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Abstract

In this paper, we study the development of investment strategies by predicting M&A deals using a logistic model with
the financial and non-financial indicators of public companies. A random sample of 1510 acquired and non-acquired
companies in Germany, the United Kingdom, France, Sweden, and Russia over the period 2000-2021 was used to design
an M&A logit prediction model with high predictive power. The use of interaction variables significantly improved the
model’s predictive power and allowed it to obtain more than 70% of correct out-of-sample predictions. Then the model’s
ability to generate abnormal returns was tested with the help of an event study using share price data over the period 2011-
2021. We show that an M&A prediction model can also efficiently generate abnormal returns (up to 49% on average) for
a portfolio of companies that are expected to be acquired. Moreover, we uncover evidence that reduction in false positive
and negative predictions has a positive effect on abnormal returns due to the added model flexibility resulting from in-
teraction terms. Our positive theoretical and empirical results can help both private and institutional investors to design
investment strategies. In addition, there are indirect implications that support the practical importance of an efficient
M&A prediction model.
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Introduction

Over the last two decades, the world economy has been
damaged by several unique crises that affected all sectors.
Investment opportunities shrank and became less attrac-
tive. Moreover, many investors became more cautious and
reluctant to invest due to the difficulty of predicting future
returns. In such times of uncertainty, unconventional in-
vestment opportunities have become more popular despite
their risks. However, there still exist consistent sectors that
investors can use to earn abnormal returns. One such field
is M&A deals, which have not declined substantially even
though companies have started to care more about cost re-
ductions than growth. Statistics show that around 30 000
M&A deals were made every year in 2000-2010, and 50 006
deals totaling $3.4 trillion in 2019, which represents ap-
proximately a 60% increase in less than a decade. When the
COVID-19 pandemic hit the global markets in 2020, the
figures declined by only 12% with 84 deals totaling slightly
over $5 billion, surpassing the record of the first decade
according to a 2021 PWC report. Over 63 000 M&A deals
were made in 2021. This happened because M&A deals re-
tained the same goals for acquirers while becoming more
attractive due to cheaper investment opportunities.

In the M&A field, consistency is not limited to statistics.
There is a consistent pattern that is expressed in a core
principle of such deals that is called “positive synergies.”
Positive synergies are among the main drivers of M&A
deals. They also encourage acquirers to pay more for a
business than it is valued, which can be seen in the pre-
miums paid to the existing shareholders of the targeted
company. This opens opportunities for investors to be-
come shareholders before an acquisition to receive such
premiums. The average premium ranges from 10% to 50%
depending on the industry with a 90% probability that
such a premium will be paid. On the other hand, infor-
mation about any M&A deal is strictly confidential, and it
is hard to tell whether a company will be acquired without
a deeper analysis of public information, as private infor-
mation trading is mostly prohibited. At the same time,
one can try to design an accurate M&A prediction model
that could be used by a management or consulting agen-
cy directly to generate investment opportunities or by a
business as an indirect instrument to help it compete and
grow more efficiently.

In this paper, we use the publicly available financial and
non-financial indicators of public companies to develop an
M&A prediction model that can be used for maximizing
cumulative abnormal returns and designing efficient in-
vestment strategies. The novelty of this paper lies in its ap-
proach to increasing the significance of an M&A prediction
model by incorporating interaction variables, making the
model more flexible and adaptable to different economic
environments. At the same time, we propose a better way
of using effectively predicted acquisitions to earn highly
positive abnormal returns through an efficient portfolio
construction method based on predicted probabilities that
can serve both profit generating and hedging goals.

This paper is structured as follows. Section 1 sets out the
background of the study. Section 2 summarizes prior
research in the field as found in the literature. Section 3
describes the data and processing methodology used for
constructing the M&A prediction model and analyzing
abnormal returns. In Section 4, we design the model and
give the results of predictive power tests and insights into
model performance. Section 5 traces the ability of different
factors to generate abnormal returns for both individually
acquired companies and portfolios of companies. Section
6 gives an overview of potential investment strategies. Sec-
tion 7 summarizes the conclusions of the paper.

Literature Review

Approaches to M&A Prediction and
Modelling

Several main methodologies are used for M&A predic-
tions. They include multiple discriminant analysis for un-
derstanding the factors for differentiating targeted compa-
nies (Simkowitz and Monroe [1], Stevens [2], Barnes [3]),
probit models for finding the characteristics of targeted
companies (Harris, Stewart, Guilkey, and Carleton [4]),
and logit models (Dietrich and Soerensen [5], Ohlson [6],
De Jong and Fliers [7], Meghouar and Ibrahimi [8], Palepu
[9]). Unlike the probit model, logit analysis can be used not
only to identify characteristics but also to make conclu-
sions about the probabilities of events. However, Palepu [9]
criticized the methodology applied by previous empirical
studies for forecasting takeovers and concludes that such
predictions are unfeasible (especially for finding invest-
ment opportunities). After his critique, the number of em-
pirical studies declined sharply. Palepu’s work divided the
whole field of research into “before and after” Palepu made
a breakthrough by proposing an improved framework for
measuring the likelihood of a takeover and outlining six
hypotheses [9, p.11-12] for takeover forecasts and three
main methodological errors [9, p. 3]. According to Palepu,
companies should be ranked by their takeover probabili-
ty and compared by cut-offs, which should be determined
similarly for every company on the list. If a company is
above the cut-off level, it is a targeted company; otherwise,
it is non-targeted. Palepu defined the cut-oft probability
as the intersection of the PDFs (probability density func-
tions) of takeover targets and non-targets [9, p. 14-15]. He
used pre-specified variables, while other researchers have
focused on statistically significant ones.

The share of tangible assets was found significant by Am-
brose and Megginson [10]. They tested the importance of
asset structuring, shareholdings, and the application of an-
ti-takeover strategies. Institutional shareholdings turned
out to be the only factor that had a significant impact on
real data. The leverage factor has also been found signifi-
cant [11], which has been linked to the low-level liquidity
ratios of acquired companies [12]. A 2009 study of short-
term factors by Brar, Giamouridis and Liodakis [12] yield-
ed significant new results. It appears that the trading vol-
ume to market capitalization ratio and price momentum
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factors are significant in the short term yet insignificant
over the long run. Each of the 13 hypotheses that had been
formulated by 2009 posits between 1 and 17 factors as be-
ing relevant and significant for takeover forecasting.

Broader Perspective of the Application of
M&A Prediction Models

There have been only a small number of significant studies
of takeover predictions since 2009. However, they contrib-
uted to the field by focusing on the potential applications of
M&A prediction models and conducting cross-topic anal-
ysis. Bhanot, Mansi, and Wald [13] studied how stock pric-
es are related to returns and whether they can be used for
estimating takeover risks. Cornett, Tanyeri and Tehranian
[14] used the acquisition risks of targeted firms to measure
market anticipation. Their results showed that market an-
ticipation is correlated with returns for targeted companies
and acquirers.

Danbolt, Siganos and Tunyi [15] advanced the claim that
it is possible to create a profitable investment portfolio
with predicted takeover targets. They showed that such a
portfolio can be used to earn abnormal returns. Howev-
er, the data must be sufficiently clean for the model to be
correct. It is necessary to work with data accurately; other-
wise, portfolio returns may be diluted due to errors such
as inaccurate predicted targets, mistimed target selection
and the inability to differentiate between potential targets
and bankrupt firms. The latter problem was identified and
described by Powell and Yawson [16] in 2007. However,
such problems can be completely or partly removed by the
use of an appropriate screening procedure during the data
collection process to increase portfolio profitability. An-
other recent study by Tunyi [17] suggested reconsidering
Palepu’s results [9] insofar as his hypothesis lacks strategic
rationale and reviewing the factors that act as motives for
takeovers. It also called for improving existing models by
testing them across time periods, regions, and contexts.
This type of study was conducted in 2016 by Tunyi and
Ntim [18] for the African region.

Formulation of Research Questions

The literature review led us to formulate two basic research

questions:

1) Can the forecast power of an M&A prediction model
be improved by using interaction variables?

2) Can an M&A prediction model be used to construct
an efficient portfolio strategy?

Thus, our paper is divided into two parts: the construction
of an M&A prediction model (Model 1) and the estimation
of a portfolio of abnormal returns (Model 2) on its basis.

Model 1: M&A Prediction Model
Variables and Data Description (Model 1)

To answer the first research question, we construct a take-
over probability model and analyze the main factors of in-
fluence. Four basic factors of influence on takeover prob-

ability were originally presented by Palepu [9], and two
additional factors were later proposed by other authors to
estimate company performance more accurately and make
better takeover predictions. The selection of variables was
based on statistical significance discovered in [9], [11] and
[12] and on the availability of public data that assure a bet-
ter data sample for empirical analysis.

Therefore, six main factors (with several variables chosen
within each factor) are used in our model:

1) Size factor: The size of the firm is negatively
correlated with its takeover probability, i.e., the bigger
the firm, the less its chance of being acquired.

o Enterprise Value, an alternative metric to
market capitalization, is the sum of the market
capitalization and the market value of net debt.

«  Total Assets is the book value in million USD
of all the company’s assets in its statement
of financial position for the year before the
acquisition.

2) Undervaluation factor: The P/E ratio [19] and the
EV/B ratio [20] are negatively correlated with the
takeover probability, i.e., the higher a company’s
EV/B ratio and P/E ratio, the less likely it is to be
acquired.

«  EV/Bratio is the ratio of Enterprise Value to
Total Assets.

«  P/E ratio is the ratio of Market Capitalization to
Net Income.

3) Leverage factor: a company that borrows capital for
quicker expansion is less likely to be acquired as its
financial attractiveness for acquirers decreases.

«  Debt/Equity ratio is the ratio of the book value of
company Debt to Equity.

4) Liquidity factor: if a company has a greater amount
of liquid assets than capital assets, it is less likely to
be acquired, which was found significant at the 1%
significance level by Brar, Giamouridis and Liodakis
[12].
o Current ratio is the ratio of Current Assets to
Short-Term Liabilities.

5) Management inefficiency factor: if management
becomes more inefficient and underperforming, the
company’s chances of acquisition increase due to the
possibility of using managerial synergies to generate
extra value. This is the most widely used factors in
papers.

o ROE is the ratio of Net Income to Equity.

«  EBITDA margin is the ratio of Earnings before
interest, taxes, depreciation, and amortization to
Total Sales divided by Net Sales.

o« Sales growth is the ratio of a company’s Total
Sales in the current year to its Total Sales in the
preceding year.

6) Growth resource mismatch factor: if a company’s
direction of growth does not correspond to its
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resources, such a company is at risk to be targeted
and acquired in the future, i.e., if a company has a lot
of resources yet is growing slower than its resources
allow, or vice versa, then it might be acquired.

o Growth resource is taken as the dummy variable
with values 0 and 1. The Growth resource dummy
variable is equal to 1 if the observed value of
EV/B ratio and Sales growth is higher than the
average for these variables and the Current ratio
is less than its respective average value.

Information about expected signs, selection criteria and
data sources for the listed variables is presented in Appen-
dix 1.

We used two main samples of acquired and non-acquired
companies for setting up and testing the M&A prediction
model. Initially, public financial and non-financial data
about 23 404 acquired and 66 400 non-acquired compa-
nies registered in Germany, the United Kingdom, France,
Sweden, and Russia over the period 2000-2021 was collect-
ed from the Bloomberg Terminal and Thomson Reuters
Eikon, respectively. The countries were selected on the ba-
sis of their M&A activity, e.g., Russia had the highest M&A
activity in Eastern Europe at the time. The data was analyz-
ed for selection biases, and the UK control was introduced
into the model to avoid data skewness. Data selection was
then conducted by removing observations with missing

data from the sample and reducing the number of outlying
observations so as to increase the accuracy of the model
fitting process. Ultimately, 538 acquired and 972 non-ac-
quired observations were included in the sample.

The filtered data was divided into two subsamples on a
temporal basis: a training subsample (497 acquired and
800 non-acquired companies, 2000-2019) and a hold-out
subsample (41 acquired and 172 non-acquired companies,
2020-2021). The training subsample was used for model
fitting, and hold-out subsample for testing purposes. The
latter was needed to avoid any possible bias during the
predictive power test so as to obtain accurate valuation. It
is also used for testing the ability of the model to predict
M&A deals within unique economic environments such as
the COVID-19 pandemic, which is crucial for understand-
ing the usefulness of the model for potential users in real
circumstances.

In addition, the set of variables was tested for multicolline-
arity. Results show that there is a multicollinearity problem
present if both LNEV and LNTA variables are included.
Therefore, only one of these variables can be used for mod-
el fitting. The final decision whether to use LNEV or LNTA
should be based on the results of model fitting. The test
for variable multicollinearity was made in STATA using the
collin tool. Other tests such as heteroskedasticity, lineari-
ty, normality, autocorrelation, etc. are not required for the
logistic regression used in our study (Figure 1).

Figure 1. Multicollinearity tests for the entire set of variables and for the set of variables without LNEV or LNTA,

respectively
. :ul—.lin ROE DE PE EVB LNTA UKD GRD EBITDAM LNEV  collin ROE DE PE EVE UKD GRD EBLTDAM LNEV . collim ROE DE PE EVS LWTA UKD GRD EBITBAM
{obs=1,600) (obs=1,6¢0) (obs=1,600)
Collinearity Diagnostics
Collinearity Diagnostics Collinearity Diagnostics
SQRT R-
Variable VIF  VIF  Tolerance  Squared SQRT R- SQRT R-
Variable VIF VIF Tolerance Squared Variable VIF VIF Tolerance Squared
ROE 1.17  1.08  0.8560 0.1440
DE 1,05  1.03  0,9505 0.0495 ROE 1.17  1.08  8.8565 0.1435 ROE 1,17 1.08  0.8560 0.1440
PE 1.11  1.05  0.9036 0.0964 DE 1.02  1.01  8.9773 0.0227 DE 1.04 1,02 0.9548 0.0352
EVB 2,26 1.50  0.4428 9.5572 PE 1,09 1.04  8.9189 0.0811 PE 1.08  1.84  0.9243 0.0757
LNTA 13.55  3.68  0.0738 0.9262 EVB 1,22 1.11  8.8184 8.1816 EVB 1.17  1.e8  0.8528 0.1472
UKD 1.02 1.01 2.9768 9.0232 UKD 1.02 1.01 0.9776 0.0224 LNTA 1.10 1.85 0.9090 0.0910
GRD .01 101 4.9892 9.0108 GRD 1,01 1.00  8.9947 0.0053 UKD 1.2 1.01  0.9769 0.0231
EBITOAM .10 1.5 0908 0.8930 EBITDAM 116 1.05  0.9104 0.0896 GRD 1.1 1.00  ©.9920 0.0080
LNEV 14.60  3.82  0.0685 0.9315 LNEV 1,19 1,09 0.8433 0.1567 EBITDAM 1.09 1.4  0.9166 0.0834
Hean VIF 410 Mean VIF 1.18 Mean VIF 1.09

Source: Authors’ analysis.

Moreover, a class imbalance problem exists, as acquired
companies account for only 35.6% of the sample (38.3%
of the training and 18% of the hold-out subsamples).
It was mitigated by using SMOTE (Synthetic Minority
Over-sampling Technique) in Python, which increas-
es observations in a minority sample up to a majority
level via generically created observations without af-

fecting the sample characteristics. SMOTE was applied
on the subsamples separately to retain the effect of the
COVID-19 pandemic on M&A deals. As a result, the
quantity of acquired companies increased to 800 in the
training subsample and 172 in the hold-out subsample.
The distribution by country of the over-sampled subsam-
ples is presented in Figure 2.
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Figure 2. Distribution of over-sampled subsamples by country
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Source: Authors’ analysis.

Figure 2 demonstrates that there is a large share of compa-
nies registered in the United Kingdom, which may create a
bias toward UK observations. Therefore, the control binary
variable “UK” was included in the model to avoid bias.

Methodology Description (Model 1)

We used the logit regression model in this paper. The max-
imum likelihood estimation method was chosen for model
fitting, as it is more suitable for the logit regression and is
better at estimating binary outputs in comparison to other
classical methods.

The multivariable logit regression model is a modified
version of the classical logistic regression model used for
probability estimation:

a+fx

P(y) = , where

1+ e%+Px

y is a dependent variable,
a is an intercept,
B is the coefficient of the independent variable X.

1

—ﬂx(z,t)

Modified form: P(z,t) =
I+e

, where

(2, t) is a company acquired at time period ¢.

The logit model is enhanced with significant 2nd-order
categorical-continuous interaction terms. An interaction
does not require any additional data as it employs existing
variables that have already been used to capture additional

Table 1. Descriptive statistics of main variables

United Kingdom

150 200 250 300 350

229

France

Germany

Sweden

Russia 28

50 100 150 200 250

interaction effects. It increases model flexibility and adapt-
ability to new data without creating the threat of multicol-
linearity. The logit model with interactions has the follow-
ing general form:

log(y) =a+aqX +a, X, +..+a, X, +a, XX, +...
+an+anXn71 >

where

n is the number of main effects,

k is the number of interactions,

ay ... a, are the slope coeflicients,

X, ..., X are the main variables,

X 1Xz’ . XnXH are the interaction terms.

There are 10 main variables included in the constructed
model: LN (Enterprise Value), LN (Total Assets), Price-to-
Earnings ratio, EV-to-Book ratio, Debt-to-Equity, Current
ratio, Return on Equity, EBITDA margin, Sales growth and
Growth resource mismatch (the latter controls for over or
under-performing companies among the sample).

Additionally, ACis introduced as a binary dependent varia-
ble for model estimation with the value 0 for non-acquired
companies and 1 for acquired companies. Moreover, the
independent binary variable UK is introduced to control
for companies from the United Kingdom due to its major
share in the dataset (33%). All these variables are used for
the designing the model in Section 4. Descriptive statistics
of variables are shown in Table 1.

Variable Acquired Non-Acquired Acquired Non-Acquired
(mean) (mean) (st. dev.) (st. dev.)

LNEV 5.47 7.62 1.70 1.90

LNTA 5.52 7.50 1.63 2.05

P/E ratio 16.46 38.32 32.18 50.33

EV/B ratio 2.63 3.84 2.27 3.51

Debt/Equity 3542 48.74 26.19 41.88

Current ratio 1.83 1.79 1.56 1.34

ROE 7.93 15.08 27.17 16.13
9 Higher School of Economics
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Variable Acquired Non-Acquired Acquired Non-Acquired
(mean) (mean) (st. dev.) (st. dev.)

EBITDA margin 14.27 22.48 51.22 17.78

Sales growth 23.00 19.95 156.03 50.03

Growth resource 0.25 0.22 0.43 0.42

Source: Authors’ analysis.

Modelling Results (Model 1)

In this section, we design a logit interaction model and
train it on the training subsample to attain the goal of the
paper. All the variables and potentially significant inter-
action terms described above are included in the model.
A stepwise backward elimination procedure is applied to
eliminate insignificant main and interaction terms to im-
prove the model’s performance. As a result, four multivari-
able logit regression models with interactions are obtained.
Interaction Models 1 and 2 are used to see whether LNEV
or LNTA with the respective interactions performs better.
Interaction Models 3 and 4 are then built to maximize the
performance of the model. The regression analysis is made
in STATA; its results are aggregated in Table 2.

Interaction Models 1 and 2 show that the LNEV independ-
ent variable with its interactions makes the model perform

better for pseudo R2, AIC and BIC indicators, which gives
reason to prefer LNEV over LNTA for further model fit-
ting. Next, Interaction Model 3 omits the EVB variable with
its interactions, which are highly insignificant; it shows a
better BIC result with AIC being the same as well as a de-
crease in pseudo R2 due to a reduction in the quantity of
regressors. The final model is Interaction Model 4, which
is improved by omitting insignificant interactions, making
the main variables such as ROE and GRD significant and
decreasing the AIC and BIC scores to 1557 and 1612, re-
spectively. This is the best result in comparison with other
possible interaction models for this set of factors. Pseudo
R2 becomes slightly lower again due to a decrease in the
quantity of regressors yet can nevertheless be considered a
good fit. Indicators show that the model has good explan-
atory power.

Table 2. Representation of the logit interaction model selection procedure with results

Int. Model 1 Int. Model 2 Int. Model 3 Int. Model 4
All interactions w/ LNTA  All interactions w/ LNEV ~ -EVB & interactions -Insignificant interactions

CONST 3.824%%* 3.454%* 3.418%%* 3.515%%*
(0.35) (0.33) (0.33) (0.31)

ROE -0.006 -0.006 -0.007 -0.008%
(0.00) (0.00) (0.00) (0.00)

DE -0.005 -0.006* -0.005* -0.006*
(0.00) (0.00) (0.00) (0.00)

PE -0.016%** -0.015%** -0.016%** -0.019%**
(0.00) (0.00) (0.00) (0.00)

LNEV - -0.423*** -0.431+%* -0.432%%*

(0.04) (0.04) (0.04)

EVB -0.113%** -0.045 - -
(0.04) (0.04)

LNTA -0.437+* - - -
(0.04)

GRD 0.972 1.066 1.074 0.922%**
(0.71) (0.68) (0.68) (0.27)

UKD 3.521%* 3.788%** 3.790%** 3.497*4%*
(0.71) (0.69) (0.68) (0.65)
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Int. Model 1

Int. Model 2

Int. Model 3

Int. Model 4

All interactions w/ LNTA

All interactions w/ LNEV

-EVB & interactions

-Insignificant interactions

-0.601+** -0.572%** -0.588***
LNEV*UKD -
(0.10) (0.10) (0.10)

0.010* 0.008 0.011* 0.011**
PE*GRD

(0.00) (0.00) (0.00) (0.00)

-0.032%** -0.035%** -0.033%** -0.033%%*
DE*GRD

(0.01) (0.01) (0.01) (0.01)

0.013* 0.014** 0.013** 0.013**
DE*UKD

(0.01) (0.00) (0.00) (0.00)

-0.000 0.002 0.005
ROE*GRD -

(0.01) (0.01) (0.01)

-0.018** -0.013** -0.010
PEXUKD -

(0.01) (0.01) (0.01)

-0.015 -0.014 -0.009
ROEXUKD _

(0.01) (0.01) (0.01)

0.123* 0.136*
EVB*GRD - -

(0.06) (0.06)

0.010 0.100
EVB*UKD - _

(0.06) (0.06)

-0.505%**
LNTA*UKD - - -

(0.10)
Num of obs 1600 1600 1600 1600
Pseudo R2 0.3108 0.3139 0.3108 0.3081
AIC 1565 1558 1559 1557
BIC 1661 1655 1639 1612

%2 p<0.5; % - p<0.01; *** - p<0.001.

Source: Authors’ analysis.

Out-of-Sample Predictive Power Test

In this section, an additional predictive power test is con-
ducted on the hold-out subsample to see how Interaction
Model 4 performs for data outside the training sample. This
test is also important as the hold-out sample consists of deals
made during the COVID-19 period, which impacted the
global economy in a unique way. Therefore, it is also a test on
the adaptability and flexibility of Interaction Model 4.

The predictive power test is also known as the classification
test. It employs the following methodology. First, the ob-
servations from the hold-out sample are inserted into the
model with the coefficients obtained during model fitting
to calculate the model score and interpret it as the acquisi-
tion probability. Then, the probabilities are arranged in de-
scending order and normalized for acquired and non-ac-
quired companies separately to plot PDFs (Probability

11

Density Functions), whose intersection is taken as the cut-
off probability that is used as a benchmark to decide which
observations are predicted to be acquired or non-acquired.
Finally, the expected values are compared with real data
to calculate the predictive power as percentages for the
entire hold-out subsample and its restricted versions for a
detailed analysis.

Here, the PDFs are plotted for the predicted probabilities
of each subsample in the main sample (800 observations
for the acquired sample and 800 observations for the
non-acquired sample). The intersection is at 50.5%, which
represents the cut-off probability for the main sample.
Therefore, all the observations in the hold-out sample with
probabilities higher than 50.5% can be described as expect-
ed targets in the combined hold-out sample. The resulting
PDFs are presented below.
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Figure 3. PDFs of probabilities predicted by Interaction Model
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Source: Authors’ analysis.

Table 3. Representation of predictive power test results

General information
(Interaction Model 4)

Acquired Predictions

Non-Acquired Predictions

Ne  Sample Observations  Acquired Expected % Non- Expected % Predictive
Description Acquired power

1 Hold-out sample 344 172 112 6512 172 135 7849  71.80

, 2021 hold-out ., 98 46 4694 89 71 7978 62.57
sample

3 2020hold-out 74 66 89.19 83 64 7711 82.80
sample

5 UKhold-out 97 37 31 8378 60 48 80.00  81.44
sample

¢ Non-UKhold- ) 135 81 60.00 112 87 7768  68.02
out sample
Total 516 336 69.01 516 405 78.61  71.80

Source: Authors’ analysis.

The average predictive power for Interaction Model 4
across the combined sample and the four subsamples is
equal to 71.8% and 70.64%, respectively, with the average
percentage of correct acquisitions equal to 69.01%. The
predictive power is lowest in 2021 due to the additional
economic crisis caused by the prolonged COVID-19 pan-
demic, which influenced the strategies behind M&A deals.
Earlier papers suggest that the accuracy of results can be
improved by more precise cut-ofts for subsamples. Howev-
er, this is unnecessary in the case of an interaction model,
as interactions make it possible to adjust estimation scores
directly, rendering the results more accurate and the anal-
ysis easier to implement in practice. Therefore, Interaction
Model 4 has good predictive power for both subsamples
and can be used for abnormal returns analysis.

Model 2: Abnormal Portfolio
Returns

To answer the second research question, the variables used
in the model are tested for efficiency in generating abnor-
mal returns. We analyze the influence of variables included
in the final version of the prediction model on the abnor-

12

mal returns of shareholders of the acquired company to see
how the acquisition probability relates to abnormal returns
with respect to a chosen factor. Our goal is to see whether
acquired companies with the highest return and acquisi-
tion probability can be reliably identified. If the results of
the first analysis are successful, we will design a portfolio
that can be used for investment strategies and practical im-
plications analysis.

Data Description (Model 2)

The second analytical part of this paper focuses on the
analysis of abnormal returns using an event study based
on acquired companies before over-sampling with 538
observations. Additional information about stock returns
for 250 trading days before and 50 trading days after the
acquisition date are collected from open sources (Yahoo.
Finance, Google Finance, Investing.com and Euronext).
As aresult, 178 observations out of 538 are used for anal-
ysis. The reduction in observations can be explained by
the limited availability of data for older transactions, as
delisted companies have limited coverage: data availabil-
ity clearly depends on the announcement date, the del-
isting date and the number of years between the date of
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research and the acquisition announcement. This can be
seen from Figure 4, where the former figure shows the
distribution of observations with available data by year

and the latter figure depicts the percentage of observa-
tions that remain in comparison with the entire acquired
subsample.

Figure 4. Percent of observations with share price data in the acquired subsample
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70%
60%
50%
40%
30%
20%
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0% I

2000

1 3% 13%

2002 2004 2006 2008

Source: Authors’ analysis.

There is a shortage of available data before 2011 both in ab-
solute terms (19.4% of observations stem from 2000-2010)
and in percentage terms - the ratio of remaining data to
the entire sample is less than 21% for 2000-2010 acquisi-
tions. Moreover, data on expected returns is collected to
measure abnormal returns. The MSCI index by country
(MSCI United Kingdom, MSCI France, MSCI Germany,
MSCI Sweden and MSCI Russia) is used as a market re-
turns benchmark for each acquired company individually
based on its acquisition date. However, MSCI day-by-day
index data is available only after 2008, which is another
reason to restrict the observations by the year of acquisi-
tion. Therefore, there is good reason to exclude observa-
tions before 2011, leading to a total of 144 observations.

Moreover, 9 observations contain data only for the event
window from -20 to 20 trading days and 1 observation
from -10 to 10 trading days due to early delisting after ac-
quisition. The descriptive statistics for the remaining ob-
servations are presented in Appendix C. Thus, the results
are taken across two different groups with the maximum
event windows [-50, 50] and [-20, 20] containing 134 and
143 observations, respectively.

Methodology Description (Model 2)

To attain the goal of this section, we conduct an analysis
based on the event study concept, which we use to design
event windows that include the acquisition date (set at t=0)
and to derive their CAARs (Cumulative Average Abnor-
mal Returns). A period from -250 to -50 trading days is
used as the estimation window, while windows up to [-50,

13

I 13%

2010

88%
83%
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78%

2016

1%

2014

70% 69%

2018

94%
64%
52%

50] trading days are used as event windows. They are sepa-
rated to avoid the effects of pre-announcement returns on
the market model, which were found to be insignificant
two months prior to acquisition in previous empirical pa-
pers on this topic. While the estimation window length is
unbounded as no significant evidence has been found in
earlier papers, it is usually between 120 and 239 days.

ARs, AARs, CARs and CAARs

First, actual and expected returns are calculated to derive
abnormal returns. Actual returns are obtained using col-
lected data on trading day by trading day share prices by
dividing the return by the return for the previous trading
day. Expected returns are calculated using the singe-factor
market model in the form

48%
38%

2012

ER)=a,+b*R +e,where
a_is an intercept,

bi is beta,

e, is the company-specific shock,

R is the market return.

Market returns are collected as MSCI country-specific
day-by-day index. Intercept and beta values are derived for
each acquired company and estimated using intercept and
slope functions, respectively, in Excel based on actual and
market returns within an estimation window.

Second, day-by-day abnormal returns for each acquired
company are calculated using the actual and expected re-
turns:
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AR, =R, - E(R ), where
R, is the actual returns,
E(R,)is the expected returns.

ARs are further used for calculating the AARs (Average
Abnormal Returns) specifically for each trading day from
-250 to 50 as a sum of ARs that belong to the same trad-
ing day across all observations divided by the quantity of
observations. Moreover, AARs are defined for the entire,
UK-only and non-UK subsamples. Furthermore, CARs
(Cumulative Abnormal Returns) are calculated as the sum
of ARs for each observation. Finally, CAARs (Cumulative
Average Abnormal Returns) are calculated for each event
window as the sum of AARs for each specific group and
subsample.

t-tests for CAARs
Derived CAARSs are tested for significance using the rele-

vant t-test. To use it properly, the following hypotheses are
made:

HO: CAAR; =0
H1: CAAR; #0.
Then, the t-statistics can be calculated:
: CAAR, a CAAR, 3
stat - -
\/var(CAAR,-) \/var(z AARl.j
CAAR, N*CAAR,

\/var(Z:]\jRi) . \/var(z AR,.]

>

where N is the length of the event window.

Finally, the resulting t-statistics are compared with the crit-
ical values of t, which are equal to 1.65, 1.96 and 2.58 for
the 90%, 95% and 99% confidence levels, respectively. If
t . is higher than the critical value, then there is significant
statistical evidence to reject the null hypothesis.

Multivariable linear regression

CARs are used to fit a standard multivariable linear regres-
sion model to test the relationship between factors derived
for Interaction Model 4 in Section 4 and the CARs calcu-
lated in this Section. The MLR has the following form:

y=a,+a X +a X +..+a X +u, where

X. are the independent variables derived previously
yis CAR,

u, are unobserved factors [21].

Model Results (Model 2)
CAARs

In this section, event windows ranging from [-1, 1] to [-50,
50] trading days are analyzed to capture both run-up re-
turns before acquisition and returns generated by the ac-
quisition deal itself. Moreover, additional event windows
from [-50, -1] to [-5, -1] trading days are calculated to esti-
mate run-up returns, and event windows from [1, 5] to [1,
50] are used to predict post-acquisition returns separately.
The results are obtained for Group A (134 obs.) and Group
B (143 obs.), which have maximum event windows of [-50,
50] and [-20, 20] days, respectively (see Table 4).

Table 4. CAAR:s for different data groups and subsamples with t-statistics

Group A (134 obs.) All (134 obs.) UK (36 obs.) non-UK (98 obs.)
Windows Days CAAR,%  SD t-test  CAAR,%  SD t-test  CAAR, % SD t-test
S?()?R [-50 101 0.0025 282.07*** 0.0054 43.26*** 0.0026  353.25%**
SQ)?R [-20 41 0.0025 151.99%** 0.0054  71.92%** 0.0026  164.51*%**
Sﬁ)?R [-10 21 0.0025 70.38%** 0.0054  40.17*** 0.0026 72.52%4*
CAAR [-5+45] 11 0.0025  33.95%** 0.0054 19.38%** 0.0026 34.98***
CAAR [-1+1] 3 0.0025  9.32%** 0.0054  5.51*** 0.0026 9.50***
CAAR [-5-1] 5 0.0025 0.44 0.0054 1.07 0.0026 0.01
CAAR [-10-1] 10 0.0025  3.85%** 0.0054  4.27%** 0.0026 2.874*%
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Group A (134 obs.) All (134 obs.) UK (36 obs.) non-UK (98 obs.)
CAAR [-20-1] 20 0.0025  13.33*** 0.0054  5.56*** 0.0026 14.83%**
CAAR[-50-1] 50 0.0025  22.71*%** 0.0054  2.83*** 0.0026  28.79%**
CAAR [+1+5] 5 0.0025  3.91*** -1.26 0.0054 -0.86 0.0026 5.674**
Sﬁ)?R [+1 10 0.0025  7.48%** -1.72 0.0054  -2.33** 0.0026  11.22%**
SEA:)?R [+1 20 0.0025 16.45*** -1.79 0.0054  -4.86%** 0.0026  24.52%**
S;S:)?R [+1 50 0.0025  6.02*** -9.92 0.0054 -67.38*** 0.0026  43.85%**
Group B (143 obs.) All (143 obs.) UK (42 obs.) non-UK (101 obs.)
Windows Days CAAR,%  SD t-test  CAAR,%  SD t-test  CAAR, % SD t-test
Sﬁ()?R [-20 41 0.0025 159.16%** 0.0054  87.48*** 0.0026  167.19%**
Sﬁ)?R [-10 21 0.0025  73.56*** 0.0054  46.55%** 0.0026  73.59%*¢*
CAAR [-5+45] 11 0.0025  34.98*** 0.0054  21.00%** 0.0026  35.68%**
CAAR [-1+1] 3 0.0025  9.54*** 0.0054  5.95%** 0.0026 9.60***
CAAR[-5-1] 5 0.0025 0.55 0.0054 0.84 0.0026 0.25
CAAR[-10-1] 10 0.0025  4.61*** 0.0054  5.22%** 0.0026 3.220%%
CAAR[-20-1] 20 0.0025  38.57*** 0.0054  22.28%** 0.0026  39.87%**
CAAR [+1+5] 5 0.0025  3.64%** -1.13 0.0054 -0.77 0.0026 5.49%**
Sﬁ)?R [+1 10 0.0025  6.99*** -1.47 0.0054  -1.99** 0.0026 10.85%**
SQ)?R [+1 20 0.0025 15.36*** -1.51 0.0054  -4.11%%* 0.0026  23.68%**

Source: Authors’ analysis.

It is evident that all the main CAARs (which are symmet-
ric around the acquisition date) have highly positive and
highly significant (at more than 99%) cumulative returns
from approx. 15% to 21%, depending on the group and the
subsample used for their estimation. This is consistent with
the empirical results and theoretical background provided
by previous papers in the field.

On the other hand, event windows from [-10, -1] to [-50,
1] show that run-up returns are significant at less than 4%,
while run-up returns for the [-5, -1] window are insignifi-
cant across all groups and subsamples, which is 4-5 times
lower than the main CAARs result. Thus, it can be con-

sidered as low, and the average level of trading based on
private information is low, too. Moreover, event windows
from [1, 5] to [1, 50] show that post-acquisition returns
generally range from 3% to 4% for all countries. However,
such returns are dramatically different between UK and
non-UK observations: (-1%, -2%) with [1, 5] returns being
insignificant for the UK subsample, and (4%, 6%) for the
non-UK subsample. As the obtained results are easier to
understand in graphical form, we drew a series of graphs
for the [-50, 50] and [-20, 20] event windows for each sub-
sample. The graphs show AARs and CAARs for each day of
the event window (Figures 5 and 6).
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Figure 5. AARs and CAAR:s for the event window [-50, 50] of Group A

Group A. Window: [-50. 50]
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Figure 6. AARs and CAARs for the event window [-20, 20] of Group B
Group B. Window: [-20. 20]
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There is a definite peak for AARs (blue lines) at the acqui-
sition date that decreases over the next 2 days, which pos-
itively affects CAARs (orange lines) that rise significant-
ly until +2 trading days after the acquisition. Moreover,
acquisitions in the UK tend to have a bigger impact than
average on the acquisition returns followed by a gradual
decrease after +20 trading days after the acquisition, while
other acquisitions stay at a constant level. Run-up returns
start to form between -20 and -10 days yet stay low in com-
parison with the abnormal returns on the day of acquisi-
tion as mentioned previously. To understand the depend-
ence of CAARs on the country, we drew another graph that
shows the distribution of CAARs by country using Group
B data and includes all observations except for the [-20, 20]

16
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event window, which can be considered as the most repre-
sentative for this dataset.

There are not enough observations on Russian companies
to be able to interpret the results of CAAR and AAR esti-
mation. Among the other countries, Sweden has the big-
gest CAAR for the entire estimation window, while Ger-
many has the lowest result of the four countries. However,
Sweden is the only country with distinctively high run-
up returns, while other countries have returns below 5%,
which may be a signal that the selected companies from
Sweden show that insider trading or strong rumors have
an influence on the market on average. In addition, Sweden
has the highest returns on the acquisition date.
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Figure 7. AARs and CAARSs for the event window [-20, 20] of Group B
Group B. Window: [-20. 20]. AARs
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CARs and Variables

In this section, we test the influence of variables on CARs
using OLS regression model estimation in STATA. Two
new dependent variables (CAR50 and CAR20) are intro-
duced to provide data about CARs for a particular obser-
vation. The independent variables and model structure are
taken from Section 4. The results of model fitting are sum-
marized in Table 5 below.

Germany CAAR

- /\’
2 4 6 8 10 12 14 16 18 20

Sweden CAAR

Russia CAAR

To test the CARs for the event windows [-50, 50] and [-20,
20] trading days from the acquisition, three different ver-
sions of the model are used. The first is Interaction Mod-
el 4, and the second is an adjusted Interaction Model 4
called Interaction Model 5. The IM5 takes advantage of
interaction terms by altering them so as to increase the
efficiency of Interaction Model 4 without changing the
main variables.

Table 5. CAARs for different data groups and subsamples with t-statistics

CAR50(IM4) CAR50(IM5) CAR20(IM4) CAR20(IM5)
Group A. I.Model 4 Group A. I.Model 5 Group B.I.Model4  Group A. I.Model 5
k% *h% *o% *%%

CONST 0.479 0.422 0.399 0.389
(0.16) (0.15) (0.12) (0.11)
_ ok _ % _ * _ ok

ROE 0.003 0.003 0.002 0.002
(0.00) (0.00) (0.00) (0.00)

DE 0.001 0.002 0.002 0.002*
(0.00) (0.00) (0.00) (0.00)

PE -0.000 0.002** 0.001 0.002**
(0.00) (0.00) (0.00) (0.00)
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CAR50(IM4)

Group A. I.Model 4

CAR50(IM5)
Group A. I.Model 5

CAR20(IM4)
Group B. I.Model 4

CAR20(IM5)
Group A. I.Model 5

LNEV -0.049** -0.054** -0.046%+* -0.049%%*
(0.02) (0.02) (0.02) (0.02)
GRD -0.186 -0.026 -0.046 -0.016
(0.14) (0.08) (0.10) (0.06)
UKD -0.725%%* -0.664%%+ -0.442%* -0.443**
(0.25) (0.25) (0.19) (0.18)
LNEV-UKD 0.075* 0.079* 0.067** 0.063**
(0.04) (0.04) (0.03) (0.04)
PE*GRD 0.005%** ] 0.003** ]
(0.00) (0.00)
DE*GRD 0.001 ] 0.000 ]
(0.00) (0.00)
DE‘UKD 0.004 ] 0.001 ]
(0.00) (0.00)
PEYUKD 0.005* ) 0.003
(0.00) (0.00)
Num of obs 134 134 143 143
p-value 0.00 0.00 0.00 0.00
AIC 137 141 69 69
BIC 169 167 102 9

* - p<0.1;** - p<0.05; *** - p<0.01

Source: Authors’ analysis.

ROE and LNEYV are significant across all models and event windows. Interaction Model 4 has a low number of significant
variables. In this case, the replacement of interaction terms gives a positive result in terms of the significance of the main

variables. ROE becomes highly significant (higher by one “star” as shown in Table 6), PE becomes significant by more than
5% after being completely insignificant, while the significance of the other main variables does not decrease.

Table 6. Correlation of significant factors and acquisition probabilities with CARs

Pearson’s r

Group A (134 obs.) Group B (143 obs.)

Two-tail a 0.1 0.05 0.01 0.1 0.05 0.01
Crit. values 0.1466 0.1743 0.2278 0.1339 0.1592 0.2083
Indication * ot ok * ot okt

Probability CAR50 CAR20
Probability 1 0.0321 -0.0101 0.0422 0.0293 0.0357 0.0491
ROE -0.3543* -0.24110¢* -0.1525% -0.1466* -0.1112 -0.1130 -0.1148
PE -0.427270¢* 0.1922** 0.2903*** 0.0760 0.0906 0.0777 0.0715
LNEV -0.8204* -0.1530% -0.1635%* -0.1294 -0.1204 -0.1210 -0.1177
UKD 0.3354*** -0.1520% -0.0710 -0.0241 -0.0407 -0.0121 -0.0278
DE -0.34770¢* 0.1029 0.1191 0.0928 0.0673 0.0552 0.0267

Source: Authors’ analysis.

18 Higher School of Economics



Journal of Corporate Finance Research / New Research

Vol. 17 [ Ne 2 1 2023

Therefore, ROE, PE, LNEV and UKD can be considered as
significant factors in terms of their influence on CARs, with
DE being significant for shorter event windows. Moreover,
the prediction probability for each observation obtained
from Interaction Model 4 can be used to see how it cor-
relates with CARs. CARs for shorter periods are collected
to show the consistency of results and the overall direction
of influence of significant factors. The correlation analysis
is performed using the corr command in STATA. Stars are
used to show the significance level, which is derived by com-
paring the correlation values with Pearson’s r critical values.
The results of correlation analysis are shown in Table 6.

It is evident that only a few correlation coefficients are
significant. However, the significance of correlation coef-
ficients strongly depends on the quantity of observations
in the sample, which may make significance analysis less
effective and representative in this case, as the number of
observations is not too high.

There are no grounds or need to make any statements about
either the true significance level or the values of correla-
tion coeflicients in this paper, which can be a subject for
future research. However, there is a clear correlation trend
between Probability, significant factors, and CARs across
all event windows, which indicates that, even if the true
values of correlation coefficients are different, they should
not have the opposite sign from the obtained correlation
coeflicients. Therefore, conclusions about the direction of
influence can still be made.

ROE and LNEV are negatively correlated with both Prob-
ability and CARs, while PE and DE are positively correlat-
ed and UKD is negatively correlated with CARs and have
opposite signs from the correlation coefficients for Prob-
ability. Moreover, the UKD variable is excluded from this
analysis, even if it is significant, as it is a country-specific
dummy variable that influences CARs differences due to

its nature to distinct UK and non-UK companies, while
an effect of operating ratios may be hindered and results
distorted due to a region-specific focus. Probability of ac-
quisition is positively correlated with CARs for all event
windows except for [-20, 20].

Overall, the influence of CARs on Probability can be con-
sidered as being positive. Therefore, it is better to maxi-
mize the predictive probabilities of observations and the
overall predictive power of acquired companies to attain
the goal of maximizing returns. These results confirm the
hypothesis that, on the whole, markets are currently unable
to accurately assess the probability of a company being ac-
quired in the future, which would make it possible to earn
significant abnormal returns.

Portfolio Returns

To build a portfolio with positive returns based on yearly re-
turns data, we need to analyze average returns for acquired
and non-acquired companies. Average returns are 34.65%
for acquired companies and only 18.09% for non-acquired
companies. Annual returns are 39% and 22.04% for 2021
and 28.62% and 13.94% for 2020 (for acquired and non-ac-
quired companies, respectively). Thus, returns for acquired
companies are about 2 times higher. The MSCI index value
is 26.6% for 2021 and -3.1% for 2020, which means that the
average market-adjusted returns of acquired companies
are higher than 0 on average.

For further analysis, we divide the hold-out sample by 2
subsamples on a year-by-year basis. After that, subsamples
are sorted in the order of descending probability. The 2021
subsample contains 24 acquired and 88 non-acquired com-
panies, while the 2020 subsample contains 17 acquired and
84 non-acquired companies. We then create decile portfo-
lios based on probabilities. The results of our analysis are
summarized in Table 7 and Figure 8 below.

Table 7. Decile portfolios for a 2-year horizon hold-out sample

Deciles, 2020 subsample 2021 subsample

% #obs. #Acq. #n-Acq. Ret. % Adj. Ret. %  # obs. #Acq. #n-Acq. Ret.% Adj. Ret. %
100-90 |3 3 0 2 2 0

89-80 6 3 3 6 4 2

79-70 4 2 2 10 3 7

69-60 11 3 8 5 2 3

59-50 9 3 6 7 1 6

49-40 15 2 13 15 2 13

39-30 6 0 6 18 3 15

29-20 19 0 19 15 3 12 -13.33
19-10 10 1 9 15 0 15 -18.17
9-0 18 0 0 -2.00 19 4 15 -5.40

Source: Authors’ analysis.
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Figure 8. Market-adjusted returns by probability deciles
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Source: Authors’ analysis.

The distribution of acquired observations among de-
ciles is consistent with the results of predictive power
analysis with 82% of acquired observations ranked in
the 5th decile or higher in 2020 and 50% in 2021: the
model is indeed expected to show significantly higher
predictive power for acquired companies in 2020. On
the other hand, 71.2% of non-acquired observations
are ranked in the 6th decile or lower in 2020 and 79.5%
in 2021: the model is indeed expected to show slightly
higher predictive power for non-acquired companies in
2021.

Opverall, the hold-out sample shows that there is a lot of
potential for portfolio setup and investment strategy de-
sign, as there is a positive correlation between acquisition

e JlnHeinas (2021)

probabilities and stock returns, while abnormal returns are
present for specific acquisition periods.

However, the hold-out sample produces only a 2-year ho-
rizon, which is somewhat too short to identify the actual
trend over time. Therefore, an additional 5 years (2015-
2019) are incorporated into the analysis. As a result, 423
new observations with 95 acquired and 328 non-acquired
companies are added, increasing the total quantity of ob-
servations in the overall sample and the acquired/non-ac-
quired subsamples by 3 times and the projection horizon
to 7 years. For new observations, the same procedure of
decile rankings is used. The resulting market-adjusted re-
turns and quantitative observations for each decile are pre-
sented in Table 8 below.

Table 8. Decile portfolios for a 7-year horizon mixed sample

Deciles, 2019 2018 2017 2016 2015

% #obs. Adj.Ret.% #obs. Adj.Ret.% #obs. Adj.Ret.% # obs. Adj. Ret.% #obs. Adj.Ret.%
100-90 2 1 4 5 3

89-80 5 3 10 1 4

79-70 7 -7.77 8 3 5 3

69-60 12 3 7 2 10

59-50 10 -7.11 3 13 8 9 -14.07
49-40 8 -27.91 6 10 -0.80 6 8

39-30 12 7 14 2 8 -1.92
29-20 6 -30.91 14 -3.04 8 -7.74 12 7

19-10 13 -19.36 15 -2.18 10 20 11 -3.87
9-0 11 -20.66 19 -2.17 15 -8.05 28 12 -16.60

Source: Authors’ analysis.

The 7-year horizon analysis shows that the results obtained
for the hold-out sample are consistent with longer hori-
zons. Abnormal returns over 15% are generally generat-
ed between the 1st and 4th deciles, and negative returns
between the 7th and 10th deciles, which allows for both
long and short-term investment strategies. To find average

20

results, decile-by-decile AARs are calculated. Moreover,
annual CARs are obtained together with CAARs to see
how cumulative returns are changing every additional year
under a given strategy. AARs and CARs are calculated as
the weighted average of ARs. CAARs are based on CARs
instead of AARs to make the analysis more accurate. AARs
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are calculated first to decide on probable strategies; they
are shown in Figure 9 below.

The distribution of the average number of observations by
decile is skewed to a low probability due to the majority of
non-acquired observations. AARs confirm that deciles 1 to
4 are the most profitable, while deciles 8 to 10 have negative

Figure 9. Average number of observations & AARs
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Figure 10. CARs, Cumulative CARs & CAARs
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All the results are highly positive, which is consistent with
the results for a hold-out sample with a 2-year horizon. The
long-short strategy is less volatile from year to year due to the
hedging “tail” that makes it possible to compensate for some
losses with a short position if the market falls significantly
yet may greatly reduce returns. For the 7-year horizon, it is
more profitable to use a long strategy for the 1st decile only,
which is an expected result as other long strategies with
lower deciles only reduce abnormal returns while requiring
greater initial investments as the quantity of observations
increases between deciles 1 and 10. On the other hand, the
long-short strategy is more consistent as the short part of
this strategy is used as the hedging part for reducing the vol-
atility of the MSCI index, which non-linearly decreases to
-10.4% and grows to 26.8% over the 7-year horizon. There-
fore, both types of strategies are profitable enough to be used
yet serve very different purposes for investors, with the long
(Lst decile only) strategy being the most profitable and the
long-short strategy with the 3 lowest deciles included being
the least volatile and most hedged one.

The figures show that the model has good technical predic-
tive power that can be easily interpreted and that there are
more complex dependences in terms of abnormal returns
as most of non-acquired companies with more than 70%
acquisition probability generate highly positive abnormal
returns. While the model does not have the highest pre-
dictive power among all the models found in literature, it
is excellent at identifying abnormal returns. To understand
which drivers are related to abnormal returns, we need to
look at the dependence of abnormal returns on the acqui-
sition probability for each acquired and non-acquired sub-
sample. This is easier to visualize on graphs, which are ob-
tained using a two-way scatter plot in STATA (Figure 11).

The graphs show no real signs of heteroscedasticity. How-
ever, abnormal returns for the non-acquired subsample
with a 7-year horizon start from -10% at 0% acquisition
probability and rise linearly to about 40% at 100% proba-
bility. The volatility of abnormal returns at low predictive
probabilities can be due to a specific year or industry or oth-
er operational facts that influence share prices, while high
probability results are more interesting in the sense that
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caar(,10) I

CAAR(1-2,9-10]) -

there are 69 observations higher than 60% probability with
41 having over 15% abnormal returns, which is around 8%
of all non-acquired observations. These observations have
significantly affected this analysis by increasing abnormal
returns for higher probabilities and decreasing predictive
power estimation results for acquired companies, which
may explain the 10 p.p. difference between the predictive
power of acquired and non-acquired companies.

Figure 11. Scatter plots of abnormal returns and
probabilities by year
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Still, this is unlikely to be an issue, as there exist several
possible explanations for this phenomenon. First, rumors
may well have circulated about the future acquisition of
some of these firms, but an M&A deal fell through or there
were no deal negotiations, generating price volatility of a
targeted firm’s stock and likely caused high run-up returns
without any M&A deal further. One possible way to start
such rumors is to get into the “Heard on the Street” column
of The Wall Street Journal [22]. Secondly, data for 2021 may
not be complete, as some M&A deals (12 observations in
this analysis) might have been completed in 2022, which
is out of the sample range but may have all properties to
be labeled as “targeted” by the model Thirdly, a company
might suffer similar effects to an M&A deal or experience
another type of M&A that would omit it from the acquired
sample of this study. Therefore, such observations may well
be present in a variety of potential samples. However, they
are not expected to have a significant adverse impact on
abnormal returns estimation if the model is selected ac-
curately.

Overall Results and Implications

Investment Strategies

Short position portfolio: the short position strategy is
based on the investor’s perception that stock prices will
drop in the future, which leads him or her to create an ar-
bitrage by borrowing stocks from a broker, selling them on
the open market, waiting for the price to drop, buying the
stocks back and returning them to a broker. This strategy
can be applied to M&A predictions by looking for compa-
nies with the lowest probability of acquisitions. The results
of abnormal returns analysis suggest that companies with
probabilities from 0% to 29% are expected to generate neg-
ative abnormal returns on average. However, the annual
results of companies with probabilities between 10% and
29% are highly inconsistent, mostly depending on over-
all market performance and ranging between -10.4% and
26.8%. However, investing even in the lowest decile com-
panies is expected to generate fairly low returns. Therefore,
it is not worth using short strategies on their own for the
M&A prediction model, as there is too much risk for low
abnormal returns.

Long position portfolio: the long position strategy is a
common and popular strategy for all types of investing.
Unlike the short one, it is based on the investor’s belief that
stock prices will rise over time, creating returns. Results
suggest that a portfolio of companies with at least 60%
acquisition can give quite high returns — from 29.22% to
40.39% a year on average depending on the chosen set of
deciles. Empirical analysis suggests that the best strategy
is to take only the 1st decile in consideration, as this max-
imizes abnormal returns without affecting volatility, which
is consistent with the results obtained in earlier papers.

Mixed (long-short) portfolio: the long-short portfolio is
a mix of a long and short positions, where long positions
are usually abnormal return drivers, while short positions
play more of a hedging role to minimize or offset market
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volatility, which tends to be high over a 7-year horizon.
Results suggest that there is a significant reduction in ab-
normal return volatility over a 7-year horizon for the same
set of deciles used in long portfolio analysis yet with the
addition of a short component from the 8th to the 10th de-
ciles, meaning that short positions can indeed be used for
hedging for a set of companies without such high abnor-
mal returns. CAARs are not really affected by the length
of the decile window for the short component, while the
year-by-year volatility is minimized by the addition of all
suitable deciles.

Other investment strategies focus on changing the port-
folio length yet not the core of the strategy. For example,
decile portfolios are chosen on the basis of acquisition
probability percentages in our study. At the same time, the
most popular and widely used approach in the literature is
to base such divisions on the quantity of observations in
each portfolio. Alternative approaches are to use quartiles
or quintiles instead of deciles or to make decisions on the
basis of cut-off probabilities.

However, all these approaches only tend to increase the
length of the portfolio, which usually affects abnormal re-
turns negatively, as the inclusion of companies with lower
returns dilutes average abnormal returns. A case in point is
changing the quantity of deciles included in the portfolio
returns estimation analysis in Section 6.5. Moreover, the
number of companies to invest in will also grow, making it
more difficult for a private investor to invest into the entire
portfolio. This limits the applicability of these investment
strategies, while the method used in our analysis makes
the portfolio shorter with the potential of being extended,
if needed, making the selection of portfolio length more
flexible.

On the whole, the long and long-short strategies with a de-
cile portfolio based on predictive probabilities turn out to
be the most efficient in generating abnormal returns. The
long investment strategy in companies with an acquisition
probability higher than 90% can be considered as the most
cost-efficient and abnormal return generating strategy, as
empirical results suggest that only 5% of the sample can
generate around 50% of the annual abnormal returns.
However, one must search for companies to invest in each
year (or custom period) anew, as no additional abnormal
returns are expected to be generated after a few days fol-
lowing the announcement of an M&A deal. This strategy
can be successfully used both by institutional investors
(e.g., hedge or mutual funds) due to its consistency and po-
tential ability to generate abnormal returns in a fairly short
horizon and by private investors regardless of their budget
and trading experience due to its cost-efficiency, availabili-
ty of relevant data, and clarity.

On the other hand, the long-short strategy needs a lot
more initial investments, which may limit its popularity
among private investors and generate much lower abnor-
mal returns. However, it can still be used by institutional
investors thanks to its reduced volatility, making its abnor-
mal return rate almost risk-free yet nevertheless quite high,
which might be useful for hedging an existing portfolio.
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Other Implications

Institutional investors can use acquisition predictions indi-
rectly to manage the risks of existing short portfolios that
can produce negative returns due to sudden M&A deals.
Acquisition predictions may help one to avoid such deals
or reduce losses from them. Moreover, the valuation anal-
ysis of targets for such a short portfolio may benefit from
takeover predictions, making investment strategies more
efficient.

Company managers may be interested in conducting ac-
quisition analysis to see whether their company may be
targeted and to adjust strategic and financial planning if the
probability of acquisition is high. Moreover, such analysis
can be used by company managers to monitor and assess
competitors’ strategies on the market. Consulting, advisory
and investment banking companies can use it for making
analytical reports for existing clients as well as for finding
new clients by offering them the corresponding services.

Opverall, the variety of indirect applications of our analysis
can help to make M&A and financial markets more open
and transparent. This may have a bigger structural impact
on the global M&A market than the application of direct
investment strategies, as the development of our analysis
and its integration into common business processes may
naturally make the M&A field more open and flexible and
increase the market efficiency of M&A expectations. As a
result, it would become much harder to attain the goal of
outperforming natural market predictions to earn abnor-
mal returns, making the prediction model less profitable
to use.

Conclusion

In our paper, we developed a methodology for M&A pre-
dictions and an M&A prediction model based on the mul-
tivariable logit model with interactions. The model’s high
explanatory and predictive power and excellent flexibility
makes it suitable for abnormal returns analysis based on
event study. We showed that interactions between fac-
tors of influence on the designed M&A prediction model
can generate a good level of abnormal returns, with Re-
turn-on-Equity, LN (Enterprise Value), Price-to-Earnings
and Debt-to-Equity having a significant influence on the
direction of abnormal returns. We then developed an effi-
cient approach to designing a portfolio of predicted M&A
targets and constructed such a portfolio.

Abnormal portfolio returns turned out to be highly posi-
tive for observations with a high probability of acquisition
and slightly negative for observations with a low probabil-
ity of acquisition. Such a distribution of returns makes it
possible to apply several investment strategies that make
the prediction of M&A deals applicable and useful for a
wide range of potential users.

We showed that both long and short investment strategies
can be used - either as a risky yet profitable investment
strategy or a hedging instrument that can generate positive
returns with very low volatility. Moreover, the efficiency
of the M&A prediction model enhanced with acquisitions
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allow it to be used by consultants and managers of compa-
nies and hedge funds to attain a variety of goals.

The novelty of this paper is its discovery of new ways to
increase the efficiency of the M&A prediction model by in-
cluding basic factors that can describe any company from
different perspectives and by adding interactions to make
it more flexible and adaptable to different economic envi-
ronments. This makes the model more attractive for dif-
ferent users without making the estimation process more
dependent on data availability and different economic
circumstances. Moreover, we present an improved way of
using effectively predicted acquisitions to earn highly pos-
itive abnormal returns by outlining an efficient portfolio
construction method based on predicted probabilities to
serve either profit generating or hedging goals.
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Appendix 1: Takeover probability explanatory variables

Table 9. Takeover probability explanatory variables. Source: [9], [11], [12] and the author’s analysis

Variable Code Sign  Selection Criteria Data Source
Enterprise Value EV - >= $10 million Bloomber.g terminal & Thomson
Reuters Eikon
Total Assets TA i No Bloomber.g terminal & Thomson
Reuters Eikon
P/E ratio PE : Between -200 and 500 Bloomberg terminal & Thomson
Reuters Eikon
EV/B ratio EVB - Between 0 and 20 Bloomberg terminal & Thomson
Reuters Eikon
. Bloomberg terminal & Thomson
- 9
Debt/Equity DE + <=100% Reuters Eikon
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Variable Code Sign  Selection Criteria Data Source

Current ratio CUR i <=20 Bloomber.g terminal & Thomson
Reuters Eikon

ROE ROE - Between -500 and 1000 Bloomber.g terminal & Thomson
Reuters Eikon

EBITDA-margin  EBITDAM - Between -1500 and 500 Bloomberg terminal & Thomson
Reuters Eikon

Sales growth SGR - Between -80 and 5000 Bloomber.g terminal & Thomson
Reuters Eikon

Growth resource GRD N No Bloomberg terminal & Thomson

Reuters Eikon
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