 0.27026 -1.2557 1.9219
Target 46 -0.0604 0.19749 -0.4342 0,7731 -0.849

2002 Non-Target 582 -0.03117 0.34617 -0.8696 4,3084
Target 92 -0.062 0.22181 -0.6281 1.0368 -1.133

2003 Non-Target 606 -0.02475 0.37099 -0.7721 5.6366
Target 55 -0.00863 0.21384 -0.3922 1.0239 0.495

2004 Non-Target 567 -0.04594 0.21111 -0.8319 4.0225
Target 62 -0.03511 0.19043 -0.4068 1.3127 0.42

2005 Non-Target 578 -0.05653 0.17194 -0,9537 3.1499
Target 73 -0.07654 0.12271 -0.7326 0.4371 -1.247

2006 Non-Target 618 -0.02593 0.31614 -0.9727 6.753
Target 78 -0.05629 0.13657 -0.9167 0.2045 -1.516

2007 Non-Target 624 -0.03417 0.31535 -0.4685 4.0813
Target 80 -0.04618 0.23426 -0.3865 1.0842 -0.413

Panel B:
1997

US univariate analysis 
Non-Target 1854 -0.04805 0.24583 -1.1115 5.0854
Target 216 -0.04538 0.18675 -0.954 1.6847 0.192

1998 Non-Target 1818 -0.02759 0.17688 -1.0197 2.7821
Target 240 -0.04846 0.07228 -0.5127 0.1731 -3.343*

1999 Non-Target 1892 -0,00956 0.15821 -0.7862 2,9569
Target 241 -0.00325 0.14275 -0.2158 1.4219 0.638

2000 Non-Target 1803 -0.01872 0.17433 -0.5996 6.7012
Target 106 -0.01661 0.14463 -0.7015 1.1558 0.144

2001 Non-Target 1674 -0.03163 0.04553 -0.3926 1.9372
Target 73 -0.0351 0.0458 -0.4159 0.0157 -0.634

2002 Non-Target 1450 -0.02082 0.09621 -0.5902 1.9779
Target 70 -0.01813 0.12738 -0.2942 0.9792 0.174

2003 Non-Target 1463 -0.01498 0.15978 -0.5836 4.2481
Target 89 0.01326 0.41232 -0.6633 3.8284 0.643

2004 Non-Target 1489 -0.01752 0.0388 -0.1812 1.0813
Target 106 -0.01675 0.03117 -0.1384 0.2187 0.241

2005 Non-Target 1509 -0.03326 0.06523 -0.5301 1.0161
Target 122 -0.02634 0.08071 -0.5103 0.4918 0.923

2006 Non-Target 1460 -0.03011 0,11138 -0.616 1.1491
Target 139 -0.01866 0.14935 -0.4812 1.3062 0.881

2007 Non-Target 1428 -0.02908 0.03519 -0.2164 1.0718
Target 89 -0.02916 0.01957 -0.1553 -0.0103 -0.035

‘ The column provides the number of firms present in the target and the non-target group.
This column provides a tw'o sample test-statistics for the null hypothesis that there is no significant difference be

tween the yearly means of the target and the non-target group. *, **,*** indicate significance using a tvc'o-sample 
two-tail t-test at the 1%, 5% and 10% respectively.
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Table A.24: Univariate mtalysis of variable CRAT in both economies during the period 1997-2007

Year Group N= Mean Std. Dev. Minimum Maximum t-stat difference’’

Panel A: UK univariate analysis

1997 Non-Target 710 -0.07595 0.22124 -1.0261 2.3847
Target 92 -0.10251 0.15789 -0.7979 0.5529 -1.441

1998 Non-Target 686 -0.08125 0.62366 -1.4876 8.9025
Target 99 -0.16859 0.34052 -0.8056 0.9788 -2.095**

1999 Non-Target 663 -0.10162 0.25345 -0.7798 3.4662
Target 86 -0.14148 0.15221 -0.5649 0.488 -2.083**

2000 Non-Target 657 -0.04372 0.09971 -0.7073 1.178
Target 41 0.02278 0.78561 -0.7624 4.8449 0.542

2001 Non-Target 686 -0.09498 0.22609 -1.0389 2.3446
Target 46 -0.12541 0.13217 -0.9299 0.0852 -1.428

2002 Non-Target 582 -0.02994 0.24366 -1.0017 4.3618
Target 92 -0.03694 0.1094 -1.0566 0.1946 -0.459

2003 Non-Target 606 -0.03623 0.11195 -1.2563 1.512
Target 55 -0.02884 0.01458 -0.1354 -0.0208 1.492

2004 Non-Target 567 -0.06277 0.09201 -1.1143 0.4468
Target 62 -0.0751 0.14577 -1.0424 0.259 -0.652

2005 Non-Target 578 -0.07424 0.10606 -1.0266 1.1559
Target 73 -0.07275 0.08382 -0.4928 0.4336 0.139

2006 Non-Target 618 -0.17947 0.15213 -0.9357 1.7075
Target 78 -0.194 0.0799 -0.2857 0.3082 -1.33

2007 Non-Target 624 -0.16382 0.20706 -1.4861 1.6616
Target 80 -0.09749 0.37481 -0.278 2.1617 1.553

Panel B: liS univariate analysis

1997 Non-Target 1854 -0.08981 0.23198 -1.3287 2.4853
Target 216 -0.08111 0.34489 -0.7328 4.0918 0.361

1998 Non-Target 1818 -0.05811 0.19029 -1.2473 3.5065
Target 240 -0.05979 0.16424 -0.6221 1.6545 -0.146

1999 Non-Target 1892 -0.08006 0.08877 -0.3594 0.9558
Target 241 -0.0825 0.07464 -0.3215 0.2829 -0.467

2000 Non-Target 1803 -0.06079 0.11299 -0.6074 1.7847
Target 106 -0.06923 0.08658 -0.4637 0.2097 -0.957

2001 Non-Target 1674 -0.04911 0.16013 -0.6731 2.5302
Target 73 -0.03595 0.10065 -0.308 0.4207 1.06

2002 Non-Target 1450 -0.04415 0.25474 -0.3136 3.2016
Target 70 -0.08441 0.16426 -0.2839 0.8719 -1.941***

2003 Non-Target 1463 -0.03723 0.22692 -1.0409 4.6727
Target 89 -0.0321 0.26013 -0.3993 2.3003 0.182

2004 Non-Target 1489 -0.02794 0.03977 -0.2964 0.3142
Target 106 -0.02255 0.03682 -0.2061 0.1768 1.448

2005 Non-Target 1509 -0.05684 0.10359 -0.8673 2.0699
Target 122 -0.00509 0.67169 -0.4972 7.3025 0.85

2006 Non-Target 1460 -0.04836 0.08485 -0.5496 1,4365
Target 139 -0.05653 0.08913 -0.4286 0.4453 -1.037

2007 Non-Target 1428 -0.05981 0.07994 -0.4534 1.4054
Target 89 -0.05122 0.09724 -0.3448 0.7295 0.816

^ The column provides the number of firms present in the target and the non-target group.
This column provides a two sample test-statistics for the null hypothesis that there is no significant difference be

tween the yearly means of the target and the non-target group. *, **,*** indicate significance using a two-sample 
two-tail t-test at the 1%, 5% and 10% respectively.
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Table A.25: Univariate analysis of variable DPEA in both economies during the period 1997-2007

Year Group N= Mean Std. Dev. Minimum Maximum t-stat difference'’

Panel A: UK univariate analysis

1997 Non-Target 710 0.36215 0.89576 -1.2284 2.9643
Target 92 0.48351 0.98019 -1.169 2.9328 1.128

1998 Non-Target 686 0.23518 0.96243 -1.4529 3.144
Target 99 0.40397 0.92974 -1.0924 2.9393 1.681***

1999 Non-Target 663 0.20623 0.96777 -1.6917 3.3402
Target 86 0.47981 1.01911 -0.9629 2.8997 2.356**

2000 Non-Target 657 0.32875 1.01698 -1.3326 3.1982
Target 41 0.07731 1.00828 -1.0493 2.5354 -1.548

2001 Non-Target 686 0.31825 1.05474 -1.1973 3.2442
Target 46 -0.1978 0.79549 -0.7792 2.1501 -4.161*

2002 Non-Target 582 0.36205 1.0953 -1.0812 3.5144
Target 92 0.12603 1.06973 -1.0812 3.4571 -1.960***

2003 Non-Target 606 0.39028 1.1182 -1.0579 3.6041
Target 55 0.43625 1.12095 -0.6352 3.5047 0.291

2004 Non-Target 567 0.49609 1.15132 -0.9195 3.7357
Target 62 0.5233 1.02158 -0.6751 3.2932 0.197

2005 Non-Target 578 0.47079 1.10621 -0.8778 3.7907
Target 73 0.49433 1.02626 -0.8778 3.0547 0.183

2006 Non-Target 618 0.39878 1.10605 -0.7777 4,1802
Target 78 0.58228 1.23416 -0.7777 3.8881 1.251

2007 Non-Target 624 0.38251 1.12536 -1.0298 4.1634
Target 80 0.27067 1.08482 -0.7421 3.3913 -0.864

Panel B: US univariate analysis
1997 Non-Target 1854 0.30289 1.13218 -0.8861 5.6454

Target 216 0.11236 1.00753 -0.8861 4.4913 -2,595*
1998 Non-Target 1818 0.4081 1.27634 -0.8517 6.5262

Target 240 0.28962 1.19549 -0.8517 6.1585 -1.431
1999 Non-Target 1892 0.40915 1,32933 -0.7941 6.6974

Target 241 0.17967 1.07386 -0,7941 6.7215 -3.034*
2000 Non-Target 1803 0.3908 1.29711 -0.786 6.8591

Target 106 0.05979 0.80288 -0.4258 2.8726 -3.952*
2001 Non-Target 1674 0.37464 1.33865 -0.7186 6.5723

Target 73 0,11681 1.18907 -0.4272 5.9833 -1.803***
2002 Non-Target 1450 0.39145 1.29849 -0.7294 6.5117

Target 70 0.25835 1.38709 -0.7294 5.7331 -0.786
2003 Non-Target 1463 0.40583 1.28913 -0.748 6.5151

Target 89 0.13657 1,05795 -0.748 4.0443 -2.299**
2004 Non-Target 1489 0.38084 1.19339 -0.8575 6.1885

Target 106 0.16414 1.05219 -0.8575 4.7676 -2.03**
2005 Non-Target 1509 0.35524 1.16658 -0.8995 5.9089

Target 122 0.45906 1.45083 -0.8995 6.1987 0.771
2006 Non-Target 1460 0.33781 1.16389 -0.9241 6.0797

Target 139 0.21786 1.07618 -0.9241 4.3961 -1.247
2007 Non-Target 1428 0,29145 1.11865 -1.019 5.8656

Target 89 0.25049 1,3014 -1.019 5.5351 -0.29

^ The column provides the number of firms present in the target and the non-target group.
This column provides a two sample test-statistics for the null hypothesis that there is no significant difference be

tween the yearly means of the target and the non-target group. *, **,*** indicate significance using a two-sample 
two-tail t-test at the 1%, 5% and 10% respectively.
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Table A.26: Univariate analysis of variable FCFS in both economies during the period 1997-2007

Year Group N» Mean Std. Dev. Minimum Maximum t-stat difference'’

Panel A: UK univariate analysis
1997 Non-Target 710 0.03561 0.59399 -14.9835 3.5783

Target 92 -0.03276 0.61498 -5.3572 0.3955 -1.007

1998 Non-Target 686 0.03169 0.74658 -15.4244 1.7878
Target 99 0.04936 0.29594 -2.8019 0.5303 0.429

1999 Non-Target 663 -0.03029 0.34647 -6.7247 0.7752
Target 86 -0.03709 0.29354 -1.9042 1.1583 -0.198

2000 Non-Target 657 0.02012 0.69797 -13.5003 0.8699
Target 41 0.06583 0.18285 -0.8343 0.4968 1.158

2001 Non-Target 686 0.03592 0.28785 -5.1489 1.0872
Target 46 0.02585 0.08814 -0.4889 0.0637 -0.592

2002 Non-Target 582 -0.02883 0.32828 -6.5933 0.411
Target 92 -0.02072 0.17528 -1.6326 0.2797 0.356

2003 Non-Target 606 0.00838 0.92767 -18.456 3.5684
Target 55 0.09104 0.29044 0.0322 2.2208 1.521

2004 Non-Target 567 0.03411 0.2953 -2.5961 5.0341
Target 62 0.0301 0.03787 -0.1728 0.1376 -0.301

2005 Non-Target 578 0.03164 0.13906 -1.8361 1.5447
Target 73 0.02805 0.41551 -2.6091 2.3837 -0.073

2006 Non-Target 618 0.03687 0.11697 -1.1586 1.5698
Target 78 0.03999 0.05072 -0.0631 0.3443 0.42

2007 Non-Target 624 -0.00791 0.25357 -2.2139 3.1949
Target 80 -0.01159 0.21281 -0.7476 1.5086 -0.142

Panel B: US univariate analysis
1997 Non-Target 1854 0.00551 0.15314 -3.4506 2.4487

Target 216 0.00107 0.10238 -0.9674 0.5122 -0.568

1998 Non-Target 1818 0.01777 0.0825 -2.162 1.1315
Target 240 0.0191 0.03261 -0.0906 0.3845 0.465

1999 Non-Target 1892 0.03144 0.01281 -0.0761 0.2412
Target 241 0.03044 0.01232 -0.076 0.1227 -1.181

2000 Non-Target 1803 0.03016 0.02124 -0.7824 0.0776
Target 106 0.03141 0.01158 0.028 0.0771 1.015

2001 Non-Target 1674 0.02844 0.01895 -0.0814 0.07
Target 73 0.02941 0.01318 -0.0787 0.0509 0.602

2002 Non-Target 1450 0.02243 0.02413 -0.0612 0.2725
Target 70 0.02209 0.02045 0.0164 0.1668 -0.135

2003 Non-Target 1463 0.02153 0.03427 -0.4371 0.8649
Target 89 0.01615 0.05357 -0.4688 0.073 -0.936

2004 Non-Target 1489 0.02128 0.1254 -0.1678 5.0374
Target 106 0.01045 0.02861 -0.1963 0.0826 -1.265

2005 Non-Target 1509 0.01864 0.04455 -1.4785 0.4638
Target 122 0.01958 0.01974 0.0149 0.1885 0.443

2006 Non-Target 1460 -0.00199 0.03467 -0.0229 0.7364
Target 139 -0.0354 0.40864 -4.8218 0.1577 -0.964

2007 Non-Target 1428 0.01568 0.11639 -3.2217 0.8678
Target 89 -0.0035 0.1631 -1.5096 0.2511 -1.092

^ The column provides the number of firms present in the target and the non-target group.
This column provides a two sample test-statistics for the null hypothesis that there is no significant difference be

tween the yearly means of the target and the non-target group. *, **,*** indicate significance using a two-sample 
two-tail t-test at the 1%, 5% and 10% respectiv'ely.
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Table A.27: Univariate analysis of variable GSOY in both economies during the period 1997-2007

Year Group N^ Mean Std. Dev. Minimum Maximum t-stat difference’’

PariL’l A: UK univariate analysis

1997 Non-Target 710 0.01001 1.22045 -0.9666 15.7533
Target 92 -0.07796 0.05279 -0.3042 0.186 -1.907***

1998 Non-Target 686 -0.05216 0.7488 -1.0516 12.6356
Target 99 -0.16672 0.15293 -0.7038 0.2417 -3.529*

1999 Non-Target 663 -0.04632 0.50792 -0.7623 6.8237
Target 86 -0.10979 0.14519 -0.5282 0.4941 -2.52**

2000 Non-Target 657 -0.01974 0.7626 -0.8615 13.9261
Target 41 -0.08319 0.06727 -0.3487 0.0859 -2.011**

2001 Non-Target 686 -0.02628 0.27207 -1.4119 3.3404
Target 46 -0.03997 0.06765 -0.4768 0.0828 -0.951

2002 Non-Target 582 -0.02442 0.58963 -0.5522 13.4461
Target 92 -0.06138 0.16809 -1.2095 0.9519 -1.229

2003 Non-Target 606 -0.00542 0.93236 -2.2555 14.9114
Target 55 -0.06978 0.03098 -0.252 -0.0068 -1.689***

2004 Non-Target 567 -0.04998 0.48177 -0.7718 10..5408
Target 62 -0.08563 0.21183 -0.9354 0.8974 -1.059

2005 Non-Target 578 0.02005 1.55943 -0.9877 17.2141
Target 73 -0.07158 0.09981 -0.7028 0.2191 -1.39

2006 Non-Target 618 -0.01186 0.37479 -0.2951 7.0322
Target 78 -0.01148 0.39154 -0.7555 3.311 0.008

2007 Non-Target 624 -0.00778 1.02546 -0.4583 15.7513
Target 80 0.01843 0.76509 -0.3298 6.7663 0.276

Panel B: US univariate analysis
1997 Non-Target 1854 -0.02552 0.08949 -1.0831 1.6825

Target 216 -0.01886 0.14747 -0.5102 1.4348 0.65
1998 Non-Target 1818 -0.02618 0.18039 -1.5174 5.4186

Target 240 -0.02973 0.07819 -0.5489 1.017 -0.539
1999 Non-Target 1892 -0.066 0.0259 -0.1782 0.5574

Target 241 -0.06657 0.01908 -0.1142 0.1321 -0.417
2000 Non-Target 1803 -0.02603 0.1588 -1.7522 5.5578

Target 106 -0.03529 0.05412 -0.3865 0.0448 -1.435
2001 Non-Target 1674 -0.0288 0.03757 -0.2872 0.783

Target 73 -0.02788 0.02976 -0.217 -0.0195 0.255
2002 Non-Target 1450 -0.03029 0.05289 -0.6188 0.4543

Target 70 -0.03217 0.04815 -0.3813 0.0 -0.318
2003 Non-Target 1463 -0.02363 0.0582 -0.6734 0.7523

Target 89 -0.00784 0.18605 -0.6846 1.5982 0.798
2004 Non-Target 1489 -0.03093 0.02833 -0.1298 0.9214

Target 106 -0.03356 0.02116 -0.1943 -0.0238 -1.205

2005 Non-Target 1509 -0.02132 0.03926 -0.245 0.5286
Target 122 -0.02448 0.04435 -0.2284 0.0109 -0.763

2006 Non-Target 1460 -0.02168 0.02558 -0.3108 0.3215
Target 139 -0.02256 0.0237 -0.1862 0.0604 -0.415

2007 Non-Target 1428 -0.02844 0.08737 -1.8982 0.7956
Target 89 -0.02878 0.06523 -0.4698 -0.0131 -0.047

^ The column provides the number of firms present in the target and the non-target group.
^ This column provides a two sample test-statistics for the null hypothesis that there is no significant difference be
tween the yearly means of the target and the non-target group. *, **,*** indicate significance using a h\'0-sample 
two-tail t-test at the 1%, 5% and 10% respectively.
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Table A.28: Univariate analysis of variable ICOV in both economies during the period 1997-2007

Year Group N^ Mean Std. Dev. Minimum Maximum t-stat di fference’’

Panel A: UK univariate analysis

1997 Non-Target 710 0.04824 0.67121 -3.7121 11.6574
Target 92 0.1644 1.77162 -0.3953 17.0513 0.623

1998 Non-Target 686 0.06868 0.91195 -5.8911 13.5011
Target 99 -0.04122 0.07125 -0.2724 0.3312 -3.092*

1999 Non-Target 663 0.02807 0.45364 -1.7917 5.8396
Target 86 0.09307 0.58089 -0.0703 4.5364 0.999

2000 Non-Target 657 0.16626 0.72184 -2.1652 9.1823
Target 41 0.08529 0.41371 -0.9254 2.4183 -1.149

2001 Non-Target 686 0.06848 0.57861 -9.0096 7.8294
Target 46 0.11285 0.24918 -0.4177 1.6752 1.035

2002 Non-Target 582 0.10657 0.22322 -2.7501 2.106
Target 92 0.03077 0.74857 -6.5578 0.8935 -0.964

2003 Non-Target 606 0.03391 0.09787 -1.3753 0.9451
Target 55 0.01153 0.26091 -1.8983 0.203 -0.632

2004 Non-Target 567 0.0564 0.27631 -2.0343 4.4298
Target 62 0.03893 0.05695 -0.2005 0.1861 -1.278

2005 Non-Target 578 -0.00759 0.68387 -15.7312 3.265
Target 73 0.01784 0.1031 -0.1141 0.857 0.823

2006 Non-Target 618 0.04516 0.2807 -4.956 2.428
Target 78 0.05483 0.04659 -0.1567 0.2059 0.776

2007 Non-Target 624 0.0292 0.52495 -11.6667 4.4562
Target 80 0.04648 0.11353 -0.2967 0.9333 0.704

Panel B: US univariate analysis
1997 Non-Target 1854 0.02378 0.33552 -1.2393 7.966

Target 216 -0.00643 0.05331 -0.3064 0.2729 -3.515*
1998 Non-Target 1818 0.04508 0.35509 -0.9392 11.1772

Target 240 0.03392 0.35193 -3.3242 4.1372 -0.461
1999 Non-Target 1892 0.07264 0.27329 -0.5401 5.6786

Target 241 0.07263 0.25434 -0.2105 3.6374 -0.001
2000 Non-Target 1803 0.02309 0.14439 -0.213 5.2267

Target 106 0.01378 0.04997 -0.1728 0.3408 -1.571
2001 Non-Target 1674 0.06123 0.48671 -0.4782 13.1192

Target 73 0.02938 0.02005 -0.0755 0.1139 -2.627*
2002 Non-Target 1450 0.08899 0.19593 -1.0875 4.9459

Target 70 0.07265 0.03146 0.0054 0.2548 -2.564**
2003 Non-Target 1463 0.06466 0.35797 -2.7407 10.8034

Target 89 0.03471 0.06041 -0.278 0.4118 -2.641*
2004 Non-Target 1489 0.07744 0.39461 -0.2721 9.8837

Target 106 0.04851 0.13077 -0.1461 1.2738 -1.774***

2005 Non-Target 1509 0.03084 0.19106 -0.4015 5.1899
Target 122 0.01582 0.0645 -0.123 0.6495 -1.967**

2006 Non-Target 1460 0.07649 0.96272 -28.7532 11.0198
Target 139 0.04693 0.05175 -0.0972 0.2718 -1.156

2007 Non-Target 1428 0.07674 0.87762 -11.2172 14.7023
Target 89 0.03447 0.07469 -0.3037 0.5552 -1.723***

“ The column provides the number of firms present in the target and the non-target group.
This column provides a two sample test-statistics for the null hypothesis that there is no significant difference be

tween the yearly means of the target and the non-target group. *. *»,*** indicate significance using a tw’o-sample 
two-tail t-test at the 1%, 5% and 10% respectiv'ely.

211



Table A.29: Univariate analysis ofimriabJe IDHE in both economies during the period 1997-2007

Year Group N“ Mean Std. Dev. Minimum Maximum t-stat difference^

Panel A: UK univariate analysis
1997 Non-Target 710 -0.02846 0.43154 -0.5003 4.5466

Target 92 0.00605 0.5067 -0.5652 3.3363 0.625
1998 Non-Target 686 -0.03719 0.33748 -0.7588 3.9835

Target 99 -0.07674 0.17509 -0.8672 0.8672 -1.813***
1999 Non-Target 663 -0.02942 0.26577 -0.8712 3.3615

Target 86 -0.07473 0.15995 -0.8982 0.0143 -2.254“
2000 Non-Target 657 -0.0075 1.09653 -0.5814 15.7134

Target 41 -0.01347 0.33748 -0.3216 1.3611 -0.187
2001 Non-Target 686 -0.04364 0.86301 -20.0572 6.4311

Target 46 0.10616 0.77964 -0.2067 3.7398 1.253
2002 Non-Target 582 -0.07343 0.33273 -0.59 3.9832

Target 92 -0.04475 0.52447 -0.5245 4.4474 0.509
2003 Non-Target 606 -0.064 0.27094 -0.8578 3.3395

Target 55 -0.08764 0.09731 -0.3237 0.4988 -1.38
2004 Non-Target 567 -0.03833 0.31965 -0.6406 5.0253

Target 62 -0.07413 0.13151 -0.5853 0.3288 -1.671“*
2005 Non-Target 578 -0.04367 0.60841 -0.9006 10.7921

Target 73 -0.07565 0.36245 -0.8116 2.4349 -0.647
2006 Non-Target 618 -0.0758 0.33386 -0.8477 2.3694

Target 78 0.0512 1.16898 -0.8123 9.6679 0.955
2007 Non-Target 624 -0.04458 0.66694 -0.8163 11.4587

Target 80 -0.02544 0.47626 -0.7189 2.7845 0.321

Panel B: US unwariate analysis
1997 Non-Target 1854 -0.02669 0.12739 -0.5344 2.5076

Target 216 -0.04553 0.13466 -0.5166 0.9792 -1.957“*
1998 Non-Target 1818 -0.04652 0.25851 -0.872 5.016

Target 240 -0.07337 0.15974 -0.7786 0.4735 -2.245**
1999 Non-Target 1892 -0.06131 0.18358 -0.8843 3.2832

Target 241 -0.06545 0.14801 -0.8316 1.2258 -0.397
2000 Non-Target 1803 -0.06798 0.15134 -0.7303 2.6234

Target 106 -0.02953 0.42205 -0.6933 3.2651 0.934
2001 Non-Target 1674 -0.04395 0.12944 -0.8175 2.687

Target 73 -0.04627 0.08756 -0.6909 0.1947 -0.216
2002 Non-Target 1450 -0.03472 0.1321 -0.6434 2.0302

Target 70 -0.03476 0.07042 -0.4007 0.2559 -0.004
2003 Non-Target 1463 -0.07312 0.38072 -0.5717 12.3559

Target 89 -0.02593 0.35026 -0.1589 2.9195 1.228
2004 Non-Target 1489 -0.04465 0.10333 -0.5352 1.2756

Target 106 -0.04154 0.07463 -0.2928 0.4629 0.402

2005 Non-Target 1509 -0.06083 0.18913 -0.7417 4.7036
Target 122 -0.04558 0.30026 -0.6964 3.0522 0.552

2006 Non-Target 1460 -0.02604 0.20438 -0.7453 5.4142
Target 139 -0.05072 0.12856 -0.7453 0.7163 -2.032**

2007 Non-Target 1428 -0.06265 0.19654 -0.7212 4.3759
Target 89 -0.06006 0.12552 -0.411 0.6484 0.181

‘‘ The column provides the number of firms present in the target and the non-target group.
^ This column provides a tw'o sample test-statistics for the null hypothesis that there is no significant difference be
tween the yearly means of the target and the non-target group. *. **. * * * indicate significance using a two-sample 
two-tail t-test at the 1%, 5% and 10% respectively.
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Table A.30: Univariate analysis ofimriable ITUR in both economies during the period 1997-2007

Year Group N» Mean Std. Dev. Minimum Maximum t-stat difference^

Panel A: UK univariate analysis

1997 Non-Target 710 -0.07976 0.26021 -0.4692 3.6169
Target 92 -0.03269 0.62032 -0.2418 5.8254 0.72

1998 Non-Target 686 -0.06138 0.68842 -0.3914 7.4309
Target 99 -0.05607 0.60288 -0.3199 5.7837 0.08

1999 Non-Target 663 0.00157 1.28129 -0.5192 17.3963
Target 86 0.09043 0.76061 -0.3004 5.6904 0.926

2000 Non-Target 657 0.02175 1.28023 -0.9151 17.2568
Target 41 -0.12551 0.20224 -0.8618 -0.0109 -2.492”

2001 Non-Target 686 -0.04304 0.28378 -1.0423 3.5694
Target 46 -0.05232 0.15111 -0.6185 0.6011 -0.375

2002 Non-Target 582 -0.01033 0.89656 -0.6974 12.3325
Target 92 -0.06956 0.22548 -0.3691 1.9302 -1.347

2003 Non-Target 606 -0.01638 1.18477 -0.7016 15.5274
Target 55 -0.05144 0.2128 -0.4117 1.1024 -0.626

2004 Non-Target 567 0.03007 1.36072 -0.7584 15.9656
Target 62 -0.06673 0.2214 -0.6002 0.7572 -1.52

2005 Non-Target 578 0.00765 1.16788 -1.0923 14.7226
Target 73 0.04931 0.81448 -0.5766 6.2589 0.389

2006 Non-Target 618 -0.02515 0.76483 -0.5771 10.375
Target 78 0.05369 0.83809 -0.5189 5.4368 0.79

2007 Non-Target 624 -0.04674 0.76183 -0.6509 10.8401
Target 80 0.08516 1.6253 -0.5913 14.4202 0.716

Panel B: US univariate analysis

1997 Non-Target 1854 -0.03863 0.3489 -0.5864 7.6751
Target 216 -0.01957 0.27959 -0.5045 1.6297 0.922

1998 Non-Target 1818 -0.04102 0.28861 -0.4001 9.3821
Target 240 -0.05125 0.10953 -0.3452 0.7513 -1.045

1999 Non-Target 1892 -0.0202 0.67643 -0.611 19.3972
Target 241 0.00645 1.03253 -0.5738 15.5549 0.39

2000 Non-Target 1803 -0.03405 0.47061 -0.4642 18.0708
Target 106 -0.02145 0.23096 -0.469 1.3689 0.504

2001 Non-Target 1674 -0.02173 0.27889 -0.458 8.3201
Target 73 -0.01193 0.0821 -0.1138 0.4283 0.832

2002 Non-Target 1450 -0.0213 0.76472 -0.3664 20.7319
Target 70 0.00849 0.30777 -0.2529 1.7665 0.623

2003 Non-Target 1463 -0.03843 0.10601 -0.5171 1.809
Target 89 -0.04762 0.0741 -0.477 0.1463 -1.103

2004 Non-Target 1489 -0.0292 0.66897 -0.4755 19.8941
Target 106 0.07016 1.36836 -0.4159 13.9907 0.737

2005 Non-Target 1509 -0.03398 0.3193 -0.4488 7.7424
Target 122 -0.01707 0.18292 -0.3931 1.0124 0.915

2006 Non-Target 1460 -0.0432 0.50226 -0.2822 17.4641
Target 139 -0.05039 0.09865 -0.2602 0.6263 -0.461

2007 Non-Target 1428 -0.03957 0.14479 -0.2687 4.388
Target 89 -0.0377 0.06374 -0.2421 0.2289 0.241

“ Thu column provides the number of firms present in the target and the non-target group.
^ This column provides a two sample test-statistics for the null hypothesis that there is no significant difference be
tween the yearly means of the target and the non-target group. *, **,*** indicate significance using a tw'o-sample 
two-tail t-test at the 1%, 5% and 10% respectively.
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Table A.31: Univariate analysis of variable LDTC in both economies during the period 1997-2007

Year Group N= Mean Std. Dev. Minimum Maximum t-stat difference'^

Panel A: UK univariate analysis

1997 Non-Target 710 0.01717 0.16662 -1.2885 2.2489
Target 92 0.03334 0.22527 -0.6055 1.8215 0.665

1998 Non-Target 686 -0.01489 0.22774 -1.2738 2.6051
Target 99 0.00937 0.17407 -0.2583 1.6389 1.242

1999 Non-Target 663 0.02277 0.21777 -1.4955 1.6286
Target 86 0.05885 0.33416 -1.2128 2.2068 0.975

2000 Non-Target 657 -0.00485 0.20725 -1.0396 1.6658
Target 41 0.00149 0.36039 -1.0076 0.9745 0.111

2001 Non-Target 686 -0.0162 0.36233 -6.9254 2.8118
Target 46 0.05673 0.34201 -0.1679 1.9365 1.395

2002 Non-Target 582 -0.0228 0.0967 -0.2932 1.5968
Target 92 0.02333 0.67938 -0.526 6.4364 0.650

2003 Non-Target 606 -0.03814 0.17757 -0.9936 2.2405
Target 55 -0.03776 0.16975 -0.599 0.9353 0.016

2004 Non-Target 567 0.04695 1.08488 -1.1957 12.4848
Target 62 0.00292 0.12995 -0.5614 0.3365 -0.909

2005 Non-Target 578 0.0178 0.22953 -1.519 3.3172
Target 73 0.05414 0.18019 -0.3132 0.8241 1.57

2006 Non-Target 618 0.02295 0.17864 -2.351 1.4515
Target 78 0.04264 0.17586 -0.3503 1.4713 0.930

2007 Non-Target 624 0.03241 0.26261 -0.9101 3.0318
Target 80 -0.0166 0.20047 -0.9101 0.4022 -1.980**

Panel B: US univariate analysis

1997 Non-Target 1854 0.01713 0.15734 -1.1101 1.3042
Target 216 0.03844 0.212 -0.7071 1.5398 1.432

1998 Non-Target 1818 0.00993 0.17016 -3.3814 0.8503
Target 240 0.01578 0.15533 -0.6316 0.3864 0.542

1999 Non-Target 1892 0.03723 0.10115 -0.6824 0.9001
Target 241 0.04395 0.1113 -0.2706 0.7102 0.892

2000 Non-Target 1803 0.02379 0.08874 -0.8265 0.7534
Target 106 0.043 0.13886 -0.5844 1.1498 1.408

2001 Non-Target 1674 0.01801 0.06636 -0.6028 0.479
Target 73 0.01248 0.0601 -0.3981 0.2756 -0.766

2002 Non-Target 1450 -0.00906 0.03213 -0.4119 0.3128
Target 70 0.00092 0.05887 -0.0164 0.3801 1.408

2003 Non-Target 1463 -0.01227 0.06083 -0.6111 0.7706
Target 89 0.00042 0.04058 -0.2534 0.1216 2.767*

2004 Non-Target 1489 -0.00578 0.04717 -0.4277 0.6453
Target 106 -0.00252 0.05181 -0.1805 0.341 0.63

2005 Non-Target 1509 0.02551 0.11714 -0.8677 1.0494
Target 122 0.02697 0.10052 -0.5396 0.5602 0.152

2006 Non-Target 1460 0.00734 0.11324 -0.8926 0.9375
Target 139 0.01248 0.17565 -0.8054 0.9347 0.338

2007 Non-Target 1428 0.0017 0.12496 -0.948 1.1914
Target 89 -0.00342 0.09848 -0.8457 0.1821 -0.468

® The column provides the number of firms present in the target and the non-target group.
This column provides a two sample test-statistics for the null hypothesis that there is no significant difference be

tween the yearly means of the target and the non-target group. *. **,*** indicate significance using a two-sampile 
two-tail t-test at the 1%, 5% and 10% respectively.
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Table A.32: Univariate analysis of variable NSFA in both economies during the period 1997-2007

Year Group N^ Mean Std. Dev. Minimum Maximum t-stat difference’’

Panel A.
1997

• UK uniimriate atinlysis 
Non-Target 710 -0.07247 0.68857 -0.499 8.9782
Target 92 -0.04751 0.53183 -0.49 2.5295 0.408

1998 Non-Target 686 0.00473 1.13802 -0.4039 15.1359
Target 99 -0.12817 0.33796 -0.3916 1.3212 -2.41**

1999 Non-Target 663 -0.04522 0.15588 -0.4795 2.7715
Target 86 -0.02189 0.34174 -0.4066 3.0395 0.625

2000 Non-Target 657 0.00633 1.36843 -0.608 17.7398
Target 41 -0.10782 0.26738 -0.3784 1.051 -1.684***

2001 Non-Target 686 -0.03747 0.50746 -0.5659 8.0844
Target 46 -0.0687 0.19592 -0.4738 0.636 -0.898

2002 Non-Target 582 0.01747 1.42325 -0.6418 19.4518
Target 92 -0.01402 0.5725 -0.6205 4.585 -0.375

2003 Non-Target 606 0.00835 1.38323 -0.4008 16.6359
Target 55 -0.15314 0.24299 -0.3187 1.328 -2.483**

2004 Non-Target 567 -0.10711 0.67049 -0.4736 8.8606
Target 62 -0.12014 0.94364 -0.4271 6.8178 -0.106

2005 Non-Target 578 -0.07454 0.70176 -0.711 10.4775
Target 73 -0.11058 0.58421 -0.6698 4.0419 -0.485

2006 Non-Target 618 -0.04221 0.99987 -0.7535 11.4013
Target 78 0.08224 0.95781 -0.3973 5.4055 1.076

2007 Non-Target 624 -0.04802 0.43414 -0.8564 6.6291
Target 80 -0.06757 0.32476 -0.3419 2.1189 -0.486

Panel B:
1997

US univariate analysis 
Non-Target 1854 -0.05395 0.65219 -0.4208 9.6206
Target 216 -0.13139 0.31527 -0.4192 1.5783 -2.949*

1998 Non-Target 1818 -0.03629 0.38064 -0.329 12.1185
Target 240 -0.04162 0.19457 -0.3276 1.4016 -0.346

1999 Non-Target 1892 -0.0145 0.61524 -0.2832 16.2667
Target 241 -0.03076 0.40694 -0.278 3.1555 -0.546

2000 Non-Target 1803 -0.02168 0.08354 -0.3103 1.4952
Target 106 -0.02738 0.08147 -0.2986 0.3991 -0.699

2001 Non-Target 1674 -0.02445 0.1995 -0.1414 5.6707
Target 73 -0.03056 0.11018 -0.1258 0.6034 -0.443

2002 Non-Target 1450 -0.03459 0.27834 -0.1279 7.7796
Target 70 -0.04173 0.17179 -0.1241 1.1733 -0.328

2003 Non-Target 1463 -0.03104 0.31 -0.366 6.6579
Target 89 -0.04889 0.17251 -0.3602 1.2145 -0.892

2004 Non-Target 1489 -0.03886 0.13396 -0.1521 3.1694
Target 106 -0.02834 0.12551 -0.1484 0.6841 0.83

2005 Non-Target 1509 -0.03198 0.2858 -0.2897 6.3446
Target 122 -0.04579 0.18974 -0.282 1.101 -0.739

2006 Non-Target 1460 -0.03697 0.24393 -0.2706 4.2307
Target 139 -0.06283 0.11538 -0.2699 0.7195 -2.213**

2007 Non-Target 1428 -0.05585 0.19341 -0.2723 3.8274
Target 89 -0.06795 0.13631 -0.2634 0.9274 -0.789

^ The column provides the number of firms present in the target and the non-target group.
This colurrm provides a two sample test-statistics for the null hypothesis that there is no significant difference be

tween the yearly means of the target and the non-target group, 
two-tail t-test at the 1%, 5% and 10% respectively.

3(C ** 5ic * 3(: indicate significance using a two-sample
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Table A.33: Univariate analysis of variable NSWC in both economies during the period 1997-2007

Year Group N^ Mean Std. Dev. Minimum Maximum t-stat difference*^

Panel A: UK univariate analysis

1997 Non-Target 710 -0.01923 0.29252 -3.3485 3.9686
Target 92 -0.02863 0.08866 -0.5235 0.3048 -0.655

1998 Non-Target 686 0.02346 0.36463 -3.5647 6.285
Target 99 0.01107 0.10797 -0.4775 0.6833 -0.702

1999 Non-Target 663 0.05204 1.21537 -13.3032 14.2271
Target 86 -0.01139 0.76581 -4.0158 3.5512 -0.667

2000 Non-Target 657 0.01402 1.06638 -12.6962 12.5332
Target 41 0.22071 1.61634 -0.9169 10.1946 0.808

2001 Non-Target 686 0.00764 1.30753 -12.1886 15.6993
Target 46 -0.03572 0.18546 -0.5621 0.5541 -0.762

2002 Non-Target 582 -0.05364 0.7337 -15.3458 0.5496
Target 92 -0.00509 0.08028 -0.2724 0.4811 1.539

2003 Non-Target 606 0.08911 1.48572 -5.5759 17.1767
Target 55 -0.01853 0.23136 -1.1433 0.8958 -1.584

2004 Non-Target 567 -0.05784 1.65052 -20.1443 4.6204
Target 62 0.01871 0.26256 -1.2623 0.9182 0.995

2005 Non-Target 578 0.05466 0.80385 -6.3864 12.9852
Target 73 -0.17541 0.95244 -7.3635 0.7251 -1.977**

2006 Non-Target 618 -0.07216 1.65773 -21.4766 2.6624
Target 78 0.03571 0.09687 -0.3449 0.4783 1.596

2007 Non-Target 624 -0.02952 0.44919 -4.0853 4.2346
Target 80 0.24737 2.14922 -2.1083 15.0789 1.027

Panel B: US univariate analysis

1997 Non-Target 1854 0.02059 0.58641 -10.4739 15.5195
Target 216 0.01111 0.31433 -0.9193 4.1289 -0.374

1998 Non-Target 1818 0.01742 0.28589 -3.1728 9.1104
Target 240 -0.04877 0.99385 -15.2145 1.0544 -1.026

1999 Non-Target 1892 -0.01642 0.55036 -18.7983 8.8897
Target 241 0.03872 0.50791 -0.9398 7.5413 1.572

2000 Non-Target 1803 0.02377 0.58558 -3.5081 17.5591
Target 106 -0.10787 1.07455 -10.8546 0.9497 -1.25

2001 Non-Target 1674 -0.0087 0.4132 -11.9854 8.9866
Target 73 0.00329 0.06582 -0.1874 0.4764 0.944

2002 Non-Target 1450 -0.01895 0.29205 -8.9571 1.9091
Target 70 -0.00873 0.03892 -0.1272 0.1885 1.139

2003 Non-Target 1463 -0.04991 1.93389 -19.9282 15.2056
Target 89 0.08509 0.44711 -1.2876 3.7859 1.948***

2004 Non-Target 1489 0.02568 1.30818 -22.9778 20.4066
Target 106 0.05739 0.25217 -0.5376 1.6557 0.758

2005 Non-Target 1509 0.03398 0.84805 -7.7517 18.8949
Target 122 0.19263 1.6018 -0.9915 11.6158 1.082

2006 Non-Target 1460 0.01198 0.93452 -13.8309 20.5892
Target 139 0.0015 0.75307 -7.003 5.0021 -0.153

2007 Non-Target 1428 0.05505 1.72851 -18.0773 28.2275
Target 89 0.01322 0.26568 -0.8349 1.8164 -0.779

“ The column provides the number of firms present in the target and the non-target group.
This column provides a two sample test-statistics for the null hypothesis that there is no significant difference be

tween the yearly means of the target and the non-target group. *, **,*** indicate significance using a two-sample 
two-tail t-test at the 1%, 5% and 10% respectively.
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Table A.34: Univariate analysis of variable OPMA in both economies during the period 1997-2007

Year Group Mean Std. Dev. Minimum Maximum t-stat difference^

Panel A: UK univariate analysis
1997 Non-Target 710 0.05611 0.20405 -2.55 3.3031

Target 92 0.04089 0.21771 -1.5448 1.3151 -0.635
1998 Non-Target 686 0.08075 0.13359 -2.4035 1.6992

Target 99 0.07602 0,04444 -0.3141 0.2404 -0.698
1999 Non-Target 663 0.05857 0.70366 -17,3883 2.2173

Target 86 0.06851 0.15631 -0.9925 0.1389 0.31
2000 Non-Target 657 0.06514 0.2489 -3.7471 3,1383

Target 41 -0.0189 0.47603 -2,7801 0.7009 -1.121
2001 Non-Target 686 0.03668 0.03336 -0.0574 0.2752

Target 46 0.03057 0.0172 0.0061 0.1434 -2.153’**
2002 Non-Target 582 0.09024 0.30888 -4,4699 2.778

Target 92 0.02325 0.35434 -2.342 0,3124 -1.713*’*’*
2003 Non-Target 606 0.03559 0.31281 -5.4775 1.8238

Target 55 0.03272 0.11137 -0.7856 0.0507 -0.146
2004 Non-Target 567 0.0745 0.22115 -1.2971 2.6276

Target 62 0.07319 0.14476 -0.3051 0.8109 -0.064

2005 Non-Target 578 0.05766 0.70988 -16.2432 2.0551
Target 73 0.10799 0.26303 -1.1142 1.8903 1.180

2006 Non-Target 618 0.03957 0.05819 -0.3996 0.7634
Target 78 0.04032 0.04653 0.0271 0.3413 0.130

2007 Non-Target 624 0.07239 0.12245 -1.3864 1,3723
Target 80 0.07407 0.03007 -0.0378 0.1996 0.283

Panel B: US univariate analysis
1997 Non-Target 1854 0.06585 0.10345 -0.8999 2.5411

Target 216 0.06994 0.21736 -1.1099 2.2498 0.273
1998 Non-Target 1818 0.06518 0.07272 -0.4114 1.4753

Target 240 0.06705 0.08751 -0.4236 0.9553 0.317

1999 Non-Target 1892 0.06125 0.06886 -0.3767 1.3238
Target 241 0.05998 0,08646 -0.5229 1.2406 -0.219

2000 Non-Target 1803 0.01979 0.02123 -0.0029 0.1865
Target 106 0.021 0.02851 0.0137 0.2002 0.430

2001 Non-Target 1674 0.03403 0,19433 -7.9053 0.0783
Target 73 0.03713 0.00711 0.0258 0.0767 0.643

2002 Non-Target 1450 0.06944 0.0135 -0.009 0.2457
Target 70 0.07035 0.01205 0.0631 0.143 0.614

2003 Non-Target 1463 0.07628 0.02116 -0.1239 0.2338
Target 89 0.07421 0.02876 -0.0315 0.3081 -0.668

2004 Non-Target 1489 0.07471 0.01482 -0.0146 0.4251
Target 106 0.07279 0.0418 -0.2265 0.3758 -0.471

2005 Non-Target 1509 0.04813 0.01819 -0.0023 0.3717
Target 122 0.04983 0.02783 0.0438 0.312 0.663

2006 Non-Target 1460 0.04771 0.02256 -0.1001 0.3809
Target 139 0.04897 0.02257 0.0411 0,1977 0.629

2007 Non-Target 1428 0.04154 0.02899 0.0107 0.6759
Target 89 0.03939 0.02798 -0.0512 0.2845 -0.702

^ The column provides the number of firms present in the target and the non-target group.
This column provides a two sample test-statistics for the null hypothesis that there is no significant difference be

tween the yearly means of the target and the non-target group, *, **,*** indicate significance using a two-sample 
two-tail t-test at the 1%, 5% and 10% respectively.
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Table A.35: Univariate analysis of variable PTBR in both economies during the period 1997-2007

Year Group N» Mean Std. Dev. Minimum Maximum t-stat difference^

Panel A:
1997

UK univariate analysis 
Non-Target 710 -0.01754 0.35671 -2.1186 5.4715
Target 92 -0.0612 0.51393 -4.2692 2.3482 -0.791

1998 Non-Target 686 -0.01037 0.52647 -6.0352 7.1076
Target 99 0.09165 0.97918 -0.3667 9.5223 1.016

1999 Non-Target 663 0.03061 0.80662 -9.6069 15.0436
Target 86 0.08195 0.46626 -0.207 2.439 0.867

2000 Non-Target 657 0.01432 0.41242 -3.276 4.2655
Target 41 -0.08156 0.1828 -0.3985 0.6168 -2.926*

2001 Non-Target 686 -0.01392 0.44648 -6.7977 1.7465
Target 46 0.11283 1.08 -0.196 7.2676 0.791

2002 Non-Target 582 0.01132 0.45414 -5.224 5.115
Target 92 -0.17233 1.48856 -14.0233 1.247 -1.175

2003 Non-Target 606 0.00922 0.28603 -3.297 5.1428
Target 55 0.00898 0.17821 -0.0762 1.2737 -0.009

2004 Non-Target 567 0.00535 0.35871 -2.1657 6.7394
Target 62 -0.03612 0.11718 -0.8917 0.1247 -1.958*"

2005 Non-Target 578 -0.02279 0.61845 -11.9567 5.2585
Target 73 -0.03229 0.06211 -0.4098 0.1242 -0.355

2006 Non-Target 618 -0.0129 0.47415 -8.3358 3.1696
Target 78 0.0082 0.11696 -0.3084 0.7748 0.909

2007 Non-Target 624 -0.00204 0.62713 -1.2485 15.119
Target 80 0.00247 0.32236 -0.2573 2.6635 0.103

Panel B:
1997

US univariate analysis 
Non-Target 1854 -0.02912 0.10424 -2.2147 1.8893
Target 216 0.00305 1.36144 -10.2742 17.1446 0.347

1998 Non-Target 1818 -0.00361 0.15441 -0.4951 4.8186
Target 240 -0.0104 0.09084 -0.1614 0.9737 -0.985

1999 Non-Target 1892 0.00086 0.03743 -1.3034 0.3626
Target 241 0.04306 0.64341 -0.0501 10.0049 1.018

2000 Non-Target 1803 0.01124 0.02577 -0.1531 0.6047
Target 106 0.11793 1.10614 -0.1205 11.4508 0.993

2001 Non-Target 1674 0.01672 0.03685 -0.098 1.0337
Target 73 0.01255 0.00896 -0.0578 0.0331 -3.017*

2002 Non-Target 1450 0.00653 0.01391 -0.0851 0.1521
Target 70 0.00698 0.01099 -0.0497 0.01 0.330

2003 Non-Target 1463 0.00417 0.19967 -7.6002 0.317
Target 89 0.01205 0.03812 -0.0689 0.3585 1.194

2004 Non-Target 1489 0.01574 0.01475 -0.0792 0.3006
Target 106 0.0141 0.01701 -0.0724 0.0436 -0.967

2005 Non-Target 1509 0.00713 0.01859 -0.17 0.2795
Target 122 0.00539 0.01807 -0.1127 0.0107 -1.021

2006 Non-Target 1460 0.01069 0.02195 -0.1607 0.4402
Target 139 0.00994 0.02443 -0.1774 0.1281 -0.349

2007 Non-Target 1428 0.00068 0.04619 -0.1685 1.4132
Target 89 -0.00331 0.01475 -0.0788 0.0439 -2.010**

“ The column provides the number of firms present in the target and the non-target group.
’’ This column provides a two sample test-statistics for the null hypothesis that there is no significant difference be
tween the yearly means of the target and the non-target group. *, *»,*** indicate significance using a two-sample 
two-tail t-test at the 1%, 5% and 10% respectively.
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Table A.36: Univariate analysis of variable PTER in both economies during the period 1997-2007

Year Group N^ Mean Std. Dev. Minimum Maximum t-stat difference'’

Panel A: UK univariate analysis

1997 Non-Target 710 0.05343 0.89867 -10.1681 16.823
Target 92 0.01505 0.37624 -1.4579 1.47 -0.742

1998 Non-Target 686 -0.02695 0.54777 -7.8938 7.6098
Target 99 -0.0075 0.21789 -0.545 1.3217 0.642

1999 Non-Target 663 0.00242 0.322 -2.8866 5.3285
Target 86 0.02367 0.14001 -0.3357 0.7063 1.084

2000 Non-Target 657 0.0667 0.5342 -2.0522 9.2369
Target 41 -0.01699 0.2682 -0.4895 1.4366 -1.789”*

2001 Non-Target 686 0.11511 0.80082 -8.9131 10.1271
Target 46 -0.094 0.39797 -1.8298 0.8906 -3.160*

2002 Non-Target 582 0.0836 0.51815 -5.3916 5.4289
Target 92 0.17398 1.05959 -0.9568 9.0926 0.803

2003 Non-Target 606 0.05243 0.50711 -3.7464 4.2065
Target 55 0.07312 0.49649 -0.8214 2.6062 0.295

2004 Non-Target 567 0.08367 0.5252 -4.9523 2.1311
Target 62 0.22348 0.63069 -1.5326 3.071 1.683***

2005 Non-Target 578 0.06988 0.70552 -6.8129 8.1945
Target 73 0.12669 0.46048 -1.2307 1.6115 0.926

2006 Non-Target 618 0.13405 0.78537 -4.2521 15.0204
Target 78 0.17181 0.61991 -3.5788 2.0116 0.491

2007 Non-Target 624 0.10524 1.17941 -5.7465 20.6194
Target 80 0.09945 0.56637 -2.3483 1.8761 -0.073

Panel B: US univariate analysis

1997 Non-Target 1854 -0.07184 0.40204 -0.8086 4.6971
Target 216 0.02711 1.14183 -0.7881 15.4234 1.265

1998 Non-Target 1818 -0.03688 0.58698 -0.3366 17.7402
Target 240 -0.08161 0.12699 -0.2539 1.0173 -2.792*

1999 Non-Target 1892 -0.03426 0.45275 -0.3923 14.065
Target 241 -0.04787 0.16295 -0.2784 1.9986 -0.921

2000 Non-Target 1803 -0.04345 0.3545 -0.4549 10.1542
Target 106 -0.02834 0.39385 -0.4016 3.4916 0.386

2001 Non-Target 1674 -0.04562 0.40336 -0.7799 13.0039
Target 73 -0.04318 0.16831 -0.1431 1.0979 0.111

2002 Non-Target 1450 -0.02515 0.24279 -0.7011 5.5325
Target 70 -0.02015 0.1709 -0.0894 1.3095 0.234

2003 Non-Target 1463 -0.04332 0.27302 -0.7276 4.5955
Target 89 -0.01196 0.30485 -0.1951 1.6896 0.948

2004 Non-Target 1489 -0.01744 0.45376 -0.639 13.9119
Target 106 -0.04784 0.27873 -0.6937 2.5883 -1.030

2005 Non-Target 1509 -0.04164 0.594 -0.7241 18.8751
Target 122 -0.07667 0.21234 -0.6547 1.1794 -1.426

2006 Non-Target 1460 -0.06221 0.27656 -0.7478 3.671
Target 139 -0.01878 0.50421 -0.5995 4.2246 1.001

2007 Non-Target 1428 -0.05203 0.55431 -0.5475 13.972
Target 89 -0.03698 0.32071 -0.5666 1.9015 0.406

^ The column provides tlie number of firms present in the target and the non-target group.
This column provides a tw'o sample test-statistics for the null hypothesis that there is no significant difference be

tween the yearly means of the target and the non-target group. *, **,»** indicate significance using a two-sample 
two-tail t-test at the 1%, 5% and 10% respectively.
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Table A.37: Univariate analysis of variable ROET in both economies during the period 1997-2007

Year Group N“ Mean Std. Dev. Minimum Maximum t-stat difference^

Panel A:

1997

UK univariate analysis 

Non-Target 710 -0.02129 1.52791 -25.2928 1.3882
Target 92 0.03215 0.26927 -1.9701 1.6132 0.837

1998 Non-Target 686 0.02833 0.33978 -5.3131 2.3861
Target 99 -0.08559 0.72246 -4.9866 0.4354 -1.544

1999 Non-Target 663 0.02975 0.39032 -6.8912 3.255
Target 86 0.03322 0.23646 -1.0444 0.8785 0.117

2000 Non-Target 657 0.04789 0.23108 -3.4497 1.7788
Target 41 -0.04991 0.37244 -1.9586 0.2724 -1.662***

2001 Non-Target 686 0.02135 0.39819 -6.6406 0.8196
Target 46 -0.00401 0.24875 -1.4739 0.2651 -0.639

2002 Non-Target 582 0.04746 0.27456 -5.6534 0.4691
Target 92 0.01502 0.38281 -3.4399 0.6345 -0.782

2003 Non-Target 606 0.02226 0.10917 -2.4389 0.3217
Target 55 0.02345 0.02199 0.0183 0.185 0.223

2004 Non-Target 567 -0.01245 0.06366 -0.8973 0.5436
Target 62 -0.02743 0.15637 -1.1517 0.2127 -0.748

2005 Non-Target 578 0.02824 0.37701 -8.5381 0.6412
Target 73 0.04031 0.12687 -0.8812 0.2299 0.559

2006 Non-Target 618 0.03599 0.15295 -2.3269 0.9771
Target 78 0.0534 0.10849 -0.5107 0.6967 1.267

2007 Non-Target 624 0.02217 0.09801 -1.616 0.3139
Target 80 0.03055 0.03402 -0.1311 0.1266 1.534

Panel B:

1997

US univariate analysis 

Non-Target 1854 0.03738 0.04464 -0.6976 0.4892
Target 216 0.02748 0.18976 -2.5676 0.5296 -0.764

1998 Non-Target 1818 0.10148 0.14989 -3.5422 1.8157
Target 240 0.10586 0.13022 -0.6423 1.1271 0.481

1999 Non-Target 1892 0.06368 0.5696 -0.7451 15.761
Target 241 0.0501 0.03086 -0.0814 0.2057 -1.025

2000 Non-Target 1803 0.05237 0.15627 -5.398 0.534
Target 106 0.03565 0.25273 -2.5234 0.1909 -0.674

2001 Non-Target 1674 0.03432 0.04055 -0.2607 0.6295
Target 73 0.03061 0.02434 -0.0078 0.1767 -1.230

2002 Non-Target 1450 0.06812 0.11765 -2.2928 2.3677
Target 70 0.0663 0.05654 -0.2226 0.3796 -0.245

2003 Non-Target 1463 0.0434 0.1682 -1.85 5.189
Target 89 0.03186 0.03106 -0.0355 0.2316 -2.101**

2004 Non-Target 1489 0.03252 0.02715 -0.4383 0.5097
Target 106 0.03245 0.01887 0.0078 0.151 -0.036

2005 Non-Target 1509 0.08781 0.10751 -1.391 3.2636
Target 122 0.08906 0.03379 -0.0177 0.32 0.303

2006 Non-Target 1460 0.02356 0.03341 -0.3926 0.7116
Target 139 0.02516 0.03205 -0.0462 0.3509 0.560

2007 Non-Target 1428 0.11103 0.25384 -1.7945 6.6743
Target 89 0.08761 0.10633 -0.6076 0.1881 -1.785***

^ The cokimn provides the number of firms present in the target and the non-target group.
^ This column provides a tw'o sample test-statistics for the null hypothesis that there is no significant difference be
tween the yearly means of the target and the non-target group. *, **. * * * indicate significance using a two-sample 
two-tail t-test at the 1%, 5% and 10% respectively.
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Table A.38: Univariate analysis of variable TATU in both economies during the period 1997-2007

Year Group N-" Mean Std. Dev. Minimum Ma.ximum t-stat difference'^

Panel A.
1997

: UK univariate analysis 
Non-Target 710 -0.0109 0.78443 -1.5402 4.0036
Target 92 0.05226 0.82352 -1.3757 2.8842 0.696

1998 Non-Target 686 0.03349 0.86228 -1.4367 5.3621
Target 99 0.01263 0.81735 -1.3103 3.4858 -0.236

1999 Non-Target 663 0.01762 0.77788 -1.2 5.4493
Target 86 0.06056 0.76893 -1.0978 2.4961 0.487

2000 Non-Target 657 0.08583 0.80892 -1.2926 4.2287
Target 41 0.04013 0.83394 -1.1279 2.2464 -0.341

2001 Non-Target 686 0.0542 1.08087 -1.2813 14.1229
Target 46 0.08892 0.64526 -0.6874 1.4508 0.335

2002 Non-Target 582 0.03269 0.58988 -1.2201 2.758
Target 92 0.09066 0.64843 -0.8146 2.1361 0.806

2003 Non-Target 606 0.02091 0.66336 -1.1559 5.1305
Target 55 0.06215 0.63168 -0.8117 1.8926 0.462

2004 Non-Target 567 0.01277 0.56042 -1.2881 4.7795
Target 62 -0.02484 0.49834 -0.8064 1.5226 -0.557

2005 Non-Target 578 0.07821 0.54163 -1.2465 3.8881
Target 73 0.05996 0.63817 -1.1368 3.5522 -0.234

2006 Non-Target 618 0.08878 0.54211 -1.2033 3.1498
Target 78 0.03067 0.53696 -0.6716 2.2534 -0.900

2007 Non-Target 624 0.00548 0.29173 -1.3671 2.7842
Target 80 -0.03632 0.26749 -0.9467 0.8704 -1.302

Panel B:
1997

US univariate analysis 
Non-Target 1854 0.00501 0.21004 -1.0374 3.0242
Target 216 0.00115 0.20438 -0.7192 2.0697 -0.262

1998 Non-Target 1818 -0.00728 0.15994 -0.9476 2.3693
Target 240 -0.00409 0.24287 -0.8958 3.1181 0.198

1999 Non-Target 1892 0.06141 0.28168 -0.9402 3.7246
Target 241 0.04854 0.22679 -0.874 1.1497 -0.805

2000 Non-Target 1803 0.00279 0.21897 -0.9595 3.4585
Target 106 -0.01292 0.25671 -0.904 2.0076 -0.617

2001 Non-Target 1674 -0.02027 0.08431 -0.8615 0.9323
Target 73 -0.01133 0.02941 -0.0522 0.2334

2002 Non-Target 1450 -0.02596 0.11945 -0.9088 1.6899
Target 70 -0.03478 0.08317 -0.3514 0.0231 -0.846

2003 Non-Target 1463 -0.02529 0.10828 -0.6445 1.8229
Target 89 -0.00912 0.18544 -0.3651 1.6367 0.814

2004 Non-Target 1489 -0.01251 0.15778 -0.8742 1.8263
Target 106 0.01462 0.16038 -0.665 0.708 1.685***

2005 Non-Target 1509 -0.02127 0.12043 -0.8656 1.3484
Target 122 -0.02778 0.09076 -0.711 0.0623 -0.741

2006 Non-Target 1460 0.00216 0.18719 -0.9556 2.4668
Target 139 0.00326 0.26957 -0.8709 2.3652 0.047

2007 Non-Target 1428 -0.00704 0.15045 -0.9407 1.171
Target 89 -0.011 0.20064 -0.7168 1.2269 -0.183

^ The column provides the number of firms present in the target and the non-target group.
This column provides a two sample test-statistics for the null hypothesis that there is no significant difference be

tween the yearly means of the target and the non-target group. *, **,*** indicate significance using a tw'O-sample 
two-tail t-test at the 1%, 5% and 10% respectiv'ely.
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Table A.39: Univariate analysis of variable TIRE in both economies during the period 1997-2007

Year Group N-'' Mean Std. Dev. Minimum Maximum t-stat difference'’

Panel A: UK iinivarinte analysis

1997 Non-Target 710 0.03365 0.87677 -2.4355 9.4328
Target 92 -0.30195 0.71957 -1.8932 2.3689 -4.097’^

1998 Non-Target 686 0.07068 0.88307 -1.7506 4.8357
Target 99 -0.03353 0.66967 -1.2187 2.5545 -1.384

1999 Non-Target 663 -0.0317 0.68454 -1.0162 10.0343
Target 86 -0.13772 0.28817 -0.6987 1.0216 -2.593*

2000 Non-Target 657 -0.02395 0.78546 -1.4523 8.0367
Target 41 -0.17074 0.65213 -0.7481 2.8942 -1.380

2001 Non-Target 686 0.20164 0.95312 -1.563 7.0127
Target 46 -0.03858 1.47277 -1.5551 7.8903 -1.091

2002 Non-Target 582 0.22602 1.00926 -1.8307 7.0694
Target 92 0.18535 1.12621 -1.8858 5.584 -0.326

2003 Non-Target 606 0.02428 0.84355 -1.8528 5.1286
Target 55 -0.05952 0.64185 -1.1381 2.994 -0.900

2004 Non-Target 567 -0.03412 0.45171 -1.707 2.9218
Target 62 -0.00824 0.40834 -0.6108 2.4645 0.469

2005 Non-Target 578 0.10537 0.76882 -1.6951 5.9383
Target 73 0.10053 0.67286 -1.2862 2.6986 -0.057

2006 Non-Target 618 0.06051 0.73218 -1.6841 4.1148
Target 78 0.01866 0.56296 -1.8768 1.4625 -0.596

2007 Non-Target 624 0.06427 0.82356 -1.7665 5.0766
Target 80 0.01841 0.83822 -1.4489 3.0774 -0.462

Panel B: US univariate analysis
1997 Non-Target 1854 0.09462 0.7454 -1.9405 6.1509

Target 216 -0.05586 0.74322 -1.3729 3.993 -2.815*
1998 Non-Target 1818 -0.00458 0.37482 -1.2214 4.7734

Target 240 -0.03893 0.3222 -1.3701 1.4687 -1.521
1999 Non-Target 1892 -0.0756 0.17087 -1.1171 5.5244

Target 241 -0.08688 0.08697 -0.7445 0.563 -1.649
2000 Non-Target 1803 0.03024 0.2522 -1.2292 5.2108

Target 106 -0.02118 0.17479 -0.5429 1.3752 -2.859*
2001 Non-Target 1674 -0.00224 0.13171 -1.0195 1.461

Target 73 0.04157 0.43663 -0.0561 3.6873 0.856
2002 Non-Target 1450 -0.01908 0.12268 -0.9404 2.3854

Target 70 -0.03758 0.08062 -0.6918 0.0395 -1.821***
2003 Non-Target 1463 -0.02539 0.28099 -0.1616 8.689

Target 89 -0.03174 0.01946 -0.1869 -0.0129 -0.832
2004 Non-Target 1489 -0.01043 0.82681 -0.2184 21.8772

Target 106 -0.03336 0.03316 -0.3017 0.0834 -1.058
2005 Non-Target 1509 -0.02658 0.0142 -0.1345 -0.0004

Target 122 -0.02629 0.01259 -0.1032 -0.0209 0.242
2006 Non-Target 1460 -0.02473 0.04425 -0.3701 0.3389

Target 139 -0.02774 0.06173 -0.3528 0.4085 -0.561
2007 Non-Target 1428 -0.02415 0.0515 -0.6477 0.8991

Target 89 -0.02667 0.07594 -0.6974 0.2039 -0.309

The column provides the number of firms present in the target and the non-target group.
^ This column provides a tw'O sample test-statistics for the null hypothesis that there is no significant difference be
tween the yearly means of the target and the non-target group. *, **,*** indicate significance using a hvo-sample 
two-tail t-test at the 1%, 5% and 10% respectiv'ely.
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Table A.40: Uniimriate analysis of variable LNTA in both economies during the period 1997-2007

Year Group N^ Mean Std. Dev. Minimum Maximum t-stat difference*’

Panel A: UK univariate analysis

1997 Non-Target 710 0.3797 0.84243 -1.9898 3.6887
Target 92 0.30933 0.74246 -1.2216 2.6159 -0.842

1998 Non-Target 686 0.23659 0.89063 -3.082 3.5399
Target 99 0.38268 0.74455 -0.94 2.3978 1.777“*

1999 Non-Target 663 0.26041 0.85814 -1.8984 3.4409
Target 86 0.47387 0.71233 -1.7951 2.3606 2.549**

2000 Non-Target 657 0.34788 0.87562 -1.8991 3.6358
Target 41 0.12105 0.56902 -1.1331 1.4117 -2.383*

2001 Non-Target 686 0.3366 0.85455 -3.2888 3.511
Target 46 0.32994 0.69049 -0.9868 2.0495 -0.062

2002 Non-Target 582 0.39333 0.85531 -1.8616 3.38
Target 92 0.28697 0.71168 -1.8011 2.0803 -1.293

2003 Non-Target 606 0.43323 0.82322 -2.4751 3,2659
Target 55 0.60007 0.60327 -0.8394 2.1768 1.897***

2004 Non-Target 567 0.49008 0.8522 -1.5909 3.358
Target 62 0.79898 0.68425 -1.1962 2.0799 3.287*

2005 Non-Target 578 0.53263 0.9185 -1.4925 3.5452
Target 73 0.67584 0.69739 -0.6358 2.3785 1.589

2006 Non-Target 618 0.4316 0.94588 -1.9935 3.5839
Target 78 0.64219 0.83045 -1.4811 2.7656 2.076**

2007 Non-Target 624 0.37752 0.95295 -1.6587 3.6126
Target 80 0.66856 0.91248 -0.9852 3.188 2.672*

Panel B: US univariate analysis

1997 Non-Target 1854 0.37798 0.74299 -2.1491 3.2635
Target 216 0.33505 0.7108 -1.2809 2.6013 -0.836

1998 Non-Target 1818 0.56979 0.64537 -1.5922 3.1405
Target 240 0.55113 0.56492 -0.7791 1,9073 -0.473

1999 Non-Target 1892 0.48933 0.68079 -1.3918 3.0063
Target 241 0.46048 0.61418 -0.84 2.8551 -0.678

2000 Non-Target 1803 0.50047 0.67852 -1.5912 2.9168
Target 106 0.48182 0.62193 -1.2115 2.2007 -0.298

2001 Non-Target 1674 0.51176 0.65347 -1.5521 2.8392
Target 73 0.36149 0.56789 -0.9185 1.8824 -2.198**

2002 Non-Target 1450 0.55322 0.62621 -1.7324 2.7908
Target 70 0.49239 0.61702 -0.9028 2.6326 -0.805

2003 Non-Target 1463 0.58721 0.6186 -1.3078 2.7457
Target 89 0.44038 0.65273 -1.5822 2.0065 -2.066**

2004 Non-Target 1489 0.61038 0.61676 -1.2432 2.7502
Target 106 0.58979 0.59572 -1.3354 2.6114 -0.343

2005 Non-Target 1509 0.62854 0.61354 -1.3796 2.4525
Target 122 0.65097 0.54827 -1.1302 1.8178 0.431

2006 Non-Target 1460 0.61137 0.62388 -1.3959 2.7109
Target 139 0.6646 0.56774 -0.9432 1.9717 1.047

2007 Non-Target 1428 0.57784 0.62077 -1.4357 2.6974
Target 89 0.72529 0.55773 -0.4135 2.2047 2.403*

“ The column provides the number of firms present in the target and the non-target group.
’’ This column provides a two sample test-statistics for the null hypothesis that there is no significant difference be
tween the yearly means of the target and the non-target group. *, **,*** indicate significance using a two-sample 
two-tail t-test at the 1%, 5% and 10% respectively.
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Table A.41: Univariate analysis of variable SREV in both economies during the period 1997-2007

Year Group N^ Mean Std. Dev. Minimum Maximum t-stat difference^

Pane] A: UK univariate analysis
1997 Non-Target 710 0.08026 1.36998 -0.524 28.2783

Target 92 0.03412 0.66584 -0.4295 4.5642 -0.534
1998 Non-Target 686 0.04169 1.00085 -0.5338 17.6557

Target 99 -0.0413 0.4236 -0.5007 3.1277 -1.451
1999 Non-Target 663 0.05317 1.29933 -0.6374 23.6804

Target 86 0.01743 0.6717 -0.3646 5.1884 -0.405
2000 Non-Target 657 0.07518 1.40068 -0.5795 24.0164

Target 41 -0.1378 0.17837 -0.4931 0.6583 -3.472»
2001 Non-Target 686 0.07321 1.43381 -0.6119 27.6969

Target 46 -0.05685 0.17318 -0.1707 0.91 -2.153”
2002 Non-Target 582 0.11028 1.57941 -0.6703 25.4401

Target 92 -0.06615 0.21162 -0.6356 1.5098 -2.554”
2003 Non-Target 606 0.1166 1.59301 -0.7086 28.0625

Target 55 -0.02054 0.23246 -0.1126 1.3114 -1.907*”
2004 Non-Target 567 0.14443 1.67535 -0.6516 27.7948

Target 62 0.01778 0.29499 -0.664 1.495 -1.589
2005 Non-Target 578 0.16193 1.71519 -0.627 30.3885

Target 73 0.06261 0.55817 -0.6349 3.7176 -1.027
2006 Non-Target 618 0.13497 1.65384 -0.6176 29.9597

Target 78 -0.01876 0.30043 -0.6095 2.0137 -2.057”
2007 Non-Target 624 0.12127 1.58 -0.6489 29.0059

Target 80 0.04386 0.47533 -0.3503 2.6855 -0.937
Panel B: US univariate analysis
1997 Non-Target 1854 0.07754 1.20342 -0.508 25.0365

Target 216 0.0767 1.05749 -0.4741 8.6704 -0.011
1998 Non-Target 1818 0.16627 1.43198 -0.4912 27.2455

Target 240 -0.00435 0.38906 -0.4497 2.6853 -4.069*
1999 Non-Target 1892 0.14938 1.3783 -0.504 25.6779

Target 241 0.11226 1.85762 -0.4741 27.4873 -0.300
2000 Non-Target 1803 0.16483 1.48605 -0.4907 27.2692

Target 106 0.14837 1.18222 -0.4884 10.0432 -0.137
2001 Non-Target 1674 0.12567 1.29373 -0.5143 27.9653

Target 73 -0.04984 0.38536 -0.494 2.3227 -3.186*
2002 Non-Target 1450 0.13763 1.31446 -0.5269 29.6931

Target 70 0.28997 2.70205 -0.41 22.5638 0.469
2003 Non-Target 1463 0.16912 1.40667 -0.5325 28.0179

Target 89 -0.04292 0.38117 -0.5337 2.8006 -3.881*
2004 Non-Target 1489 0.18189 1.41697 -0.5313 26.7114

Target 106 0.19342 1.79069 -0.501 18.0678 0.065
2005 Non-Target 1509 0.17598 1.40466 -0.5237 27.4842

Target 122 0.0406 0.50102 -0.5058 2.6078 -2.334**
2006 Non-Target 1460 0.16747 1.37367 -0.5416 26.3496

Target 139 0.04814 0.531 -0.5201 3.1207 -2.071**
2007 Non-Target 1428 0.12597 1.25042 -0.56 25.4541

Target 89 0.22051 1.56466 -0.4196 13.7797 0.559

•’ The column provides the number of firms present in the target and the non-target group.
This column provides a two sample test-statistics for the null hypothesis that there is no significant difference be

tween the yearly means of the target and the non-target group. *, **,*** indicate significance using a b\>o-sample 
two-tail t-test at the 1%, 5% and 10% respectively.
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Appendix B -----------------------------------------------------------------------------------

Estimation results of the logistic regression-based takeover

prediction model

B.l Estimation results with normalized variables
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Yearly estimated coefficients of the UK-based Logistic model for the period 1998-2007 using complete 
data

Variable 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007

Intercept -2.328*
(-13.29)

-2.253*
(-14.85)

-2.602*
(-13.59)

-3.397*
(-12.04)

-2.592*
(-9.85)

-1.938*
(-12.73)

-2.927*
(-11.31)

-3.08*
(-10.79)

-2.392*
(-10.47)

-2.934*
(-8.14)

CETA -0.054
(-0.205)

0.586
(1.31)

0.108
(0.682)

-0.108
(-0.253)

-0.812
(-0.838)

-0.222
(-0.795)

0.195
(0.687)

0.444
(0.774)

-1.168
(-0.998)

-1.246
(-0.873)

CRAT -1.20
(-1.607)

-0.336
(-1.31W)

-0.867
(-1.217)

-0.161
(-0.275)

-4.273**
(-2.22)

-0.464
(-1.188)

1.68***
(1.802)

-2.175
(-1.288)

1.551
(1.424)

-1.827
(-1.339)

DREA 0.05
(0.366)

0,148
(1.186)

0.224***
(1.738)

-0.176
(-0.865)

-0.760*
(-2.613)

-0.223
(-1.474)

-0.132
(-0.723)

-0.218
(-1.575)

-0.112
(-0.856)

0.05
(0.392)

FCFS -0.039
(-0.256)

0.171
(0.903)

0.012
(0.025)

0.634
(1.363)

0.246
(1.056)

0.072
(0.220)

1.005**
(2.052)

0.079
(0.301)

-0.178
(-0.194)

-0.256
(-0.225)

CSOY -0.903***
(-1.74)

-0.895*
(-2.714)

-0.960**
(-2.243)

-0.894
(-1.596)

-0.616
(-0.984)

-0.411
(-0.745)

-0.156
(-1.170)

-0.257
(-0.360)

-2.492
(-1.511)

0.318
(0.598)

ICOV 0.153**
(2.025)

-0.466*
(-2.825)

0.274
(1.048)

-0.064
(-0.259)

0.154
(0.771)

-0.411***
(-1.93)

-1.626**
(-2.019)

-0.793
(-1.124)

0.113
(0.593)

0.323
(1.291)

IDHE 0.362
(1.437)

-0.350
(-0.937)

-1.429
(-1.642)

-0.344
(-0.584)

0.318
(1.176)

0.128
(0.405)

-0.502
(-0.978)

-0.904
(-1.161)

-0.037
(-0.094)

0.343**
(2.293)

ITUR 0.203
(1.009)

-0.057
(-0.568)

-1.5e-03
(-0.0231

-2.621**
(-2.071)

-0.810
(-1.258)

-0.361
(-1.117)

0.021
(-0.313)

-0.234
(-0.586)

0.026
(0.377)

0.189
(1.283)

LDTC 0.435
(0.728)

0.281
(0.648)

0.492
(1.053)

0.746
(0.837)

0.361
(1.023)

0.448
(1.398)

0.122
(0.139)

-0.440
(-0.648)

0.141
(0.242)

1.41**
(2.044)

NSFA 0.055
(0.363)

-0.205
(-0.956)

1.020**
(2.506)

-0.079
(-0.598)

-0.278
(-0.671)

-0.101
(-0.860)

-1.067
(-1.230)

-0.039
(-0.154)

-0.141
(-0.445)

0.116
(1.252)

NSWC -0,166
(-0.832)

-0.203
(-0.878)

-0.035
(-0.399)

0.135
(1.127)

-0.068
(-1.162)

0.211
(1.419)

-0.136
(-1.275)

0.073
(1.241)

-0.409“*
(-2.555)

0.556
(0.994)

OPMA -0.197
(-0.496)

-0.832
(-1.283)

-2.6C-03
(-0.030)

-0.979
(-1.572)

-30.67*
(-2.978)

-0.572
(-1.425)

0.052
(0.158)

0.236
(0.434)

0.353
(0.825)

1.048
(0.350)

PTBR -0.363
(-1.181)

0.274**
(2.126)

0.081
(0.817)

-0.760**
(-1.977)

0.401***
(1.873)

-0.324‘*
(-2.490)

0.020
(0.042)

-0.861
(-1.547)

-0.091
(-1.018)

0.074
(0.368)

PTER 0.076
(0.419)

0.199
(1.202)

0.097
(0.353)

-0.233
(-0.337)

-0.194
(-1.528)

0.301**
(2.10)

0.176
(0.489)

0.508***
(1.913)

0,082
(0.558)

-0.024
(-0.218)

ROET 0.556
(1.216)

-0.492**
(-2.059)

-0.312***
(-1.742)

-0.606
(-1.165)

0.478
(0.539)

0.310
(0.741)

-0.089
(-0.138)

-2.336
(-1.612)

3.3e-03
(0.015)

1.303
(0.834)

TATU 0.096
(0.591)

0.037
(0.245)

0.048
(0.30)

0.053
(0.190)

0.243
(1.054)

0.347***
(1.757)

0.550***
(1.830)

0.187
(0.615)

0.096
(0.328)

-0.114
(-0.426)

TIRE -0.702*
(-2.943)

-0.102
(-0.786)

-0.465***
(-1.83)

-0.820
(-1.396)

-0.040
(-0.170)

-0.015
(-0.121)

-0.165
(-0.870)

-0.097
(-0.365)

-0.076
(-0.387)

-0.36**'
(-1.85)

LNTA -0.128
(-0.828)

0.375***
(1.955)

0.430***
(1.877)

0.126
(0.386)

0.575**
(2.026)

0.200
(0.905)

0.787*
(2.663)

1.047*
(4.170)

0.355***
(1.856)

0.623*
(2.722)

SREV 0.020
(0.346)

-0.767
(-1.567)

-0.391
(-0.838)

-2.823
(-1.367)

-1.137
(-1.470)

-0.989
(-1.556)

-1.514***
(-1.92)

-1.613**
(-2.314)

-0.352
(-1.032)

-1.535
(-1.630)

Pseudo- 0.0363 0.0433 0.0389 0.0523 0,0485 0.0398 0.0322 0.0489 0.0253 0,0435

Lilkelihood

Ratio 28.88*** 33.47** 28.66*'* 35.10** 34.43** 26.58 20.97 30.31** 16.29 29.61***

p-value 0.0679 0.0212 0.0716 0.0136 0.0164 0.1148 0.3383 0.0479 0.6381 0.0570

Obs 802 779 743 693 730 671 659 629 648 687

* indicate significance of a tw'o-tailed t-test at the 5% and 10 % respectively.

226



Yearly estimated coefficients of the US-based Logistic model for the period 1998-2007 tising complete 
data

Variable 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007

Intercept ■2.23r
(-20.31)

-2.357*
(-17.23)

-1.972*
(-6.66)

-3.156"
(-16.30)

-3.626*
(-12.69)

-4.101*
(-6.01)

-1.278*
(-2.91)

-2.805*
(-4.58)

-1.838*
(-2.50)

-3.082*
(-5.83)

CETA -0.432
(-1.284)

-2.218*
(-2.789)

-0.242
(-0.578)

0.110
(0.155)

-1.631
(-0.451)

0.177
(0.103)

-1.628"
(-2.265)

-0.236
(-0.142)

3.350*
(2.653)

0.182
(0.287)

CRAT 0.041
(0.156)

0.170
(0.455)

-0.620
(-0.719)

-0.475
(-0.692)

0.546
(1.230)

-1.096
(-1.279)

1.440** 
(2.279)

6.508***
(1.946)

0.618"
(2.315)

-0.815
(-0.559)

DPEA -0.179’^* 
(-2.115)

-0.109
(-1.560)

-0.169**
(-2.52)

-0.287*
(-2.806)

-0.104
(-0.812)

-0.079
(-0.631)

-0.130
(-1.194)

-0.179
(-1.536)

0.047
(0.527)

-0.118
(-1.225)

FCFS -0.241
(-0.713)

-1.618***
(-1.79)

-8.941
(-1.158)

0.309
(0.146)

44.09*
(4.645)

-13.462
(-1.492)

-12.456*
(-2.634)

-0.445
(-1,044)

2.015
(0,441)

-2.978
(-0.440)

GSOY 0.596
(0.890)

0.133
(0.489)

-1.493
(-0.514)

-0.531***
(-1.87)

0.757
(0.331)

-0.245
(-0.157)

2.695*
(2.877)

-16.882*
(-2.609)

-8.516
(-1.428)

2.990
(0.780)

ICOV -0.862*-
(-2.123)

-0.115
(-0.309)

0.065
(0.295)

-0.248
(-0.469)

-2.19***
(-1.95)

-1.062*"
(-1.75)

-0.393
(-1.457)

-0.478
(-0.882)

-1.312
(-0.717)

-0.034
(-0.919)

IDHE -2.094**
(-1.993)

-0.894"
(-2.568)

-0.104
(-0.306)

0.257
(0.502)

0.069
(0.053)

0.277
(0.493)

0.140
(1.107)

1.154
(1.309)

0.493
(0.857)

-1.594
(-1.120)

ITUR 0.037
(0.215)

-0.546
(-1.472)

0.031
(0.320)

0.049
(0.616)

0.058
(0.372)

8.7e-03
(0.293)

-1.150
(-0.993)

0.062
(0.997)

0.150
(1.068)

-0.056
(-0.626)

LDTC 0440
(0.859)

-0.089
(-0.183)

0.494
(0.620)

1.357
(1.039)

1.123
(0.487)

9.049**
(2.285)

16.804*
(4.492)

2.440***
(1.742)

0.689
(0.771)

-0.122
(-0.146)

NSFA -0.410"
(-2.265)

-0.029
(-0.221)

-0.054
(-0.444)

-0.354
(-0.226)

-0.523
(-0.511)

-0.101
(-0.248)

-0.490
(-1.293)

3.4e-03
(6.4e-03)

-0.162
(-0.453)

-0.780
(-1.241)

NSWC -0.018
(-0.177)

-0.256*
(-2.743)

0.252
(1.578)

-0.796*
(-4.323)

0.123
(1.187)

0.118
(0.677)

0.074
(0.989)

0.015
(0.466)

0.095
(1.349)

-0.043
(-0.367)

OPMA 0.922***
(1.771)

-0.017
(-0.018)

-0.123
(-0.072)

0.905
(0.187)

0.378*
(2.661)

21.528**
(2.135)

-12,38*
(-2.584)

2.360
(0.282)

11.562
(1.122)

6.971
(0.797)

PTBR 0.179***
(1.727)

-0.348
(-0.582)

1.279
(0.516)

1.029***
(1.751)

-20.747
(-1.201)

9.993
(1.196)

0.292
(0.289)

-6.575
(-0.891)

-14.403
(-1.119)

-1.016
(-0.351)

PTER 0.159***
(1.864)

-0.452***
(-1.77)

-0.111
(-0.760)

-0.048
(-0-108)

-0.049
(-0.281)

0.176
(0.651)

0.106
(0.481)

-0,420
(-0.443)

-0.175
(-0.660)

0.368*"
(1.762)

ROET -1.557***
(-1.89)

0.508
(0.776)

-0.142
(-1.130)

2.688
(1.102)

-12.533*
(-2.935)

0.0375
(0.090)

-0.314
(-0.475)

-8.292”
(-1.990)

0.086
(0.242)

1.689
(0.639)

TATU 0.192
(0.592)

0.216
(0.453)

-0.258
(-0.892)

-0.526
(-0.992)

1.096
(1.029)

0.403
(0.441)

2.313"
(2.410)

1.394" 
(2.367)

2.140"
(2.020)

0.647
(1.016)

TIRE -0.231*"
(-1.91)

-0.258
(-1.293)

-0.869
(-0.998)

-1.907*
(-3.669)

1.878*
(4.239)

-0.974
(-0.824)

0.463***
(1.727)

-0.151"
(-1.961)

53.426
(1.449)

-0.632
(-0.207)

LNTA -0.023
(-0.200)

0.324**
(2.039)

-0.018
(-0.153)

0.139
(0.816)

-0.184
(-0.875)

-0.282
(-1.363)

-0.240
(-0.972)

0.148
(0.801)

0.331
(1.579)

0.517"
(2.502)

SREV 0.039
(0.813)

-0.492*
(-2.912)

0.011
(0.162)

-0.047
(-0.617)

-0.159
(-0.680)

0.082
(1.231)

-0.34
(-0.986)

1.9e-03
(0.021)

-0.348***
(-1.80)

-0.328***
(-1.828)

Psicudo- 0.01915 0.0166 0.0098 0.0188 0.0109 0.0104 0.0248 0.0119 0.0142 0.0147

Likelihood

Ratio 39.40* 33.92" 20.77 35.36" 18.83 15.62 37.82* 18.87 22.97 23.41

p-valuc 0.0039 0.0188 0.3499 0.0126 0.4680 0.6790 0.0062 0.4652 0.2387 0.2200

Obs 2067 2055 2128 1906 1744 1518 1551 1594 1630 1597

+ >}< + indicate significance of a fwo-tailed t-test at the 1%, 5% and 10 % respectively.
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B.2 Estimation results using winsorized variables

Yearly estimated coefficients of the UK-based Logistic model for the period 1998-2007 using winsorized 
data at the one and ninety-nine percentiles

Variable 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007

Intercept -2.213*
(-13.50)

-2.282*
(-14.46)

-2.651*
(-11.74)

-4.023*
(-6.58)

-3.278*
(-11.03)

-2.089*
(-12.49)

-3.027*
(-11.29)

-2.923*
(-10.75)

-2.436*
(-12.77)

-2.497*
(-11.06)

CETA -0.063
(-0.351)

0.032
(0.215)

0.089
(0.471)

0.336
(1.637)

-0.136
(-0.521)

-0.085
(-0.584)

0.25
(1.272)

-0.086
(-0.323)

-0.246
(-0.988)

0.148
(0.904)

CRAT -0,437
(-1.466)

-0.149
(-0.729)

-0.469
(-1.111)

-0.389
(-0.497)

-0.832
(-1.62)

-0.948*"
(-2.554)

-0.283
(-0.648)

-0.695
(-0.916)

0.141
(0.509)

-0.389
(-0.848)

DPEA 0.022
(0.154)

0.156
(1.227)

0.201
(1.492)

-0.26
(-1.291)

-0.65**
(-2.483)

-0.246
(-1.528)

-0.167
(-0.895)

-0.238***
(-1,663)

-0.098
(-0.771)

0.065
(0.502)

FCFS -0.135
(-0.93)

0.42
(1.278)

0.472
(0.836)

0.782**
(2.21)

-0.159
(-1.474)

0.025
(0.183)

0.317**
(2.092)

-0.207**
(-2.025)

-0.097
(-0.807)

-0.118
(-1.027)

GSOY -0.162
(-0.983)

-0.685*
(-3.408)

-0.441***
(-1.762)

-0.511**
(-2.116)

-0.14
(-1.013)

-0.089
(-0.517)

-0.695
(-1.412)

0.102
(0.617)

-0.345
(-1.261)

0.095
(0.761)

!COV 0.002
(0.015)

-0.373**
(-2.528)

0.091
(0.967)

-0.051
(-0.153)

0.529
(1.263)

-0.29**
(-2.009)

•0.011
(-0.06)

-0.086
(-0.431)

0.056
(0.482)

0.271 
(1,367)

IDHE 0.217
(1-432)

-0.298
(-1.518)

0.106
(0.587)

-0.136
(-0.476)

0.298**
(2.341)

•0.046
(-0.282)

-0.063
(-0.205)

-0.002
(-0.001)

0.036
(0.172)

0.159
(0.839)

nuR 0.072
(0-564)

-0.152
(-0.900)

0.17***
(1.650)

-1.712
(-1.469)

-0.051
(-0.392)

-0.162
(-1.07)

0.157
(1.274)

0,044
(0.387)

0.179*“
(1.871)

0.204“
(2.06)

LDTC -0.118
(-0.766)

0.394**
(2.387)

0,178
(1.018)

0.004
(0.014)

0.146
(1.031)

-0.126
(-0.674)

-0.006
(-0.012)

-0.096
(-0.382)

0.165
(0.865)

0.018
(0.137)

NSFA 0.028
(0.202)

-0.049
(-0.314)

-0.177
(-0.957)

0.022
(0.114)

-0.152
(-0.824)

-0.038
(-0.269)

-0.453
(-1.221)

-0.094
(-0.36)

-0.111
(-0.434)

0.241“
(2.351)

NSWC -0.072
(-0-769)

-0.159
(-1.291)

-0.074
(-0.519)

0.046
(0.251)

-0.08
(-0.755)

-0-052
(-0.53)

-0.045
(-0.35)

0.003
(0.029)

-0.211“
(-2.579)

-0.033
(-0.376)

OPMA 0.001
(0.005)

-0.235
(-0.947)

-0.219
(-1.51)

-1.056**
(-2.455)

-0.363***
(-1.752)

-0.591**
(-2.413)

0.007
(0.035)

-0.437
(-0.871)

0.239
(0.658)

-0.081
(-0.154)

I’TBR -0.098
(-0,615)

0.161
(1.293)

0.228***
(1.786)

-0.826**
(-1.987)

-0.047
(-0.243)

-0.191
(-1.22)

0.036
(0.156)

-0.361**
(-2.174)

-0.316“
(-2.07)

0.141
(1.262)

PTER -0.024
(-0.119)

0.194
(0.92)

0.12
(0.56)

0.044
(0.091)

-0.289***
(-1.719)

0.26
(1.325)

0.064
(0.212)

0.341
(1.482)

0.155
(0.822)

0.231
(1.076)

ROET 0.216
(1.285)

-0.213**
(-2.18)

-0.246***
(-1.785)

-0.137
(-0.828)

0.01
(0.066)

0.018
(0.128)

-0.019
(-0.103)

0.308***
(1.743)

0.018
(0,089)

-0.021
(-0.088)

TATU 0.098
(0.542)

0.02
(0.137)

0.193
(1.159)

0.147
(0.459)

0.553*
(2.876)

0.196
(1.195)

0.318
(1.202)

0.143
(0.731)

0.046
(0.249)

-0.101
(-0.539)

TIRE -0.675*
(-3.042)

-0.106
(-0.788)

-0.416***
(-1.711)

-0.893**
(-2,204)

-0.232
(-1.132)

-0.024
(-0.199)

-0.179
(-0.979)

-0.008
(-0.057)

-0.086
(-0.454)

-0.296***
(-1.939)

LNTA -0.176
(-0.887)

0.316
(1.628)

0.700*
(3.123)

0.603
(1.233)

0.815**
(2.48)

0.316
(1.261)

0.821“
(2.428)

1.12*
(3.644)

0.534“
(2.466)

0.609*
(2.594)

SREV 0.071
(0.461)

-0.391***
(-1.725)

-0.496**
(-2.034)

-2.843
(-1.336)

-0.447***
(-1.898)

-0.386
(-1.408)

-0.513***
(-1.701)

-0.409“
(-2.347)

-0.305***
(-1.836)

-0.32*“
(-1.753)

Pseudo 0.0339 0.0500 0.0505 0.0655 0.0540 0.0400 0.0345 0.0466 0.0364 0.0399

Lilkelihood

Ratio 27.06 38.66* 37.14* 43.56* 38.24* 26.71 22.46 28.96“ 23.40 27.16

p-value 0.1030 0.0049 0.0076 0,0011 0.0055 0.1115 0.2622 0.0666 0.2201 0.1011

Obs 802 779 743 693 730 671 659 629 648 687

**,*** indicate significance of a two-tailed t-test at the 1%, 5% and 10 % respectively.
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Yearly estimated coefficients of the US-based Logistic model for the period 1998-2007 using winsorized 
data at the one and ninety-nine percentiles

Variable 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007

Intercept -2.205*
(-13.31)

-2.394*
(-9.71)

-2.151*
(-5.92)

-2.931*
(-4.72)

-3.765*
(-8.47)

-4.142*
(-7.67)

-3.052*
(-6.84)

-1.744*
(-3.22)

-3.965*
(-3.66)

-2.762*
(-10.84)

CETA -0.088
(-0.827)

-0.418**
(-2.391)

0.07
(0.315)

-0.078
(-0.287)

0.124
(0.666)

-0.087
(-0.306)

0.276
(1.145)

0.01
(0.025)

0.815*
(3.051)

-0.237
(-0.805)

CRAT 0.063
(0.421)

-0.26
(-1.12)

-0.323
(-1.145)

-0.02
(-0.088)

0.086
(0.582)

-0.157
(-0.553)

0.005
(0.02)

0.333
(1.494)

0.198
(0.661)

-0.253
(-0.964)

DPEA -0.173**
(-2,09)

-0.112***
(-1.657)

-0.175*
(-2.706)

-0.278*
(-2.682)

-0.114
(-0.881)

-0.103
(-0.817)

-0.103
(-0.966)

-0.185
(-1.597)

0.033
(0.376)

-0.142
(-1.439)

FCF5 0.132
(0.858)

0.238
(0.891)

-0.017
(-0.074)

2.966
(0.967)

3.484
(1.288)

-0.151
(-0.989)

0.111
(0.465)

-0.15
(-0.424)

0.317
(1.191)

-0.131
(-0.94)

GSOY -0.089
(-0.446)

-0.336
(-1.215)

-0.142
(-0.379)

-0.348
(-0.566)

1.274
(1.392)

0.479
(1.053)

0.502
(0.998)

-1.54***
(-1.898)

-0.983
(-1.329)

-0.69
(-0.94)

ICOV -0.125
(-1,349)

0.006
(0.054)

0.087
(0.618)

-0.079
(-0.469)

-0.127
(-1.065)

-0.047
(-0.145)

-0.06
(-0.387)

-0.209
(-1.072)

■0.083
(-0.602)

-0.054
(-0.788)

IDHE -0.06
(-0.51)

-0.332**
(-2.234)

-0.002
(-0.014)

0.016
(0.097)

0.31***
(1.699)

-0.129
(-0.485)

0.386*
(2.684)

0.062
(0.258)

0.209
(1.303)

-0.63***
(-1.945)

ITUR 0.061
(0.725)

-0.063
(-0.735)

-0.069
(-0.77)

0.169***
(1.755)

0.222**
(2.236)

0.23**
(2.117)

-0.095
(-0.576)

0.116
(0.884)

0.188**
(2.263)

-0.03
(-0.296)

LDTC 0.18
(1.523)

-0.001
(-0,01)

0.067
(0.437)

0.255
(1.409)

0.104
(0.423)

0.501***
(1.659)

1.047*
(4.138)

0.16
(0.6)

0.611**
(2.515)

-0.096
(-0.351)

NSFA -0.192***
(-1.685)

0.017
(0.184)

0.01
(0.117)

-0.059
(-0.462)

-0.098
(-0.552)

-0.067
(-0.457)

-0.05
(-0.371)

0.079
(0.638)

-0.02
(-0.136)

-0.118
(-0.809)

NSWC -0.12
(-1.405)

-0.035
(-0.514)

0.145**
(2.311)

-0.04
(-0.438)

0.012
(0.112)

-0.052
(-0.632)

0.125
(1.02)

0.067
(0.88)

0.118
(1.317)

-0.063
(-0.838)

OPMA 0.57
(0.949)

0.631
(0.635)

-0.521
(-0.328)

-2.276
(-0.789)

0.048
(0.276)

5.774'*
(2.534)

1.402
(0.752)

-6,124***
(-1.713)

5.293
(0.903)

-1.477
(-1.647)

PTBR -0.134
(-0.983)

-0.028
(-0.197)

-0,057
(-0.256)

0.226
(1.631)

-0.312
(-1.291)

0.03
(0.078)

-0.368**
(-2.014)

0.333
(1.099)

-0.194
(-1.384)

-0.499
(-1.53)

PTER 0.099
(1.261)

-0.145***
(-1.961)

0.014
(0.186)

0.088
(0.699)

0.101
(0.883)

0.082
(0.695)

0.089
(0.797)

-0.091
(-0.609)

0.012
(0.113)

0.098
(1.004)

ROET -0.138
(-0.824)

-0.165
(-0.374)

0.122
(0.791)

0.241
(0.783)

0.229
(0.425)

0.016
(0.124)

-0.600**
(-2.44)

-0.211
(-0.393)

0.658
(1.102)

0.912***
(1.842)

TATU -0.097
(-0.842)

0.082
(0.714)

-0.113
(-1.056)

0.083
(0.571)

0.127
(0.615)

0.135
(0.546)

0.152***
(1.757)

0.228***
(1.713)

0.191**
(2.33)

0.015
(0.087)

TIRE -0,201***
(-1.838)

-0.104
(-1.06)

-0.404
(-1.501)

-0.297**
(-1-99)

0.044
(0.244)

-0.175
(-0.731)

1.236**
(1.997)

-0.115
(-0.377)

-0.471**
(-2.283)

-0.179
(-0.947)

LNTA -0.127
(-0.908)

0.233
(1.406)

0.057
(0.385)

0.033
(0.168)

-0.121
(-0.526)

-0.154
(-0.552)

-0.356
(-1.336)

0.323
(1.387)

0.171
(0.713)

0.477**
(2.084)

SREV 0.112
(1.244)

-0.224*’
(-2.488)

-0.108
(-1.159)

0.054
(0.528)

-0.171
(-0.952)

-0.074
(-0.504)

-0.194
(-0.933)

-0.105
(-1.016)

-0.16
(-1.426)

-0.215***
(-1.868)

Pseudo- 0.0171 0.0146 0.0113 0.0122 0.0102 0.0141 0.0304 0.0138 0.0215 0.0150

Likelihood

Ratio 35.11** 29.89*** 24.05 23.05 17.61 21.20 46.18* 21.91 34.70** 23.84

p-valuo 0.0135 0.0533 0.1942 0.2353 0.5488 0.3258 0.0005 0.2889 0.0152 0.2025

Obs 2067 2055 2128 1906 1744 1518 1551 1594 1630 1597

* indicate significance of a h\'o-tailed t-test at the 1%, 5% and 10 % respectively.
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Appendix C

Control Firm Portfolio Performance Results

C.l Logistic regression

Table C.l: Control firm portfolio based abnormal returns^ using an Logistic-based model in the UK 
dtiring the period 1999-2008

Prediction BUY AND HOLD ABNORMAL RETURNS (BHAR) OF THE PREDICTED PORTFOLIO (in %,) 
year (Significance)'’

0.9 0.8 0.7
Cut-off probability (Pc)
0.6 0.5 0.4 0.3 0.2

1999 NA -17.0 -195.2 -115.6 -39.8 -1.2 -41.4 -20.6
(NA) (NA) (0.309) (0.270) (0.599) (0.981) (0.315) (0.511)

2000 60.8 59.5 37.1 24.0 12.0 -7.6 0.7 10.4***
(0.556) (0.250) (0.406) (0.313) (0.514) (0.649) (0.952) (0.097)

2001 51.1 51.1 18.4 16.2 16.2 19.5 8.3 10.8***
(0.418) (0.418) (0.721) (0.601) (0.601) (0.363) (0.440) (0.084)

2002 -2o.9»»» -20.9*** -16.8»* -16.8** -16.8** 32.9 26.0 32.5
(0.056) (0.056) (0.029) (0.029) (0.029) (0.424) (0.384) (0.129)

2003 26.8 20.0 19.7 21.3 5.3 6.8 16.6 16.8
(0.316) (0.447) (0.487) (0.385) (0.865) (0.832) (0.497) (0.448)

2004 24.9 24.9 4.0 4.0 -21.5 -10.9 3.2 -3.5
(0.778) (0.778) (0.934) (0.934) (0.636) (0.634) (0.880) (0.841)

2005 -130.1 -90.1 -78.4 -67.1*** -67.1*** -62.8** -56.7** -19.7
(NA) (0.357) (0.132) (0.074) (0.074) (0.031) (0.019) (0.223)

2006 -53.6 -53.6 -53.6 -4.9 -11.1 7.0 13.5 2.7
(0.414) (0.414) (0.414) (0.903) (0.710) (0.767) (0.443) (0.799)

2007 52.9 52.9 52.9 52.9 31.3 18.8 11.5 -3.6
(0.652) (0.652) (0.652) (0.652) (0.601) (0.595) (0.690) (0.831)

2008 23.1 23.1 25.4*** 25.4*** 18.7 18.6** 10.0 0.2
(0.360) (0.360) (0.094) (0.094) (0.117) (0.020) (0.183) (0.970)

{BHARcY 3.50 4.98 -18.65 -6.06 -7.27 2.10 -0.82 2.61
tc^ 0.18 0.32 -0.80 -0.38 -0.76 0.25 -0.10 0.51

® Control firm based abnormal profitability is measured by calculating the buy-and-hold abnormal returns rela
tive to a matched control firm portfolio benchmark (details on the control portfolio are given in section 4.5.3). The 
investment is initiated the first month (January) and is terminated in the last month (December) of the calendar 
prediction year.
^ The yearly abnormal return's significance is calculated using the t-test tsHAR (shown in equation 4.17) based 
on the null-hypothesis that the yearly abnormal returns are not different from zero. The degrees of freedom of 
each test depend on the number of firms included in the predicted sample. *, **,*** indicate significance using 
a two-tail t-test at the 1%, 5% and 10% respectively.

Calculates the annualized average abnormal return generated by the yearly predicted firms over the ten-year 
period 1999-2008.

Shows the result of the t-test tc (shown in equation 4.18) examining the null-hypothesis that the average long
term abnormal returns are not different from zero. *, **,*»* indicate significance using a two-tail t-test with 9 
degrees of freedom at the 1%, 5% and 10% respectively.
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Table C.2: Control firm portfolio based abnormal returns^ rising a Logistic-based model in the USA 
during the period 1999-2008

Prediction BUY AND HOLD ABNORMAL RETURNS (BHAR) OF THE PREDICTED PORTFOLIO (in %) 
year (Significance)’’

Cut-off probability (Pc)
0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2

1999 333.8 15.0 48.1 45.3 46.7 -24.7 25.8 40.1
(NA) (0.949) (0.638) (0.544) (0.422) (0.668) (0.553) (0.136)

2000 -207.5 -207.5 -207.5 -207.5 -207.5 -207.5 11.3 3.4
(NA) (NA) (NA) (NA) (NA) (NA) (0.743) (0.882)

2001 -14.0 -14.0 -14.0 -14.0 -14.0 -14.0 -1.2 -26.3
(0.719) (0.719) (0.719) (0.719) (0.719) (0.719) (0.960) (0.208)

2002 -74.0 -0.8 -0.8 -0.8 -0.8 -15.4 -10.4 -8.4
(NA) (0.992) (0.992) (0.992) (0.992) (0.772) (0.740) (0.754)

2003 -2.1 -11.8 -44.4 -30.1 -15.4 -36.3 -51.8** -0.3
(0.910) (0.505) (0.145) (0.208) (0.487) (0.153) (0.031) (0.994)

2004 2.6 28.5 28.7*** 4.9 le.O*** 21.7*** 12.1 24.2**
(0.896) (0.170) (0.094) (0.876) (0.065) (0.070) (0.185) (0.014)

2005 11.1 18.6 17.0 -9.7 -3.6 -7.3 8.9 -2.4
(0.663) (0.391) (0.454) (0.814) (0.838) (0.794) (0.570) (0.897)

2006 -2.2 -5.3 0.5 -3.3 -2.2 6.8 3.7 3.4
(0.858) (0.606) (0.961) (0.732) (0.769) (0.304) (0.536) (0.575)

2007 -0.7 -11.5 -9.0 -5.3 -9.0 1.3 -3.7 8.2***
(0.967) (0.386) (0.412) (0.573) (0.274) (0.869) (0.626) (0.091)

2008 -18.9 -11.3 -9.0 -20.1 -20.1 -9.0 -26.0** -9.4
(0.449) (0.352) (0.543) (0.259) (0.259) (0.487) (0.033) (0.171)

{BHARcY 2.79 -20.01 -19.05 -23.39 -19.91 -28.43 -3.13 3.25
tc^ -0.07 -0.94 -0.85 -1.09 -0.91 -1.38 -0.45 0.56

^ Control firm based abnormal profitability' is measured by calculating the buy-and-hold abnormal returns relative to a matched control firm portfolio 
benchmark (details on the control portfolio arc given in section 4.51.3). The investment is initiated the first month (January') and is terminated in the last 
month (December) of the calendar prediction year.

Tl-ie yearly abnormal rctuni's significance is calculated using the t-test t b h All (shown in equation 4.17) based on the null-hypothesis that the yearly 
abnormal returns arc not different from zero. The degrees of freedom of each test depend on tine number of firms iiTcludcd in the predicted sample. 
*.**,*»* indicate significance using a two-tail t-test at tlic 5'!o and 10% respectively.
^ Calculates the annualized average abnormal return generated by the yearly predicted firms over tine ten-year period 19<W-2008.

Shows the result of the t-test Iq (shown in equation 4.18) examining the null-hypothesis that the average long-term abnormal returns are not different 
from zero. * ♦ indicate significance using a two-tail t-test with 9 degrees of freedom at the 1 %, 5% and 10% respectively.
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C.2 Artificial Neural Networks

Table C.3: Control firm portfolio based abnormal returns" using an ANN-based model in the UK 
during the period 1999-2008

Prediction BUY AND HOLD ABNORMAL RETURNS (BHAR) OF THE PREDICTED PORTFOLIO (in %) 
year (Significance)'’

Cut-off probability (Pc)
0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2

1999 104.1 98.3 98.5*** 80.8*** 70.9 86.2*** 84.0** 72.1***
(0,230) (0.149) (0.073) (0.099) (0.128) (0.057) (0.047) (0,069)

2000 -3.2 3.2 2,3 -1.2 -5.1 -4.3 -5.0 -3.1
(0.626) (0.534) (0.656) (0.799) (0,262) (0.300) (0.219) (0.410)

2001 14.5 15.8»»* 12.2 13.4 13.5*** 14.2*** 19.1* 16.6*
(0.137) (0.090) (0.174) (0.117) (0.092) (0.051) (0.005) (0.007)

2002 14.0 18.5 12.2 6.1 5.9 5.4 -2.4 1.0
(0.251) (0.174) (0.292) (0.552) (0.540) (0.541) (0.787) (0.905)

2003 0.1 11,5 10.3 -3.8 12.1 1.8 4.7 15.0
(0.999) (0.629) (0.647) (0.883) (0.555) (0.939) (0.836) (0.432)

2004 -3.6 -10.8 -2.5 -4.0 -13.9 -11.5 -12.3 -8.8
(0.882) (0.627) (0.885) (0.791) (0.274) (0.294) (0.117) (0.253)

2005 17.6 19.7 15.7 20.9 16.2 21.1 20.9 18.2
(0.537) (0.415) (0.490) (0.337) (0.448) (0.305) (0.273) (0.289)

2006 -21.9 -13.0 -11.9 -10.3 -10.4 -4.3 -7.5 -4.2
(0,200) (0.398) (0.388) (0.396) (0.339) (0.679) (0.424) (0,661)

2007 114.4 114.4 39.0 15.3 -13.4 -3.2 -13.6 2,9
(NA) (NA) (0.777) (0,825) (0.487) (0.856) (0.336) (0.708)

2008 9.2 8.4 14.0 10.9 6.2 5.7 8.4 10.1***
(0.576) (0.462) (0.144) (0.210) (0.455) (0.457) (0.207) (0.072)

(BHARc)"^ 24.52 26.59*” 18.98*** 12.80 8.20 11.12 9.63 11.97
tc^ 1.68 1.93 1.93 1.56 1.05 1.25 1.05 1.64

^ Control firm based abnormal profitability* is measured by calculating the buy-and-hold abnormal returns relative to a matched control firm portfolio 
benchmark (details on the control portfolio arc given in section 4.5.3). Tlic investment is initiated tlie first month Ganuary) and is terminated in the last 
month (December) of the calendar prediction year.

The yearly abnormal return's significance is calculated using the t-test f b H >4 rt (shown in equation 4.17) based on the null-hvpothesus that the yearly 
abnormal returns arc not different from zero. The degrees of freedom of each test depend on the number of firnis included in the predicted sample.

* * indicate significance using a two-tail t-test at tlie 1%, 5% and 10% respectively.
^ Calculates the annualized average abnormal return generated by the yearly predicted firms over the ten-vear period 1999-2008.
^ Shows the result of the t-test (shown in equation 4.18) examining the null-hypothesis that the average long-term abnormal returns are not different 
from zero. *,**,* » * indicate significance using a tvv’O-tail t-test with 9 degrees of freedom at the 1%, 5% and 10% respectively.
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Table C.4: Control firm portfolio based abnormal returns’’ using an ANN-based model in the USA 
during the period 1999-2008

Prediction BUY AND HOLD ABNORMAL RETURNS (BHAR) OF THE PREDICTED PORTFOLIO (in %) 
year (Significance)^

Cut-off probability (Pc)
0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2

1999 -62.9 -13.6 -6.4 -26.5 4.4 -7.0 3.0 -9.7
(0.227) (0.276) (0.745) (0.364) (0.757) (0.752) (0.860) (0.497)

2000 -35.1 14.3 -26.8 -0.3 76.3 28.9 12.1 19.4
(0.775) (0.849) (0.815) (0.997) (0.107) (0.531) (0.702) (0.160)

2001 -62.0 -25.8 -19.5 -16.4 -13.0 -9.6 -11.5 -14.7
(0.117) (0.358) (0.484) (0.430) (0.511) (0.673) (0.423) (0.133)

2002 -43.9*** -38.7 -26.8 -26.0 -23.8 -21.9 -25.8 -18.3
(0.084) (0.242) (0.309) (0.279) (0.230) (0.230) (0.128) (0.204)

2003 NA NA NA -50.3 -59.8 -24.3 6.0 -4.8
(NA) (NA) (NA) (0.744) (0.180) (0.337) (0.735) (0.822)

2004 23.7 30.3*** 24.4 27.1** 27.2** 18.5*** 14.8*** 13.0*
(0.128) (0.067) (0.111) (0.035) (0.013) (0.069) (0.061) (0.006)

2005 -32.4 -29.9 -27.5 -27.4 -19.8 -20.3 -10.2 13.5
(0.235) (0.257) (0.240) (0.217) (0.322) (0.240) (0.497) (0.499)

2006 -11.8 2.7 -4.0 1.9 -0.6 -4.4 -3.4 -1.0
(0.237) (0.770) (0.698) (0.839) (0.927) (0.586) (0.659) (0.917)

2007 31.3 30.0 30.3 48.3 23.5 43.6*** 28.8 32.7**
(0.360) (0.198) (0.250) (0.126) (0.189) (0.074) (0.152) (0.023)

2008 -32.1** -32.3* -30.1* -18.7*** -21.1** -33.3* -35.2* -16.3***
(0.041) (0.001) (0.001) (0.061) (0.043) (0.001) (0.003) (0.052)

(BHARc)” -22.52*** -6.32 -8.64 -8.93 -0.67 -2.98 -2.14 1.37
tc^ -2.17 -0.74 -1.19 -0.97 -0.06 -0.37 -0.35 0.25

° Control firm based abnormal profitabilit}' is measured by calculating the buy-and-hold abnormal returns relative to a matched control firm portfolio 
benchmark (details on the control portfolio are given in section 4.5.3). The investment is initiated tlie first month (January) and is terminated in the last 
month (December) of the calendar prediction year.
^ Tlie yearly abnormal return's significance is calculated using the t-test t bh All (shown in equation 4.17) based on the null-hypothesis that the yearly 
abnormal returns are not different from zero. The degrees of freedom of each test depend on tine number of firins included in the predicted sample. 
*,**.* * * indicate significance using a two-tail t-test at tlie I'l'o, 5% and 10®/o respectively.
^ Calculates the annualized average abnormal return generated bv tire yearly predicted firms over the ten-year period 1999-2008.
^ Shows the result of the t-test Iq (shown in equation 4.18) examining the null-hypothesis that the average long-term abnormal returns are not different 
from zero. *.**.* * * indicate significance using a two-tail t-test with 9 degrees of freedom at the 1%, 5% and 10% respectively.

233



Appendix D

Algorithmic based sample constructions

Code Listing D.l: Algorithm used to build the matched M&A database

#/ /usr/bin/python
# created: 03/2008 trial

###################### AIM OF THE PROGRAM #########################
# THIS PROGRAI^ EXTARCTS THE INFO FROM THE FILE dir_info+filename AND

CREATES:
# AND CREATES A TABLE table title in the DB db user

# - IRST COLUMN:
# - 2ND COLUMN :
# - 3RD COLUMN :
# - 4TH COLUMN :
# - STH COLUMN :
it - 6TH COLUMN :
it - 7TH COLUMN :
it - 8TH COLUMN :
it - 9TH COLUMN :
it - lOTH COLUPIN 
it - IITH COLUMN 
it - 12TH COLUMN 
it - 13TH COLUMN
# - 14TH COLUMN 
tt - 15TH COLUPtN
# - 16TH COLUMN
# - 17TH COLUMN 
if - 18TH COLUMN 
tt - 19TH COLUMN 
tt - GOTH COLUMN 
tt - 21ST COLUMN 
if - 22ND COLUI'iN 
tt - 23RD COLUMN 
tt - 24TH COLUMN
# - 25TH COLUMN 
it - 26TH COLUMN 
tt - 2 7TH COLUMN 
it - 2STH COLUMN 
it - 29TH COLUMN 
if - 3 0TH COLUMN 
tt - 31ST COLUMN 
tt - 32ND COLUMN 
tt - 33RD COLUMN

TARGET_NAME 
TARGET_NATION 
TARGET_IND 
DATE_ANNOUNCED 
DATE_EFF_UNC 
DATE_EFF 
DS_WITHD 
ACQUIROR_NAME 
ACQUIROR_NATION 

ACQUIROR_IND 
DS_ACQ
ACQ_P_STATUS
TRANS_VALUE
DEF_TRANS_VALUE
YEAR
QUARTER
STATUS
CONS_STRUCT
ATTITUDE
FLAG_CHANGE
PCT_CASH
PCT_OTHER
PCT_STOCK
PCT_ACQ_PM
PCT_TAR_PM
EV_ANNOUCEMENT
FORM_DEAL
ACQ_TECH1
ACQ_TECH2
ACQ_TECH3
ACQ_TECH4
ACQ_TECH5
TAR WSCP ID
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# - 34TH COLUMN ; mTCH_NUM

# Prog_query is a personal file containing the classes Connecting(),
ExecutingO, Exiting (}, and Finding () .

import sys
import MySQLdb
from Prog_query import *

###################### GLOBAL VARIABLES ########################## 

country_code='UK'

dir_default='/Users/julianperezalzueta/'
dir_info=dir_default+'Desktop/PhD_Analysis_Data/Data_collection/ 

MnA_data/TS_Target_TOB/%s_Target_yearly/'%country_code

db_user='predictive_db'#%country_code.lower()

yy_start=1995
yy_end=2008
table_title='%s_P_TARGET_%s_%s_FULL'%{country_code,str{yy_start) , str 

(yy_end))#
table_wscp='WSCP_ID_%s'%country_code#refernce table containing the 

WSCP_ID and the names of the companies worldwide 
table_filtered=table_title+'_FILTERED'#ext2"acted rumors from " 

table__title"

filenaTne='%s_P_Target_95_08_full_deal_form_gf.txt'%country_code#
common name of the files containing MnA info, details on the deal 
form and having the good format 

f_def='US_WPI.txt'#name of the file containing deflated index

#Each item is ordered following the column distribution of the file 
containing the MnJi info

table_COls=['TARGET_NAME','TARGET_NATION','TARGET_IND','DS_TAR',' 
DATE_ANNOUNCE','DATE_EFF_UNC','DATE_EFF','DATE_WITHD',' 
ACQUIROR_NAME','ACQUIROR_NATION','ACQUIROR_IND','DS_ACQ',' 
ACQ_P__ST','DEF_TRANS_VALUE','TRANS_VALUE','YEAR','QUARTER',' 
STATUS','DEAL_STRUCTURE','ATTITUDE','ATT_CHANGE','PCT_CASH',' 
PCT_OTHER','PCT_STOCK','PCT_SOUGHT_OFFER','PCT_SHARES_ACQ',' 
PCT_OWNED_ACQ_PM','PCT_OWNED_TAR_PM','EV_ANNOUCEMENT','DEAL_FORM'
, ' TAR__WSCP_ID ' , ' MATCH_NUM ' ]

table_chars=['varchar(90)','varchar(2)','varchar(10)','varchar(6)',
'date', 'date','date','date', 'varchar(90)','varchar(2)','varchar
(10)','varchar(6)','varchar(10)','double(16,3)','double(14,3)',' 
smallint(4)','smallint(1)','varchar(20)','varchar(10)','varchar( 
10)','varchar(1)','double(7,3)','double(7,3)','double(7,3)',' 
double(7,3)','double(7,3)','double(7,3)','double(7,3)','double(16 
,4) ', 'varchar(20) ', 'varchar(9) ','smallint(1) '] #each col 'i' gives 
the i'wax) number of digit of the ' i ’ st item from the list " 
table cols"
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nuTn_f iles = l
line_start=4# number of the line where info starts (line after the 

titles)
col_stop=27# number of the last column that is going to be uploaded 
col_date=5
col_tv=14# number of the column where the transaction value is given 
col_acq_name=8

############ PRE PROC ; FUNCTION DEFINITION ######################

#tt=table name, tt_wscp=table containing the woprldscope permanent 
IDs from the firms existing in Datastream,

#tn=name of the target firm, cc=country code
def matching_DS_firm{connection,tt,tt_wscp,tn,ds_tar,cc):

#match_num indicates what type of matching has been used to match 
the companies.9=N0 MATCH 0=NORMAL_MATCH l=lrst WORD MATCH 2=2 
FIRST WORDS RIATCH 

match_num='9 ' 
wsi='0 '
#"res_out" should contain, after the matching process, the wscp_id 

(1st item) and the match_num( 2nd item) 
res_out= []

name_match=tn.split{' (') [0] .split('{') [0] .split{', ') [0] 

ttMatching with the full name.
req="" "select worldscope_id, company_name from %s where

country_code="%s" and (COMPANY_NAME="is" or COMPANY_NAME="%s"); 
" " "%{tt_wscp,cc,name_match,name_match.replace{"Co","COMPANY") . 
replace("Cos","COMPANIES").replace("Ltd","LIMITED").replace(" & 
"," AND"))

result=Executing().exec_fetch(connection,req)

if len(result)==1: 
wsi=result [0] [0] 
match_nuin=0 
print 'OK' 

else:
print "Company name: %s"%name_match

#Matching with the first word. 
cn=name_match.split()

■ req='"'"select worldscope_id, company__name from %s where
country_code="%s" and COMPANY_NAME>="%s" and COMPANY_NAME<="% 
sZ";"""%(tt_wscp,cc,cn[0] ,cn [0]) 

result=Executing().exec_fetch(connection,req)

if len(result)= = 1 and len(cn)< = 3 and len(cn [0] )>1: 
wsi=result [0] [0] 
match_num=l 
print 'OK'

elif len(result)==0:
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wsi='0'

elif len(cn)>1:
#Matching with the first two words.
req="""select worldscope_id, company_name from %s where

country code="%s" and COMPANY NAfm>="%s" and COMPANY NAME
'%sZ II . If II ffS- (tt_wscp,cc,cn[0]+' '+cn[1],cn[0]+' '+cn[l])

result=Executing() .exec_fetch(connection, req)

if len(result)==0: 
wsi='0'

elif len(result)= = 1: 
wsi=result [0] [0] 
match_num=2 
print 'OK' 

elif len(cn)>2:
req="" "select worldscope_id, company_name from %s where

country_code="%s" and COMPANY_NAME>="%s" and COMPANY_NAME 
<="tsZ"/"""%(tt_wscp,cc,cn[0]+' '+cn[l]+' '+cn[2],cn[0]+'
'+cn [1] + ' '+cn [2])

# Matching with the first three words. 
result=Executing().exec_fetch(connection,req)

if len(result)!=1:
wsi='0' 

else;
wsi = result [0] [0] 
match_num=3 
print 'OK' 

else:
print 'Not enough information to decide from the list of 

suggested companies ' 
wsi='0 ' 

else:
print 'Not enough information to decide from the list of 

suggested companies ' 
wsi='0'

if wsi=='0':
^Matching by Datastream ID.
req_ds='""'select WORLDSCOPE_ID from %s where SECTOR_TYPE="%s" ;

"""%(tt_wscp,ds_tar)
result=Executing().exec_fetch(connection,req_ds)

if len(result)==1: 
wsi=result [0] [0] 
match_num='4' 
print 'OK'

elif len(result)==0:
print 'No Datastream id matches' 
wsi=' 0 '

else:
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print 'ERROR: Datastream code %s is not unique. Check the 
corporate references.'%ds_tar 

Exiting{).exit_connection(connection)

res_out.append(wsi) 
res_out. append {match_nuin) 
return res_out

######################### miN ##################################

### Database connection 
conn=Connecting().db_conn{db_user)

answer=Finding().look_up_table(conn,table_title) 
if answer=='y':

### Creation of the table with the same name of the file 
if len(table_cols)==len(table_chars);
req_create="ci'eate table %s(%s ts(table_title, table_cols [0 

] ,table_chars[0] )
for ii in range(1,len(table_col3)):
req_create+=','+table_cols[ii]+' '+table_chars[ii]

req_create+=");" 
else:
print "ERROR: the variables and the variables's type tables have 

not the same size. The request has been cancelled"
Exiting().exit_connection(conn)

Executing().exec_only(conn,req_create)

# Attemp to deflate dollar values if necessary
try:
txt_def=open(dir_info+f_def,'r') 
def_list=txt_def.readlines() 

except Exception, why:
print "------ ERROR-------- :%s"%why
Exiting 0 .exit_connection(conn)

# Open "filename" containing the MnA information downloaded from
Thomson One Banker

try:
txt_file=open(dir_info+filename,'r') 
txt_list=txt_file.readlines()
print '%s line(s) has/have been extracted from the file %s'%(len( 

txt_list)-1,filename) 
except Exception, why:
print "The file %s could not be found"%filename 
ExitingO . exit_connection (conn)

# Generates a single country code for the US 
if len(country_code)>2:
ccg=country_code[0]+country_code[1]# All the files finishig USn (0 

<n<19) will have the same country_code 'US'
else:
ccg=country_code
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### Multi column insertion into database 
i = 0
len_db=len{txt_list)-line_start+l 
for nn in range(line_start-1,len(txt_list)): 

line=txt_list[nn] .split ('\r') [0] 
db_list=line.split('\t') 
if db_list[0]!='COMPANY NAME': 
tar_name=db_list[0]
target_ds_id=db_list[3].replace('-','0')
# The "wscp_match_list" provides the worldscope ID as the first 

item and the matching number as the second one. 
wscp_match_list=matching_DS_firm(conn,table_title,table_wscp, 

tar_name,target_ds_id,country_code) 
wscp_id=wscp_match_list[0] 
matching_nuinber=wscp_match_list [1]

req= """insert into %s values ("%s" table_title, tar_name)
for 11 in range(1,col_stop):

Ulnserting a date in Col number ’col_date' 'col_date+l’ and ' 
col_date+2 ' 

if 11==(col_date-l):
req+=','+'str_to_date{"%s","%%m/%%d/%%Y")'%db_list[11]. 

replace{'#N/A', '00/00/0000') .replace'00/00/0000')

elif ll==col_date:
req+=','+'str_to_date("%s","%%m/%%d/%%Y")'%db_list[11]. 

replace('#N/A', ' 00/00/0000 ’ ) .replace'00/00/0000')

elif 11==(col_date+l):
req+=','+'str_to_date("%s","%%m/%%d/%%Y")'%db_list[11]. 

replace('#N/A','00/00/0000').replace'00/00/0000')

elif 11==(col_date+2):
req+=','+'str_to_date("%s","%%m/%%d/%%Y")'%db_list[11]. 

replace('#N/A','00/00/0000').replace'00/00/0000')

elif ll==col_tv-l:

dd=db_list[col_date-l] 
ffprint "selected date: %s"%dd

date_list=dd.split('/')

d2=date_list [2] tfd2 = two last numbers of the year

if len(d2)==2: 
if int(d2)<=30

elif len(d2)==4 
yy=str(d2)

yy='20'+str{d2)
else:
yy='19'+str(d2)
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else:
print "The date %s does not have the addecuate format"%str 

(d2)
print "Exiting..."
Exiting().exit_connection{connection)

dl=int(date_list[1])#dl=month number

if dl<=3: 
qtr=l

elif dl>=4 and dl<=6: 
qtr=2

elif dl>=7 and dl<=9: 
qtr=3

elif dl>=10: 
qtr=4

ll_def=4 *(int(yy)-1980)+qtr
#print "number of line: %s"%str(ll_def)
def_index=float(def_list[ll_def].split('\r')[0].split('\t')[ 

1] )
non_def_val=float(db_list[11].replace('-','0').replace 

. ' ) . replace ( ' tfStandard number notation
req+=','+str(non_def_val/def_index)+','+str(non_def_val)+',' 

+yy+','+str(qtr)

else:
if ll==col_acq_name:
req+=','+'"%s"'%db_list[11].replace('#N/A','0')

else:
req+=','+'"%s"'%db_list[11].replace{'#N/ 

A' , '0') .replace('-', '0')

req+ = ' "Srs", "%s") ; ' % {wscp_id, matching_number)

try:
Executing{).exec_only(conn,req) 
i + = l

except Exception,why:
print "Could not execute the request %s: %s"%(req,why) 
print "Exiting..."
Exiting().exit_connection(conn)

print '%d lines of %d has been uploaded'%(i,len_db)

print '\n%s TARGETS TABLE UPLOADED\n'%country_code
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print 'FILTERING DEALS WHERE STATUS IS RUMORS OR DISCARDED RUMORS..
req_f ilter="create table %s (select * from %s where TAR_WSCP_ID 

!='0' and STATUS! = 'Dis Rumor' and STATUS i =’Rumor"°s ( 
table_f iltered, table__title)

Executing().exec_only(conn,req_fliter)

print 'OK'
### Close db connection 
print 'UPLOAD COMPLETED'
Exiting 0 .exit_connection(conn)
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Code Listing D.2: Algorithm used to build the matched M&A database

/usr/bin/python
#
# created: 07/2008 trial

#################### AIM OF THE PROGRAM ###########################

# General: This program matches, for each predicted firm, a control
firm similar in size and book-to-market ratio.

# The program proceeds as follows
# - Selects a firm predicted in year "yy"
# - Selects all firms showing trading activity in the previous year

and belonging to the three considered industries.
# - from the latter group we select the firms having an MCAP between

70% and 130% of the predicted firm's size.
# - from the latter group the control firm is selected as the firm

having the closest market-to-book ratio to the one of the 
predicted firm.

###################################################################

import sys
import MySQLdb
from Prog_query import *

###################### GLOBAL VARIABLES ###########################

cc='US'
db_user='%s_db'%cc.lower 0#the db where 

information lies
the table containing

dir_default='/Users/julianperezalzueta/'
dir_filestore=dir_default+'Desktop/PhD_Analysis_Data/%s_LR/

Portfolios_returns_TS/%s/%s/%i_lags/RI_CC_OTC_%s/co%s/'%(cc, 
dir_suff,type_var,num_lags,mbv,str(cutoff).replace

nuTn_lags=l 
cutoff=0.7

filter_suff='no_EBSE_TDCE_listed_no_rep' 
type_var='full'
dir suff='AV :filter suff
suff_txt='full_noET_ltd_OTC_traded_nonf' 
suff='%s_%s'%(type_var,filter_suff)

table_naTne='%s_PROBA_PREDICTED_%sLAGS_%s'%(cc,num_lags,suff.upper()
price_traded_table='%s_RETURN_MTLY_LP_DEC_97_08_TRADED'%cc
price_table='%s_RI_MTLY_LP_DEC_97_09'%cc
table_dead_firms='%s_DEAD_LIST_97_08'%cc
mcv='MCAP'
mbv='PTBR'
cfr="MONTH NUM"
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ys=1999
ye=2008

tint='test' #name of the intermediate table used in the filtering of 
control firms 

opt_list=['prd']

##################### PRE_PROC: FUNCTION DBF ####################### 
foption='ths'-> targets in the hole sample 
#option='prd’-> all companies in predicted sample 
#option='tps' -> targets in the predictive sample
def extract_WSCP_list(connection,tbl_avoid,tbl_dead,tn,option,year, 

nl,co):
tres='test_pred'
ans=Finding () . look;_up_table (connection, tres) 
if option=='ths' and ans=='y':
req="""create table %s (select WORLDSCOPE_ID from %s where 

FORECAST_YEAR='%s' and REAL_TAR='1'); "%(tres,tn,year)
elif option=='prd' and ans=='y':
req="""create table %s (select WORLDSCOPE_ID from %s where

FORECAST_YEAR='%s' and PRED_PROB>='%s');"""%(tres,tn,year,co) 
elif option=='tps' and ans=='y':
req="""create table %s (select WORLDSCOPE_ID from %s where

FORECAST_YEAR= ' %s ’ and PRED_PROB>= ' %s ' and REAL_TAR= ' 1 ’) ; " " "% 
(tres,tn,year,CO)

else :
print 'None of the option for selecting a sample has been 

selected. Check the option s spelling.' 
sys.exit(0)

Executing().exec_only(connection,reg)

req= "" "select * from |•s,•"""%tres 
result=Executing().exec_fetch(connection,req)

wscp_list=[] 
for ww in result:
wscp_list.append(ww[0])

ans=Finding().look_up_table(connection,tbl_avoid) 
if ans=='y':
req_avoid="""create table %s (select * from (select NORLDSCOPE_ID 

from %s UNION DISTINCT select UORLDSCOPE_ID from %s where 
YEAR-'%s') tl)/drop table fs;"""%(tbl_avoid,tres,tbl_dead, 
year,tres)

Executing().exec_only(connection,req avoid) 
return(wscp_list)

# Assumption: table cc_var contains variable 'var'
def extract_CONTROL_ID(connection,wid,mcap_var,mtbv_var,avoid_table, 

nl,year_pred,country_code,traded_table=price_traded_table):

year=str(int(year_pred)-1)
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print "**** FINDING A CONTROL FIRM FOR COMPANY: %s 
****"%(wid,year)

YEAR:

mcap_table='%s_ 
mtbv table='%s

;s'%(country_code,mcap_var) 
:s'%(country_code,mtbv_var)

req='""'select ts from %s where YEAR='%s' and WORLDSCOPE_ID= ’ %i 
"" "%(mcap_var,mcap_table,year,wid) 

mcap_wid=Executing().exec_fetch(connection,req)[0][0]

req="""select %s from is where YEAR=’%s' and WORLDSCOPE_ID= 'it 
"""%(mtbv_var,mtbv_table,year,wid) 

mtbv_wid=Executing() .exec_fetch(connection, req) [0] [0]

print "%s: %s"%(mcap_var,mcap_wid) 
print "%s: %s"%(tntbv var,mtbv wid)

mcap_low=0.7*float(mcap_wid) 
mcap_high=l.3*float(mcap_wid) 
px'int "Searching for companies with %s 

mcap_var,mcap_low,mcap_high)
in the window: l%s iS]"%(

ti='test_mcap'
ans=Finding().look_up_table(connection,ti) 
if ans=='y':
ti2='test_mcap_int'
ans_int=Finding() .look_up_table(connection, ti2) 
if ans_int=='y':
req="""create table is(select NORLDSCOPE_ID from is where YEAR 

-'is' and %s>='%s' and is<='is' and WORLDSCOPE_ID not in ( 
select * from %s) (ti2 , mcap_table, year, mcap_var,
mcap_low,mcap_var,mcap_high,avoid_table)

Executing().exec_only(connection,req)

print "Filtring non-traded companies..."
req_trade="""create table is(select * from is where WORLDSCOPE_ID 

in (select distinct NORLDSCOPE_ID from is where YEAR='%s')); 
drop table fs/"" "%(ti,ti2,traded_table,year_pred,ti2)

Executing().exec_only(connection,req_trade)
print "OK."
req_len="" "select count(*) from is"""iti
len_mcap_list=Executing() .exec_fetch(connection,req_len) [0] [0] 
if len_mcap_list==0:
print 'Error: there is no commpany to match %s by %s'%(wid, 

mcap_var)
Exiting().exit_conection(connection)

else:
print "%s companies found."%len_mcap_list
req= "" "select is, count (*) from is where YEAR='is' and IND_NUM! = 

4 and IND_NUM!=5 and IND_NUM!=6 and WORLDSCOPE_ID in (select 
* from is) GROUP BY is ORDER BY ahs (ts-fs) (mtbv_var,
mtbv_table,year,ti,mtbv_var,mtbv_var,mtbv_wid) 

result=Executing() .exec_fetch(connection, req)
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len_list=result[0] [1]
print "Closest %s value: %s"%{mtbv_var,result[0] [0]) 
print "%s companies having an %s= %s"%(len_list,mtbv_var,result[ 

0] [0] )

req="""select WORLDSCOPE_ID from %s where yEAR='%s' and IND_NUM 
.'=4 and IND_NUM!=S and IND_NUM! =6 and W0RLDSC0PE_ID in ( 
select * from %s) ORDER BY abs (%s-%s), rand () LIMIT ts/ 
mtbv_table,year,ti,mtbv_var,mtbv_wid,len_list)

result=Executing() .exec_fetch(connection, req) 
print result 
wid_cont=result[0] [0]

print "Control company selected: %s"%wid_cont

req_insert= """insert into %s values("%3"); drop table 
avoid_table,wid_cont,ti)

Executing().exec_only(connection,req_insert)

return(wid_cont)

# tn=Table containing the firms' market price - wscp_id=Worldscope 
identifier of the company selected to extract its returns 

def extract_returns(connection,tn,wscp_id,year,col_freq="MONTH_NUM", 
col_val="PRICE_RETURN"):

wi=wscp_id
req_len="select count (*) from (select distinct %s from %s where 

YEAR='is'> tl;" " "%(col_freq,tn,year) 
result=Executing().exec_fetch(connection,req_len) 
we_total=result [0] [0]

req="""select COMPANY_NAME from is where WORLDSCOPE_ID='is' and 
YEAR='%s’ and ts= ' 1(tn, wi , year, col_f req) 

cn=Executing().exec_fetch(connection,req)[0] [0]

ROI_list= []
ROI_list.append(cn)
tr=l#tr= total returns= product of the yields of the company 

having a wscp_id='wi'
print cn
for ii in range(we_total): 
wn=ii + l#ivee)c number
N=0#iV’ counts the total number of companies of which price 

information is available

req="" "select is from is where WORLDSCOPE ID='%s' and YEAR='is'
anc jS=’is';"" "%(col_val,tn,wi,year,col_freq,wn)

ppl=Executing().exec_fetch(connection,req)

if ppl[0] [0] ! = ' -999' : 
rr=l+float(ppl[0][0])
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print 'return in month %s = %s'%(wn,rr)
#txt_save.write(str(rr) + '\t ')
N+ = l 
tr*=rr

else: 
tr=0

if N==l:
ROI_list.append(str(tr))
#txt_save.write(str(tr/float(N)j + '\n')

else:
print 'ERROR; There number %s exceeds 1. Upload company %s 

failed.'%(N,wi)
ROI_list.append('0')
#txt_save.write(str(tr/float (N))+'\n') 
tfprint 'Exit '
^connection.close ()
#sys.exit(0)

if N==l;
print 'An average yearly return of %s%% for company %s in %s'%( 

str(tr),cn,year)
else:
print 'An average yearly return of 0%% for company %3 in 

,year)
{cn

#txt_save. close () 
return(ROI_list)

############################## MAIN ###############################

### Database connection 
conn=Connecting{).db_conn(db_user)

for yy in range(ys,ye+1):

#fn='ROI_%s_targets_%s_%slags_co%s_%s.txt '% (cc,str(yy) ,num_lags, 
str(cutoff).replace('. ’, ' '),suff) 

for opt in opt_list;

ROI_all_sets=[] 
if nn==l:
fn='%s_ANN_CC_ROI_%s_%s_%sl_co%s_%s.txt'%(cc,opt.upper(),str( 

yy),num_lags,str(cutoff).replace('.',''),suff_txt)
else:
fn='%s_CC_ROI_%s_%s_%sl_co%s_%s.txt'%(cc,opt.upper(),str(yy), 

num_lags,str(cutoff).replace('.',''),suff_txt) 
wl=extract_WSCP_list(conn,tint,table_dead_firms,table_name,opt, 

str(yy),num_lags,cutoff)
print wl
print "The prediction-based portfolio contains: %s companies"% 

len(wl)
for wscp_id in wl:
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control_wid=extract_CONTROL_ID(conn,wscp_id,mcv,mbv,tint, 
nuin_lags, str (yy) , cc)

ROI_all_sets.append(extract_returns(conn, price_table, 
control_wid,str(yy)))

txt_save=open(dir_filestore+fn,'w') 
txt_save.write(cfr+'\t' ) 
for cn in ROI_all_sets:
txt_save.write(cn [0] + '\t' ) 

txt_save.write('\n') 
if len(wl)>=2:

we_num=len(ROI_all_sets[0])
#check that all weeks have been taken in account in the three 

sets
if we_num!=len(ROI_all_sets[1]):
print 'The samples do not have the same length'
Exiting().exit_connection(conn) 

else;
we_num=13

for ii in range(1,we_num): 
txt_save.write(str(ii) + ' \ t' ) 
for roi in ROI_all_sets:

txt_save.write(roi[ii] + '\ t') 
txt_save.write('\n ' ) 

txt_save.close()
req_drop= " " "drop table l^s;"""%tint 
Executing{).exec_only(conn,req_drop)

### Close db connection
print 'CONTROL FIRM SELECTION COMPLETED'
Exiting().exit_connection(conn)
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