
Predicting mergers and acquisitions

using machine learning

by

Gordon Beckenstrater

Supervised by

Prof Patrick Marais

A Thesis submitted for the degree of

MSc by dissertation

in the

Department of Computer Science

University of Cape Town

August 2023

Univ
ers

ity
 of

 C
ap

e T
ow

n

Faculty Web Site URL Here (include http://)
Department or School Web Site URL Here (include http://)


The copyright of this thesis vests in the author. No 
quotation from it or information derived from it is to be 
published without full acknowledgement of the source. 
The thesis is to be used for private study or non-
commercial research purposes only. 

Published by the University of Cape Town (UCT) in terms 
of the non-exclusive license granted to UCT by the author. 

Univ
ers

ity
 of

 C
ap

e T
ow

n



Declaration of Authorship

I, Gordon Beckenstrater, declare that this work presented is my own. I confirm that:

■ This work was done wholly or mainly while in candidature for a research degree
at this University.

■ Where any part of this thesis has previously been submitted for a degree or any
other qualification at this University or any other institution, this has been clearly
stated.

■ Where I have consulted the published work of others, this is always clearly at-
tributed.

■ Where I have quoted from the work of others, the source is always given. With
the exception of such quotations, this thesis is entirely my own work.

■ I have acknowledged all main sources of help.

■ Where the thesis is based on work done by myself jointly with others, I have made
clear exactly what was done by others and what I have contributed myself.

Signed:

Date:

i

21/08/2023



Abstract

Mergers and acquisitions (M&As) play a crucial role in the expansion of companies.
During a typical M&A deal, the target company is offered a significant premium over
their current share price by the acquirer. This results in a material increase in the target
company’s share price on the announcement of acquisition. Therefore, accurately fore-
casting M&As, despite the challenge due to their rarity, presents a lucrative opportunity
for investors. Traditional statistical forecasting techniques, reliant on fundamental and
technical metrics along with a few macroeconomic indicators, often struggle to pick up
underlying relationships between features and targets.

This study investigates the effectiveness of advanced machine learning techniques, which
have found large success in stock price and fraud prediction, in predicting M&As. lo-
gistic regression, a popular statistical technique in M&A literature, serves as a baseline.
The performance of algorithms such as random forest, LightGBM, long short-term mem-
ory networks (LSTM) and the TabTransformer are evaluated against the baseline. A
secondary objective is the development of a robust ensemble model for potential use in
an investment portfolio.

The algorithms were trained on a comprehensive historical dataset with diverse financial
indicators. Given the considerable amount of missing values in the dataset, imputation
was applied to allow all algorithms to function properly. Feature selection was conducted
to remove redundant features, mitigating their impact on validation performance of the
models. Data imbalance was addressed with data sampling techniques which proved
substantial in improving validation performance.

The findings are that all the advanced algorithms surpassed the performance of logistic
regression in M&A prediction, signalling a shift from traditional statistical methods to
advanced machine learning techniques. LightGBM and the Ensemble model displayed
the best performance in M&A prediction. These results also show that an investment
portfolio, constructed based on the most confident predictions of the Ensemble model,
forms the basis for a profitable investment strategy.
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Chapter 1

Introduction

Mergers and acquisitions (M&A) provide an opportunity for companies to strengthen

their market position and enhance collaboration. As there are many strategic factors

that influence the decision to engage in a merger or acquisition, accurately forecasting

these events presents a significant research challenge. The reason that this is such a

difficult problem is mostly attributed to the highly imbalanced nature of the data, where

M&A events make up only 0.5% of total observations [12]. Highly imbalanced data tends

to skew model predictions to the majority class, thus compromising the capability to

predict the minority class (M&A events). This thesis aims to leverage the power of

advanced machine learning techniques to predict M&A events.

Historically, traditional approaches have primarily relied on analysis of corporate fun-

damentals, financial ratios and macroeconomic indicators in conjunction with basic sta-

tistical models such as logistic regression and discriminant analysis. These models are

simplistic in nature and often focus on a limited set of features, due to a lack of computa-

tional power and large datasets. In recent years, a small number of studies have applied

machine learning algorithms to the problem. Many of these studies still fall short of

using state-of-the-art algorithms with large high-dimensional datasets, representing an

opportunity for advancement in the field.

Modern machine learning algorithms are particularly suited to dealing with large high-

dimensional datasets and learning complex underlying patterns in the data. These

algorithms when integrated with data sampling techniques, can effectively deal with

data imbalance. This opens the potential of improving accuracy and robustness in

M&A predictions.

The array of algorithms utilised in this study are diverse, integrating an established al-

gorithm in the domain of M&A, logistic regression, and sparsely explored algorithms in

1



Introduction 2

M&A literature, such as random forest, LightGBM, long short-term memory networks

(LSTMs) and TabTransformer. Logistic regression establishes a traditional baseline to

contrast and analyse increasingly advanced machine learning algorithms. Random forest

and LightGBM are robust against overfitting and are built to handle high-dimensional

datasets. LSTMs capture temporal dependencies which are potentially relevant in the

dynamics of M&A. Finally, the TabTransformer is an innovative model based on trans-

former architecture, known as one of the most sophisticated methodologies in machine

learning. It is important to note that in this thesis, the focus is not on the development

of novel machine learning algorithms, rather, it emphasises the application of established

and robust machine learning techniques to improve predictive modelling of mergers and

acquisitions.

This study embraces a ‘big data’ approach, using a high dimensional dataset with a

significant number of samples. This differs from most traditional literature which is

limited by smaller datasets both in terms of number of samples and number of features.

The premise behind this approach is that having more data gives the algorithms a greater

potential for accurately predicting M&As. This selection of algorithms and the use of

an expansive dataset aims to fill the gap in the existing literature, which leans to more

simplistic models and limited datasets for prediction.

1.1 Aims

The primary aim of this work is to conduct a detailed evaluation of optimised machine

learning algorithms. Logistic regression serves as the benchmark due to its presence

as the most frequently investigated model in the M&A space. The final evaluation on

a holdout set requires rigorous validation on each individual algorithm to get the best

possible model for each algorithm. This investigation will ultimately show the ability of

these algorithms to anticipate M&A events in large imbalanced datasets.

A secondary objective is a short investigation into the feasibility of constructing a suc-

cessful investment portfolio based on the predicted M&As. An aggregated ensemble of

the single best validation model produced for each algorithm will be used to construct

this ensemble model. This provides an estimate of potential returns for such a strategy

and demonstrates a practical application of this work.



Introduction 3

1.2 Contributions

The study contributes to investigating the latest, more sophisticated machine learning

algorithms in forecasting M&As. The rigorous optimisation and evaluation of these al-

gorithms on M&As advances our knowledge on their performance in severely imbalanced

settings, especially in the context of financial tabular data.

The effectiveness of machine learning models is improved using a comprehensive dataset.

This expansive dataset provides enhanced prediction over limited datasets by enabling

the models to learn from a greater number of features and samples. This research helps

contribute to understanding the role large complex data plays in M&A prediction.

The thesis assesses portfolio performance in a real-world scenario. The creation and

subsequent evaluation of an ensemble of the best models from each algorithm provides

another contribution. This contribution gives an estimate of potential returns and rein-

forces ensemble modelling as a robust technique when dealing with imbalanced financial

datasets.

1.3 Thesis Structure

Chapter 2 lays the groundwork by providing foundational concepts on mergers and

acquisitions, the stock market and machine learning. Chapter 3 presents a review of

relevant literature concerning mergers and acquisitions, with particular emphasis on

work that utilised machine learning for predictive purposes. Chapter 4 introduces the

dataset and presents a high-level view of the experimental framework. In Chapter 5

the imputation and feature selection experiments are described. Chapter 6 focuses on

hyperparameter tuning and details the process and parameter space that each algorithm

is searched through. Chapter 7 discusses the data sampling experiments that investigate

both undersampling and oversampling techniques that are necessary to address the data

imbalance inherent in M&A datasets. Chapter 8 offers an in-depth analysis of the

results and presents a possible investment strategy based on the Ensemble M&A model’s

predictions. The thesis concludes in Chapter 9 by providing a high-level conclusion,

acknowledging the limitations and potential avenues for future work.



Chapter 2

Background

This chapter contains a summary of the background literature relevant to predicting

mergers and acquisitions using machine learning techniques. First, an overview of the

stock market, investment strategies and the efficient market hypothesis is presented.

Then the mergers and acquisitions field is discussed, along with an introduction to

important terminology and definitions. Classic techniques that have been used to try

and predict M&As in the past, and general causes of an M&A, are then discussed.

Subsequently, a brief description of machine learning is provided, along with various

machine learning algorithms that can be applied to this task. Lastly, an overview of

imputation techniques is given, in addition to a presentation of data sampling methods

commonly used for addressing imbalanced datasets.

2.1 The Stock Market

The stock market is a market where buyers and sellers of shares (ownership claims)

in companies can transact with each other and thus exchange ownership of shares of

companies [13].

Investment Strategies

Investment strategies in finance are philosophies and processes (rules) that investors

follow to select assets for a particular portfolio. Strategies can be broken down into

one of two subgroups: active or passive [14]. Passive strategies simply mimic an index,

whereas active strategies aim to outperform the index [15].

Other well-known strategies are value investing [16] (buying cheap companies), growth

investing [17] (buying companies that are going to grow their earnings) and momentum

investing [18] (buying shares that have been outperforming).

4



Background 5

In the context of this thesis the investment strategy would be one of event prediction.

This means anticipating the merger or acquisition and purchasing the target company’s

share prior to the M&A being announced. This is a subset of event-driven investing [19]

as a portfolio strategy.

Market Efficiency

The efficient market hypothesis (EMH) states that asset prices reflect all available infor-

mation. This implies that it is impossible to outperform the market on a risk adjusted

basis. The hypothesis was expanded into three categories by Eugene Fama: weak-form,

semi-strong form and strong-form [20].

The weak-form hypothesis states that the historical price information is discounted in

the present price, meaning a stock’s present price accurately reflects all historical price

data on the stock. This rules out the ability to predict returns based on historical

prices, rendering all forms of technical analysis and price momentum strategies inef-

fective. Semi-strong form efficiency implies that the market discounts all historical

price-based information, as well as any publicly available (beyond historical) informa-

tion. Strong-form efficiency implies that the market discounts not only historical prices

and information in the public domain but also non-public private information.

The research study is a test of weak and semi-strong efficiency in that it tests to see if

the machine learning algorithms can improve the odds of prediction above the base rate

given via publicly available information.

2.2 Mergers and Acquisitions

Mergers and acquisitions (M&A) are the general way of describing the buying and selling

of companies. More specifically it is the process of combining two companies into a

single entity, where the goal of this combination is to create a more successful company.

Strictly speaking the words ‘merger’ and ‘acquisition’ are different variations of buying

and selling companies [21].

Mergers

A merger is an event where two or more companies of approximately the same size com-

bine forming a new firm under a single corporate name [22]. Each company participating

in the merger has an equal stake in the new firm.
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Acquisitions

Also known as a takeover, an acquisition is when one company purchases another com-

pany outright. This requires the acquirer to successfully purchase a majority stake in

the target company. In the M&A world, acquisitions are a far more frequent occurrence

compared to mergers. Acquisitions are usually pursued as a growth strategy which

allows the acquirer company to circumvent organically growing the business, as they

are essentially buying established sales and profits [22]. Larger firms will often acquire

smaller competitive firms in order to eliminate future competition.

Investment Opportunities

The ability to predict a merger or acquisition prior to it being announced will almost

always allow an investor to earn an excess return on investment. M&A deals involving

publicly owned companies are often covered by news outlets and draw investors’ atten-

tion. This is due to the potentially significant upside created by the acquirer company

paying a premium over the target company’s share price. Thus, being able to correctly

predict target firms is a lucrative prospect.

The reason this is such a complex challenge for investors is because the natural rate of

M&A events is very low. An average of 0.5% of firms are actual targets at any point in

time [12].

Figure 2.1: A visualisation of Nuance Corporation’s (target company) share through
announcement date [1].

Figure 2.1 above shows the typical reaction of a share’s price immediately after the

announcement of a M&A event. Nuance’s (target company) share price jumps ap-

proximately 25% on the day Microsoft publicly announces its intention to acquire the

company.
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2.2.1 Machine Learning and M&As

Predicting potential mergers and acquisitions has been a topic of interest since the 1970’s

where multiple discriminant analysis was used by Simkowitz and Monroe to identify

target companies before their announcement date [23]. Several studies prior to the

introduction of machine learning indicated that target companies could be accurately

predicted using publicly available financial characteristics. These have since been refuted

by exposing the methodological flaws and leakage that was apparent in these studies

[24]. Machine learning as a predictive tool has been relatively unexplored compared to

classical techniques in the M&A context. In fact, only a few recent researchers have used

modern machine learning techniques in their endeavour [12, 25–27]. The studies that do

exist have mostly applied outdated machine learning algorithms. There are now newer,

superior algorithms which can possibly perform better in this context. The research

study plans to apply state-of-the-art machine learning algorithms as well as previous

algorithms that have performed well on unbalanced datasets to find and exploit market

inefficiency in the M&A database.

Mergers and Acquisitions by Sector

The frequency of mergers varies across different sectors of the business world. Plotting

these frequencies is often the first step for investors trying to identify sectors that are

more likely to experience consolidation. Figure 2.2 and Figure 2.3 were created using

the Thomson Reuters global stock index from January 2000 to December 2018.

Figure 2.2: M&A Frequency

Plotting the frequency of merger and acquisitions as an adjusted percentage of their

respective sector enables a more precise comparison between sectors, as larger sectors

will often have a larger amount of M&As. This is most noticeable with the ‘Industrials’

sector in Figure 2.2, where it has the highest total M&A frequency and when adjusted for
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the size of the industrial sector (Figure 2.3) it has the second lowest adjusted percentage

frequency. The frequencies of M&As, both absolute and adjusted, are useful in designing

models that predict M&As events by sector. Additionally, investors can manage risk

by regulating exposure to more volatile sectors, thereby constructing a balanced and

risk-adjusted portfolio.

Figure 2.3: M&A Frequency Adjusted

Imbalanced Data

Imbalanced data refers to the type of dataset where the target class has an uneven distri-

bution of observations, meaning one class label has a very high number of observations

and the other has a very low number of observations.

Sequential Data

In a sequential dataset, samples are dependent on the other samples in the dataset. A

time series dataset is a common example of this, with each point reflecting an observation

at a certain point in time, such as a stock price or weather forecasting.

Learning of sequential data continues to be a fundamental task and a challenge in pattern

recognition and machine learning. Applications involving sequential data may require

prediction of new events, generation of new sequences, or decision making such as clas-

sification of sequences or sub-sequences.

This kind of data works well in conjunction with algorithms that can recall prior inputs

such as LSTMs and gated recurrent units (GRUs). These algorithms have a ‘memory’

aspect that many other algorithms do not possess.

Structured Data

The database used in this study is of a structured/tabular format and this significantly

impacts the choice of algorithms selected to undertake this task. Gradient-boosted trees
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have emerged as the most qualified algorithms for these tasks, with the most recent deep

learning techniques struggling with the nature of structured data [28].

2.3 Machine Learning Overview

Machine learning is a subset of artificial intelligence (AI), thus it is helpful to define AI

moving forward. Artificial intelligence is the “science and engineering of making intelli-

gent machines”[29]. Machine learning is an application of AI where systems, especially

computer programs can learn and improve from experience without being explicitly pro-

grammed. Machine learning is based around algorithms that are designed to ‘learn’.

These algorithms are fed data and try to identify patterns from this data to make accu-

rate predictions.

The two main approaches in machine learning are supervised and unsupervised learning.

Supervised learning is the most widely used approach where the labels are used in the

training process. Unsupervised learning algorithms are trained on samples with no labels

and try to identify relationships and correlations between unlabelled feature vectors.

In both scenarios the data needs to be broken up into a training set and a test set.

The training set is used to fit the model and tune hyperparameters: the model ‘learns’

relationships within the data. The test set consists of never seen before data where the

trained model is ‘tested’. Model fitting is the execution of an algorithm with a set of

parameters. Hyperparameter tuning is the search for optimal parameters that minimise

the loss function of the model.

A key definition in machine learning are feature vectors (inputs) which are elements of

a d-dimensional space. A feature vector x in three dimensions is typically represented

as x = (x1, x2, x3) where x1, x2 and x3 are all individual features describing the feature

vector x. Each feature is a measurable property that is assigned to a column in tabular

datasets. All feature vectors (samples) in the training set must be of the same dimension,

but there is no limit to this dimension. More specifically, if there were 100 features then

each feature vector would have 100 dimensions.

The major difference in the two approaches is the use of target outputs, these are the

outputs the model is trying to predict. In supervised learning feature vectors have cor-

responding target outputs to help identify what features vectors return certain outputs.

In unsupervised there are only unlabelled samples which are plotted against each other

to find underlying relationships between them [30]. The research study undertaken is a

supervised learning problem, hence this approach warrants a more detailed discussion

in the thesis.
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2.3.1 Supervised Learning

Supervised learning is the most common approach and functions by learning from a set

of labelled training samples, which come in pairs (a, b) where ‘a’ is the feature vector of d-

dimensions and ‘b’ is the output value. The algorithm builds a model on the relationship

between ‘a’ and ‘b’, this is the training phase. Then in the testing phase the trained

model deals with unlabelled test samples ‘a’ and predicts the target value ‘b’ for each

test sample. An example is the handwritten number recognition problem (multi-class

classification) [31], the sample is an image of the number and the label space consists of

the numbers 0-9. Therefore it will train from pairs in the form (image of number 5, 5)

and then predict on unlabelled samples in the form (image of 5, prediction of number

displayed).

Sample Label

Image of 3 3

Image of 7 7

Image of 2 2

Table 2.1: Labeled training set

Sample Label

Image of 3 ?

Image of 1 ?

Image of 5 ?

Table 2.2: Unlabeled test set

The problem to be solved in supervised learning can either be classification (Tables 2.1,

2.2) or regression. The former being when the set of possible target outputs (discrete

labels) is finite. Whereas the latter is when the possible outputs are infinite, namely,

the set of real numbers. Thus, the only difference is the target variable space.

Regression

Regression’s goal is to predict a continuous value (real number), a classic example of

this is trying to predict a person’s income based on attributes including years of study,

field of study, job title and job location. The more training data relating the features

to the target labels the better, this is because the more observations of a relationship

often results in better predictive accuracy up to a certain point.

Simple linear regression is a basic type of regression technique where we predict the

label y from the feature vector x according to the linear relationship between them.

To predict a person’s average sales each month based on the year we use the formula

Y = a+ bX where Y is their estimated sales amount and X is the year. In this formula
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a and b are the model coefficients that are learned from the data. The coeffecient a

represents the y-intercept of the regression line, and b is the gradient of the regression

line. The learning process aims to find values of a and b that minimise the cost function,

which is a measure of the difference between the model’s predicted sales and the actual

sales [32].

Once the model is trained on data, the regression line that best fits the data is generated,

thereby minimising error rate. This is far from a perfect solution. However, it provides

a good idea of the trend of sales over the past couple years, and can help estimate sales

in years to come.

Classification

Classification’s aim is to predict a label which is selected from a predefined set of an-

swers. There is two different types of classification, binary and multi-class classification

[33]. In the case of binary classification there are only two possible labels. Multi-class

classification applies to any problem with more than two possible labels.

A classic example of binary classification is the Titanic dataset [34] where the categories

are survived or did not survive (binary). In this case, the attributes used to classify

a person include passenger class, sex and age. Each of these attributes contributes

greatly to the accuracy of the algorithm, for instance women and children and first class

passengers were allowed priority on the lifeboats.

2.3.2 Unsupervised Learning

Unsupervised learning is the other end of the spectrum where the algorithm is trained on

feature vectors with no labels. It searches for underlying structures between the samples

and finds certain relationships and correlations between data points [33].

The problems of unsupervised learning fall into two different categories clustering and

association. Clustering involves grouping data into ‘clusters’, meaning searching for

inherent groupings in the data. Association is when a new representation of the data

is created to allow other machine learning algorithms to have an easier time using the

data or for humans to better understand the data.

Clustering

The objective of clustering is to find natural groupings in the data. The number of

clusters that the algorithm searches for is a parameter that can be changed. There are

many different types of clustering methods. A commonly used clustering scheme is the

k-means clustering algorithm which involves developing k mutually exclusive clusters.
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Here the number we choose for k will be an important factor. It starts by arbitrarily

initialising k centroids (cluster centres). Then the algorithm performs iterative steps

beginning with grouping each sample with the closest centroid. The centroids are then

recomputed as the mean of grouped clusters. This process continues until the centroids

have stabilised or the maximum number of iterations (defined prior) is reached [33].

2.4 Core Machine Learning Algorithms

Logistic Regression

This is the baseline classification model for predicting mergers and acquisitions as its

results are well documented on M&A databases. Logistic regression [35] can output

probabilities and classify unseen data using both continuous and discrete features. It is

a classic baseline model in binary event classification problems.

A logistic regression classifier is a statistical model which makes use of the logit function

to squeeze outputs of a linear equation within a range of 0 and 1 [36]. Thus, the outputs

are represented as probabilities. A decision boundary is then created by setting the

threshold value for these predicted probabilities, typically 0.5 for binary classification.

2.4.1 Tree-based Models

Decision Trees

The decision tree algorithm [37] (Figure 2.4), which forms the basis of tree-based learn-

ing, divides the dataset into progressively smaller subsets using a cost function. A

decision tree consists of nodes and branches. The root node is the beginning of the deci-

sion tree and holds the whole dataset. Leaf nodes are the endpoints of decision trees and

represent the class labels. Internal nodes are the nodes positioned between the root and

leaf nodes. The branches that link these nodes are conjunctions of features which lead

to class labels. At the root and each internal node, the algorithm uses feature values to

split the data into subsets. A cost function like entropy or the Gini index [37] are used

to find the best split possible at each node.

The trained decision tree takes a feature vector as input at the root node, this vector

is passed down the tree recursively to the left or right to the next internal node. The

algorithm repeats this process until it reaches a leaf node where the feature vector is

given a predicted classification.
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Figure 2.4: An illustration of a decision tree [2]

Random Forest

Random forest (Figure 2.5) is a supervised machine learning algorithm that builds a

model using an ensemble of multiple decision trees, thus creating a ‘forest’. The ran-

domness of the model is introduced through the way the data is split. A standard

decision tree would search all possible features for the most important feature when

splitting a node. A random forest algorithm conducts this process differently. For each

decision tree in a random forest the algorithm searches for the feature that best splits

the data from a random subset of available features [38]. The decision trees are then

aggregated to find the average result [38]. This randomness gives the model a wide

diversification of results, which often helps generalisation of unseen data.

Figure 2.5: An illustration of a random forest [3]
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Gradient Boosted Trees

Gradient boosting [39] can be broken down into three parts, choosing a loss function to

be optimised, weak learners and an additive model which adds models sequentially. The

choice of loss function will be dependent on the task, for example an imbalanced dataset

would respond better to a metric like ‘average precision’, however a balanced dataset is

better suited to ‘log-loss’. A weak learner in this instance is a simple decision tree model

that can predict slightly better than random. Gradient boosting uses weak learners to

train on the residual errors of the strong learner. Gradient boosting focuses on using

weak learners to improve areas where the existing learners have high residuals. These

weak learners are added sequentially to the ensemble to minimise its overall error.

LightGBM

Light Gradient Boosting Machine (LightGBM) is a gradient boosting framework devel-

oped by Microsoft [40]. LightGBM is a computationally inexpensive, high-performance

machine learning algorithm based on the decision tree algorithm. The ‘Light’ in the

name of the algorithm refers to the fast computation speed of the algorithm and its

ability to handle large-scale data. It uses histogram-based splitting, Gradient-Based

One-Sided Sampling (GOSS) and Exclusive Feature Bundling (EFB) to create a highly

efficient algorithm that produces exceptional results [40]. Histogram-based splitting is a

technique which bins feature values by constructing a histogram to represent the distri-

bution of the data. The binned feature values are then used to split the data on, which is

much quicker than splitting on every possible value within a feature. Along with making

the algorithm efficient, the binning process can often reduce overfitting by lessening the

amount of noise in the feature values and managing outliers within the dataset.

GOSS is an innovative technique which reduces the number of samples used to build

each decision tree whilst attempting to keep the distribution of the data the same. The

samples with low residuals are randomly subsampled to reduce their number as they

have a negligible impact on training, whereas samples with larger residuals are retained.

Due to its focus on the most informative samples the algorithm can achieve similar or

greater performance using fewer overall samples in training.

Exclusive Feature Bundling (EFB) is a feature reduction method that bundles up re-

lated sparse features into a single feature. This has a significant impact on large-scale

sparse datasets, as the number of splits required by the algorithm is proportional to

the dimensionality of the dataset[41]. Thus, EFB lowers the memory costs of training a

LightGBM model.
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2.4.2 Neural Networks

Artificial neural networks are powerful algorithms that are set up to operate similarly

to the human brain [42]. Neural networks have many processing nodes that are inter-

connected. They are made up of layers of nodes which the data is fed to, usually in a

feed-forward manner (one direction). Neural networks are applicable to a wide array

of statistical learning tasks, possessing great capability at finding intricate patterns and

correlations in the data provided.

Components of Neural Networks

Most artificial neural networks are made up of three components. The input layer,

hidden layer(s) and an output layer.

Figure 2.6: Neural network architecture [4]

Neurons

An artificial neuron, or node, is a simple unit of a neural network that receives in-

formation, processes simple calculations and passes the computed value further. The

information a neuron receives can either be from the raw data into the input layer or

from neurons in a previous layer. The neurons within a neural network are organised in

layers. The input neurons receive the raw data, hidden neurons process this information

and the output neurons provide the result.
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Weights

The weights are scalar values that are adjusted during training according to underlying

patterns that are found within the input data. Neurons are connected by synapse which

have weights assigned to them. These weights determine the strength of connection and

thus the overall influence of the previous neuron.

Activation Functions

A neural networks activation function (Figure 2.7) determines the threshold at which a

neuron is activated. It essentially defines the output of the neurons using the weighted

sum of inputs for a particular layer in the neural network.

Figure 2.7: Activation functions [5]

Often non-linear activation functions are chosen, as these functions can model more

complex problems. Neural networks are considered ‘universal function approximators’,

meaning that they can approximate any function that maps real numbers to a given out-

put. The popular non-linear sigmoid function outputs values that are squeezed between

(0, 1) in an S-shaped distribution. The tanh function uses the same S-shaped distribu-

tion but allows for positive and negative outputs with a wider range between (−1, 1).

ReLU is another popular activation function due to to its ease of use and efficiency, it

cuts off all negative values at 0. Thus, the range of ReLU is between (0,∞).
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Input Layer

The input layer is the start of the neural network, where the data is fed through. The

dimensions of a neural network’s input layer must have the same number of dimensions

as the input data. The dimension is the number of features in each sample of the input

data.

Hidden Layer

The layers between the input and output of the neural network are the hidden layers, this

is where the major computation of the algorithm is done. The hidden layer applies non-

linear transformations by applying weights to inputs and using an activation function to

produce a desired output. The more hidden layers in a network the ‘deeper’ the network

is.

Output Layer

The output layer is the final layer of neural network, where the number of neurons is

set to the desired number of outputs for the prediction. It receives numerical data that

is combined and summed before being subject to an activation function. The output is

then in the format required for the task. If the task was binary classification, then the

number of neurons in the output layer is set to two.

Types of Neural Networks

Feed-Forward Neural Networks

Feed-forward neural networks only process information in one direction, there are no

cycles within the network. Feed-forward networks are usually applied to non-sequential

data, due to it having no ability to look ‘backwards’ in time.

Perceptron

The most shallow feed-forward neural network is a perceptron, which is also known as a

single-layered neural network. There is no hidden layer within a perceptron, they consist

of an input layer, weighted connectors and an output layer [43].
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Figure 2.8: Perceptron, single-layer neural network [6]

Multi-layered Perceptron

The multi-layered perceptron (MLP) [44] is a feed-forward neural network that has

hidden computational layer(s) as seen in Figure 2.6. The term ‘multi-layer’ refers to

the hidden layer(s) that are located between the input and output layers. The MLP

neural network is trained using the backpropagation algorithm [45] which computes

the gradient of the loss function with respect to the weights. The difference between

the predicted outputs and the true outputs is used, along with the computed weight

gradients, to update the weights with the aim of minimising the loss function. It is known

as backpropagation due to the manner in which the error is propagated backwards from

the output layer to the input layer.

Recurrent Neural Networks

Recurrent neural networks (RNNs) [46] are a type of neural network that was created

to specifically process sequential data. RNNs (Figure 2.9) have a ‘memory’ that allows

the algorithm to retain important information from prior inputs in the hidden state of

the network. This hidden state is updated after each time step. The hidden state gives

RNNs the ability to capture temporal dependencies in the data using a feedback loop,

where the algorithm uses previous outputs (stored information) as inputs.

Figure 2.9: Recurrent Neural Network [7]
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Long Short-Term Memory Networks

The shortcoming of most RNNs is their struggle to capture long-term dependencies in

sequential data due to the vanishing gradient problem. The vanishing gradient problem

occurs when computed gradients get smaller and smaller as they propagate backwards

through the network, thus making it difficult to learn long-term relationships in the

dataset.

Long short-term memory (LSTM) networks [47] were created to solve this issue, by

including a memory cell which can systematically recall or forget information over time.

The LSTMs memory cell is made up of three gates: input, forget and output which

control the memory cell. The input gate governs how new data enters the memory cell,

the forget gate decides what data is kept or forgotten, and the output gate determines

the data used to generate the output.

TabTransformer

A transformer is a state-of-the-art neural network architecture, used mainly in the do-

main of natural language processing (NLP) tasks. Transformers are thus often used for

sequence-to-sequence machine learning tasks, where an encoder is fed an input sequence

and maps it to a higher dimensional space. This higher dimensional vector is then re-

ceived by the decoder which generates an output sequence. An example application is

the generation of new text from input given by a user. This could, for instance, be

used by chatbots that help people use services online. Another example of the power of

transformers is Google Translate, which in 2017 switched from a stacked LSTM model

to a full transformer-based model to translate languages on the web.

The TabTransformer (Figure 2.10) is a transformer-based deep learning machine learn-

ing algorithm that seeks to improve on the Multi-layer Perceptron (MLP) [8]. This is

done mainly by transforming categorical embeddings into robust contextual embeddings

in the structured dataset. The TabTransformer embeds the categorical features in the

tabular dataset using self-attention based transformers to create contextual embeddings.

The standard way of feeding categorical features into a machine learning algorithm is

through one-hot encoding. The problem with this technique is that it there is no ‘con-

text’ between the categorical feature vectors. Transformers were designed for natural

language processing where context between words is of utmost importance. There-

fore, the contextual embeddings are created through transformers that capture intricate

relationships between categorical features and variables, often resulting in improved per-

formance compared to the MLP. Overall the research on transformers and tabular data

is still in its infancy, however research such as [8, 48] demonstrates that transformers
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Figure 2.10: TabTransformer Architecture [8]

can match the performance of tree-based models and outperform other deep learning

methods including MLPs, Sparse MLPs and TabNet on tabular data.

2.5 Data Imputation

Data imputation is the process whereby missing data values (N/As) are replaced with

substitute values to preserve most of the information within the dataset. Missing data

causes a variety of problems including introducing bias into the data, being difficult to

analyse and the majority of machine learning algorithms are unable to work with N/A

values.



Background 21

Simple Imputation

Listwise Deletion (Complete Case Analysis)

The most reliable way of dealing with missing data is listwise deletion, this involves

deleting any data points that contain a N/A value in any of its features [49]. This

ensures that data is not replaced incorrectly and has a low computational cost. Listwise

deletion is not a feasible option when a large fraction of samples contain a N/A value,

which is often the case with large datasets with a high dimensionality. If there are 300

features per sample and a datapoint is only missing a single feature then deleting the

datapoint would be wasting valuable information.

Mean and Median Imputation

The mean/median is calculated for each feature F in the dataframe using non-missing

values of the same feature. These are then used to impute the missing values of F.

Median values are more robust to outliers, and thus is preferred when the data is skewed.

Computing mean/median has a low computational cost. This method can however lead

to biased estimates of variances and covariances. It can also introduce leakage due to

calculating mean/median over the whole dataset.

Figure 2.11: Mean or Median [9]

A rolling mean/median can be used to remove any sort of leakage when imputing. The

rolling imputation utilises a window parameter, which looks back a certain number of

recent observations and computes the mean/median of these observations. This way the

imputation technique never looks forward in the database to complete its imputation.

Next Observation Carried Backward

Next observation carried backward (NOCB) fills missing values by finding the first non-

missing value after the N/A and backward filling the N/A with this value. It is not as
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popular as its counterpart last observation carried forward (LOCF) due to its tendency

to introduce leakage into the dataset.

Last Observation Carried Forward

Last observation carried forward (LOCF) is similar to NOCB, however it imputes in

the opposite direction. LOCF fills missing values with the last observed non-missing

value within the feature F. LOCF is mostly applied to sequential research where feature

vectors are consistently observed at pre-specified intervals [50]. The drawback for this

technique is it cannot fill missing values if they are at the beginning of the database

(there are no previous values to carry forward).

Conditional imputation

Conditional imputation uses independent variables to identify groups in the dataframe

and imputes missing values within these groups. An example of this in financial data

is grouping stocks by their tickers. Thus, if a stock has a N/A value, then previous

timestamps of the same stock will be consulted to determine the substitute for the

missing values. Conditional imputation can be applied to mean/median, NOCB and

LOCF imputation.

Multiple Imputation

Multiple imputation (MI) estimates missing feature values using all other features avail-

able. This technique was proposed by David Rubin [51] to overcome the noise created

using single imputation methods. Multiple imputation creates multiple imputed datasets

using an estimator of choice, these imputed datasets are then averaged to give the final

imputed values. The goal of MI is to not to predict the missing values exactly, but rather

an exercise to try and achieve valid statistical inference [52]. The MICE and Miss Forest

statistical packages both perform multiple imputation and have been shown to be reli-

able with large tabular datasets [53, 54]. Multiple imputation does have a much higher

computational cost compared to simple imputation and is important to note moving

forward.
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Multiple imputation is broken down into 3 sequential steps:

• Imputation of m generated datasets using an estimator of choice.

• Analysis of the m generated datasets is conducted, each imputed dataset will have

slightly different imputed values.

• Aggregating of the m generated datasets’ imputed values to have a consolidated

result with less variance than single imputers.

MICE

The most popular MI technique is multivariate imputation by chained equation (MICE).

It calculates the mean of every column that contains N/A values and uses it as a start-

ing point [53, 54]. It then runs chained equations to impute each missing N/A value

sequentially, this is most often done starting with the features with the least N/As to the

features with the most N/As in the original dataset. MICE functions like any machine

learning algorithm in that it has feature variables and a target variable. The target vari-

able is the column whose N/As are trying to be substituted and the feature variables

are all other features in the feature matrix. Iteratively, MICE repeats this process m

times, changing the starting variables each time to create a robust estimation. MICE is

able to impute missing values of mixed data types which is a significant advantage over

most simple imputers.

MissForest

MissForest is a non-parametric multiple imputation technique which works on mixed

data types [55], it can thus work with both categorical and continuous data. It is a

random forest regressor which predicts missing features using all other features available.

MissForest can do imputations in parallel which lowers its computational cost. However,

it tends to have a high computational cost when dealing with large datasets.

KNNImputer

The k-Nearest Neighbors imputer (KNNImputer) is a multivariate imputer which pre-

dicts missing feature values using the nearest k-samples by Euclidean distance. The

missing value is substituted with the mean of the k values found in the dataset.
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2.6 Data Sampling

Imbalanced datasets are often helped by transforming the dataset to achieve a less

skewed distribution. There are a variety of techniques to ‘rebalance’ training data which

in turn helps algorithms train on more samples from the minority class. This often

reduces the bias in datasets that often causes algorithms to highly favour the majority

class when fitting.

Random Oversampling

Random oversampling is the most basic way of balancing a skewed dataset. The tech-

nique randomly duplicates samples from the minority class to make the training dataset

more balanced. The scale of that balance is a choice made during implementation.

SMOTE

Synthetic Minority Oversampling Technique (SMOTE) is a way of increasing the volume

of the minority class by creating synthetic examples of the minority class. SMOTE

differs from simple random oversampling in that it creates new unique minority class

samples, rather than cloning the original minority class samples to balance the class

distribution. SMOTE creates this new information using the original minority samples

feature space and thus the values produced are considered plausible for a minority class

sample. The SMOTE technique as defined by the original paper [56] is implemented as

follows: A feature vector and its nearest neighbour are selected from the minority class

and subtracted from one another. This difference is multiplied by a randomly generated

float in the range of 0 to 1, and then added to the first feature vector. Thus, every

feature vector created is at a point between two of the original samples in the minority

class feature space.

ADASYN

Adaptive Synthetic Sampling Approach (ADASYN) is a more complex oversampler

which creates synthetic samples based on the local distribution of the minority class

feature vectors. ADASYN generates more synthetic feature vectors in the less pop-

ulated regions within the local feature space and produces less samples in the more

populated areas [57]. The two functions that are provided by ADASYN include: reduc-

ing bias within the database by creating a more balanced dataset and shifting the main

oversampling focus to the area around the decision boundary (least populated area).
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Random Undersampling

The simplest undersampler randomly removes samples from the majority class to balance

the dataset.

TOMEK LINKS

Tomek Links is an undersampling technique that strives to remove noisy borderline

majority class feature vectors. Tomek’s algorithm [58] searches for pairs of feature

vectors that are of opposite classes and are closest in terms of Euclidean distance. Once

the pair is found the majority class feature vector is deleted from the pair, this often

rids the dataset of ambiguity around the decision boundary.

Edited Nearest Neighbours

The Edited Nearest Neighbours (ENN) technique [59] is similar to Tomek Links in that

it aims to remove majority samples near the decision border. The technique sets k to

3 by default for the kNN algorithm. ENN runs through kNN on every sample from

the majority class, if the sample is correctly classified as a majority class it remains,

otherwise it is deleted from the dataset. ENN uses the same procedure on each sample

from the minority class, where the neighbours within k = 3 that are of the majority

class are deleted.

Condensed Nearest Neighbour

The Condensed Nearest Neighbours (CNN) [60] is a method that only keeps majority

samples that the kNN algorithm struggles to identify. The resampling starts with a

subset of all the minority samples. Then for every minority sample in the dataset the

kNN algorithm is used to find the closest majority sample (different label) to add to this

subset.

One-Sided Selection

One-Sided Selection (OSS) is a combination of CNN and Tomek Links. The Tomek Links

technique is applied first to remove noisy borderline majority samples. Then CNN is

used to target and remove samples that are further from the decision border [61].

Neighbourhood Cleaning Rule

The Neighbourhood Cleaning Rule (NCR) is another combination method which uses

CNN and ENN. It is based on similar principles to OSS, where one technique is used

to remove noisy samples by the decision border (ENN). Then CNN is applied to reduce

the number of samples closer in the interior of the majority class [62].
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2.7 Summary

This chapter provides a broad overview of the various fields that are involved in the

prediction of mergers and acquisitions. Having surveyed the background, these concepts

will be fundamental in the following chapters. The next chapter is more specifically

interested in related literature on predicting M&As, comparing their research and iden-

tifying fundamentals and flaws that should be explored in the thesis.



Chapter 3

Literature Review

This chapter evaluates related literature around imbalanced classification, and more

specifically the prediction of potential acquisition targets using statistical and machine

learning models. An evaluation is conducted on the performance of statistical and

machine learning models when predicting M&As. There are six foundational hypotheses

which represent the kinds of companies that most often become mergers or acquisitions.

These hypotheses are used to select relevant financial characteristics for the creation of

acquisition prediction models. Many past studies on the prediction of M&As choose a

set of features due to their popularity in the financial world and then cull that down

using empirical analysis.

Six hypotheses are considered fundamental in M&A literature when predicting takeover

targets. The hypotheses are also considered when choosing financial features to create

a model. The inefficient management hypothesis suggests that acquirers will bid for

poorly run companies. The bid is made under the premise that the market value of the

firm will improve with a different management structure [24]. The inefficient market

hypothesis has been proxied by financial features such as profitability, dividend yield

and excess stock return [63].

Growth-resource mismatch hypothesis states that companies with a large mismatch be-

tween growth and available resources are likely targets. These are either companies with

a high level of growth opportunities and no financial slack [64], or companies with fewer

growth opportunities and available resources. The features important to the growth-

resource mismatch hypothesis include average sales growth rate, liquidity and leverage

[24]. The growth portion of the hypothesis is measured by the average sales growth rate

whilst the last two features represent the resources available to the firm.

27
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The industry disturbance hypothesis is an economic theory that suggests that acquisi-

tions can cluster by industry. Thus the likelihood of a firm being acquired is increased

if there are recent acquisitions made within the same industry [65, 66]. The features ex-

tracted for this include GICSSector and GICSIndustryGroup. These variables can then

be used to create more variables such as the percentage of industry population acquired

in recent periods.

The company size hypothesis claims that a company is more likely to be acquired the

smaller the size of the company. This is due to the transaction cost of a takeover [24],

this can be especially prominent in the event of a hostile takeover. Smaller companies

are easier to overwhelm compared to larger companies that are more equipped to defend

themselves against potential takeover bids [65]. The features used to describe company

size are the net book value of the company and the market cap of the company.

Market-to-book hypothesis refers to companies whose market value is considered low

relative to their book values. This is what many analysts will look for when stock

picking as the market-to-book hypothesis is based on buying companies that are ‘cheap’

considering the financial ratios they produce [24]. The features related to the market-

to-book hypothesis are market value, book value and the ratio between them.

In the Price-to-Earnings (P/E) ratio hypothesis, companies with high P/E’s will buy

out companies with low P/E’s to create an almost instant capital gain [24]. This capital

gain is a result of the combination of the P/E of the acquirer company and the target

company growing the acquiring firm’s P/E. Thus, the P/E ratio is used in the M&A

dataset.

3.1 Traditional Statistical Architecture

Hasbrouck (1985) [67] conducts an empirical analysis of the difference in financial char-

acteristics between target and non-target companies using logistic regression. The share

samples are controlled by matching the non-target firms with target firms by industry

and size. This supposedly created a more level view of the companies’ financial char-

acteristics which can then be compared more ‘fairly’. Hasbrouck found that Q-ratio

(market value/assets’ replacement cost), current financial liquidity and financial lever-

age are important in differentiating target and non-target firms. This was one of the

earliest papers on predicting M&As and thus the data sample is small with a total of

258 firms used in the analysis.

Palepu (1986) [24] examined the fundamental hypotheses in M&A literature using robust

modelling techniques to avoid bias being introduced into the data sample. To further
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improve robustness, Palepu did not incorporate matched sampling, a technique that

ensures for every target company there is a similar non-target company in terms of size

and industry. Matched sampling was a popular technique at the time, but its application

created a dataset that did not correctly represent the population. This led to biases that

would overstate the predictive ability of the models. Logistic regression models were used

as they can handle more noisy data and have the added benefit of choosing a probability

cutoff. The cutoff is the point which separates samples into positives or negatives. The

standard cutoff is 0.5, where any sample with a predicted probability of greater than

0.5 would be classified as positive and below 0.5 would be classified as negative. The

cutoff can be adjusted to a higher value to only classify the most confident predictions

as target firms or to a lower value to allow more target predictions. Palepu stresses the

importance of the optimal cutoff. Too high a cutoff will misclassify more targets as non-

targets and result in fewer predicted targets. On the contrary, a low cutoff will predict

many non-targets as targets and have a larger number of predicted targets. Palepu’s

model was tested on 1117 companies, of which 30 were targets and the remaining 1087

were non-targets. It achieved an accuracy of 80% (24/30) on the 30 target firms, but also

predicted 55% (601/1087) of the non-target companies as targets. The study concludes

that the model does not predict the takeovers accurately.

3.2 Machine Learning Architecture Analysis

There are only a handful of machine learning algorithms which have been researched

and applied to the merger and acquisition context. It is important to note most research

around predicting takeovers predated modern machine learning and focused on empirical

and traditional statistical models. The research articles are systematically evaluated

within the taxonomy, with individual strengths and weaknesses identified, serving as

a basis for scoring. These features include the ability to deal with imbalanced data,

feature selection analysis, computational cost, prediction window and evaluation quality.

Dealing with imbalanced data refers to the performance of the models used in the paper,

feature selection analysis: the reasoning behind the features selected for the dataset,

evaluation quality: the insight given into the results of the paper, the use of graphs and

tables to help explain the performance. The prediction window is the amount of time

that we are trying to predict into the future, and computational cost is the compute

time and power necessary for these algorithms to achieve the results displayed in the

paper.

Table 3.1 is a high-level literature review of the machine learning applications in the

field of predicting mergers and acquisitions. The table compares research papers based
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on some key aspects, the higher the number recieved the better the aspect has been

implemented. It assesses whether each study addresses the issue of imbalanced data, a

common problem in predicting M&A events. The degree of feature selection analysis,

indicating the extent the research has engaged in identifying the most relevant features

for predicting mergers and acquisitions. Computational cost is considered, offering in-

sights into the resources necessary to perform the study. The prediction window column

refers to the temporal scope in which the models try to make predictions. Lastly, the

evaluation quality metric provides a rating for the robustness of the validation methods

used to assess the ability of the models to predict M&As.

Literature Comparison

Author Deals with

Imbalanced

Data

Feature

Selection

Analysis

Computational

Cost

Prediction

Window

Evaluation

Quality

Ragothaman
et al.
(2003)

1 1 Low Annually 2

Tsagkanos
et al.
(2007)

1 2 Low Annually 1

Wei et al.
(2009)

2 2 Low N/A 2

Xiang
et al.
(2012)

2 3 High Annually 3

D’ Angelo
(2012)

1 2 Low N/A 2

Francisco
(2017)

2 3 High Annually 3

Luo (2017) 3 3 High Monthly 3

Arroyo
et al.
(2019)

3 3 High Annually 3

Geha
(2021)

2 2 Moderate Annually 2

Aramyan
(2021)

2 2 Low Annually 3

Table 3.1: Literature comparison of machine learning M&A papers

Ragothaman et al. (2003) [68] embarked on a study to forecast corporate acquisition

events utilising uncertain reasoning through rule induction. The research details the

creation and evaluation of ACQTARGET, a prototype expert system designed to as-

sess potential acquisition targets. The study used a dataset made up of eight financial

variables informed by previous academic investigations into M&A. A training set of 130

firms, equally comprised of 65 acquired companies and 65 non-acquired companies. The
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holdout set was also balanced but only consisting of 32 acquired and 32 non-acquired.

The performance of ACQTARGET was benchmarked against traditional statistical mod-

els, namely discriminant analysis and logit models. The findings of Ragothaman et al.

demonstrate that the ACQTARGET expert system is on par with established statistical

models in classifying firms as acquisition targets or non-targets. This result is partic-

ularly noteworthy as it suggests that expert systems with induced rules can serve as

valuable tools for financial analysis in the domain of corporate acquisitions. A limita-

tion of the study is the balanced nature of the training and holdout set, where M&A

events are far more rare than this dataset would suggest.

Tsagkanos et al. (2007) [69] used machine learning as a new approach to predicting

the M&As on the Greek (Athens) Stock Exchange. The purpose of their study was

to see if a profitable predictive accuracy can be attained using novel machine learning

approaches. Greece is a small open economy, whilst most studies done prior to this were

on large open economies such as the United States of America, Canada and the United

Kingdom. Thus, their research provides focus on the prediction of takeovers in small

open economies. This is the first study using decision trees to make predictions on M&As

as all previous studies had used multiple discriminant analysis or logistic regression. The

dataset included Greek stock market data in the period 1995-2002 containing 51 target

companies and 290 non-target companies. They achieved a predictive accuracy of 42.86%

on targets in the holdout set. The high precision of 42.86% is due to the holdout set

having a 1:10 ratio of targets to non-targets. The real population of the Greek dataset

only had 2% of the firms as targets. The paper concluded that predicting takeovers is

challenging and did not achieve any meaningful results.

Wei et al. (2009) [70] explored the potential of patent data as a strategic resource in

forecasting M&A activities using a Naive Bayes model. Their work, presented in the

context of e-business systems design, suggests that the quantity and nature of patent

filings provide valuable insights into a firm’s strategic direction, potentially identifying

companies as targets or acquirers before an M&A event occurs. In their innovative

approach, Wei et al. address the gaps in traditional M&A literature by incorporat-

ing technological indicators from patent analyses and considering compatibility of both

bidders and potential targets in their predictive modelling. The researchers defined a

comprehensive set of features for their analysis, including the number of patents granted

to a company, the number and impact of recent patents, and the company’s technologi-

cal breadth. In their study the application of ensemble learning algorithms to rebalance

datasets significantly mitigated data skewness, achieving a true positive rate of 46.43%

in identifying acquisitions among 2,394 companies, of which 61 were actual acquisition

targets. A limitation of the study is the temporal relevance of the model, as models
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based on data in a specific period may not perform as well in future periods due to the

evolution of market dynamics.

Xiang et al. (2012) [71] presented a novel approach using textual information compared

to past research in the field which only used numerical features. The work is the first

in the M&A prediction space to explore topical modelling over news articles, and using

premier sources such as TechCrunch. Xiang et al. focused on extracting features from

CrunchBase profiles, including basic, financial, and managerial aspects, and combined

these with topic features obtained from TechCrunch articles using Latent Dirichlet Allo-

cation (LDA). This approach allowed them to create a more robust prediction model by

leveraging the richness of unstructured textual data alongside factual company informa-

tion. The study’s experimental setup was notable for its scale, analysing a substantial

corpus of TechCrunch news articles and CrunchBase profiles. The results demonstrated

a high true positive rate (TP) between 60% to 79.8% with a relatively low false posi-

tive rate (FP) between 0% to 8.3%, showing the effectiveness of their methodology in

accurately identifying potential M&A targets. The inclusion of diverse data sources like

TechCrunch represents a significant advancement in M&A prediction.

Geha (2021) [25] conducted a study to predict corporate takeover events with a variety

of machine learning algorithms. The stock market data was collected as monthly data of

14370 firms where 12% were targets, the dataset spans from 2010-2019 using two different

databases to create the dataset. The two databases include the Securities Data Company

(SDC) Platinum database, providing key information on takeover targets (the target

variable) and the Compustat Merged (CRSP) database for all the independent variables

(features) needed to create the prediction models. Geha’s study was detailed, using many

different machine learning algorithms and performance metrics to find the best predictive

ability on mergers and acquisitions. The algorithms tested were logistic regression, lasso,

ridge regression, CART and random forest. The performance metrics to measure the

algorithm’s performance included accuracy, sensitivity/recall, specificity, false positive

rate (FPR), false negative rate (FNR) and area under the curve (AUC). The random

forest performed the best out of sample on the aggregate of metrics mentioned above,

notably sensitivity of 35.7% and AUC of 0.66. The research shows the variables that

each algorithm favoured when training models and are important to note. Geha’s study

has an inherent flaw of not representing the real rate of takeovers within the holdout set.

The holdout has approximately 12% of firms as targets, the actual population percentage

is closer to 1-2%.

Luo (2017) [12] proposes an ensemble of models to create the SMAP (Systematic Merger

and Acquisition Prediction) model. This ensemble includes logistic regression, random

forest, AdaBoost, support vector machine and an artificial neural network. Due to the
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highly skewed data, bagging and paired sampling were utilised with the goal to reduce

bias. The ensemble proves to be more robust and produces a higher predictive power

than any of the machine learning algorithms independently. The model is trained on

monthly data extracted from the Russell 3000 index over 30 years. The target firms

represent 0.5% of the universe, the SMAP model achieves approximately 10% precision

when predicting target firms. This is the most optimal study to date using a holdout set

that correctly represents the M&A population. The SMAP model generates a probability

of being taken out for each company in the holdout set. When the results are grouped

into deciles (10 groups) the precision increases with each predicted decile. To put this

in perspective the first decile (Q1) captures 2.5% of possible takeovers whereas the last

decile (Q10) captures 25% of takeovers.

Francisco (2017) [72] utilising CrunchBase data, created models including random forest,

logistic regression and a support vector machine. The random forest produced the best

results, achieving a True Positive Rate (TPR) of 94.1% and a False Positive Rate (FPR)

of 7.8%, the highest accuracy reported with this dataset. The model stands out for its

ability to classify start-ups with high precision (92.2%) and an AUC of 93.2%, surpassing

previous studies’ results. The study’s innovative approach involved transforming features

into binary variables, which, while increasing computational time, enhanced the model’s

effectiveness. A limitation of the study is within the dataset’s composition, where 16.8%

of companies were involved in M&A events, this is significantly higher than the natural

occurrence of around 0.5% [12]. Thus, the model may not perform as well in typical

market conditions where the frequency of M&As is far lower.

Arroyo et al. (2019) [73] explored the application of machine learning techniques to en-

hance decision-making in venture capital investments, particularly for early-stage com-

panies. Recognizing the high uncertainty in this sector, their study sought to provide a

more comprehensive risk assessment tool than those currently available. They focused on

expanding beyond the traditional binary classification of predicting whether a company

would be acquired or go public. Instead, their model also predicted other outcomes like

receiving further funding rounds or closure, providing a broader perspective on potential

investment returns. They incorporated a variety of algorithms including decision trees,

random forest, gradient boosted tree and support vector machine. Among the various

algorithms tested, the Gradient Boosted Tree model stood out, particularly for its ability

to predict acquisitions (AC). This algorithm achieved a precision of 0.55, making it the

most effective method in the study for identifying companies likely to be acquired. This

is a significant result as the proportion of M&A events in the dataset was only 2.7%,

closely aligning with the naturally occurring rate in the global market.
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Aramyan (2021) [27] set out to build a mergers and acquisition predictive model that

could provide an excess return on investment. The logistic regression model was chosen

due to its robustness and proven performance in M&A literature, features were selected

based on past empirical studies. The dataset is made up of large US companies from

April 2010 - June 2021 and is pulled from the Refinitiv workspace. The holdout set

contains 84 target companies and 1704 non-target companies, thus the holdout set is

about 5% of the universe. The out of sample model achieved the following results: AUC

ROC: 0.6, Accuracy: 0.58, Precision: 0.06, Recall: 0.57, False Positive Rate: 0.42 and

F1 Score: 0.11.

3.3 Summary

This chapter examined related work that aimed at forecasting mergers and acquisitions.

A combination of traditional and machine learning architecture was studied to find

features that may be important in the prediction of M&A events. After reviewing the

machine learning architectures in the context of mergers and acquisitions, it is evident

that there is a significant research gap in leveraging more powerful machine learning

algorithms such as gradient-boosted trees and neural networks. The works of Luo et

al. [12] and Geha [25] were particularly insightful into the methodologies required to

conduct a comprehensive study on the prediction of mergers and acquisitions.



Chapter 4

Experimental Design and

Datasets

This chapter contains a summary of the data used to conduct the experiments, a high-

level view of the experimental framework and the computing environment in which the

experiments were performed.

4.1 Datasets

The data used in the experiments is financial stock market data pulled from the Refinitiv

Eikon database. Data was extracted at weekly periodic intervals, as this was seen as

a good compromise of efficiency and amount of data obtained. The daily data yields

five times the weekly data but introduces a large amount of noise that occurs due to

the large volatility of the market from day to day. The stock market data is pulled

over a twenty-year period for this study, thus daily data has the added disadvantage of

creating too large a dataset for the compute power available as well as hitting data limits

on the Refinitiv Eikon license. Monthly data although more robust to the volatility of

the market, allows far less data to be obtained compared to weekly data.

The data extracted is from the beginning of January 2000 to the end of July 2019, this

period was chosen in order to avoid the COVID-19 pandemic which started at the end of

December 2019. The data was pulled weekly on Friday after the close of the New York

Stock Exchange (NYSE) and the NASDAQ. The US stock exchanges are the largest in

the world and represents a large portion of the dataset, thus the choice to pull data on

their closing time makes the most sense for our database.

35
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To create the database, the top 10000 companies in terms of market cap (size) were

pulled from the global database every week. Any companies that were involved in

mergers or acquisitions were classified as a 1 in the week before the announcement. Any

company that was not a merger or acquisition was labelled as a 0. This created our

highly imbalanced dataset where 0.4% of the data were M&As. The features used in the

dataset are listed in the appendix (Figure A.5). The database is quantile transformed

(grouped by date) to a normal distribution to normalise skewed distributions and lessen

the impact of outliers [74]. Once quantile transformed the data is min-max scaled

(grouped by date) between 0 and 1 as many machine learning algorithms perform better

when input features fall within a relatively small range.

4.2 Experimental Design

Classifiers

The classifiers utilised when conducting the study are displayed in table 4.1. The

shorthand is also given which will be used to refer to these algorithms going forward.

The logistic regression, random forest and LGBM implementations are imported from

Scikit-learn machine learning library. The LSTM and TabTransformer are implemented

through Keras, a high-level API of Tensorflow 2.

LR Logistic Regression
RF Random Forest

LGBM Light Gradient-boosting Machine
LSTM Long Short-Term memory

TT TabTransformer

Table 4.1: Classifier Definitions

Machine Learning Framework Implementations

Python The de facto standard programming languages for data science problems are

Python and R. Python has been chosen due to familiarity with the language and it holds

powerful tools for data science. These tools include data science libraries such Keras,

Scikit-Learn, Matplotlib, PyTorch and many more.

Scikit-Learn Scikit-learn (Sklearn) is a machine learning software library that allows

easy access and use of otherwise complex machine learning algorithms. The algorithms

in Sklearn that are utilised for this study include the random forest classifier, logistic

regression and LGBM classifier.
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Keras Keras is a high-level framework that is built on top of Tensorflow 2, it provides

a python interface of neural networks. The algorithms that we use from Keras include

a perceptron, a multi-layered perceptron and a LSTM.

Jupyter Notebook Jupyter Notebook is an integrated development environment (IDE)

that runs via a web browser. The environment has been designed around the field of data

science and research applications. It has powerful data visualisation and text editing

tools that are not offered with other IDEs.

Imbalanced-Learn Imbalanced-learn (Imblearn) is an open-source MIT-licensed li-

brary which allows access to tools specifically created for imbalanced datasets.

Metrics

The most popular metric in machine learning is the classification accuracy measurement:

Accuracy =
Correct Predictions

Total Predictions

The classification accuracy metric is avoided when measuring the effectiveness of a model

on imbalanced data, as the accuracy will be skewed by the large difference in class

frequency. A high accuracy can be achieved by just predicting the majority class. This

phenomenon is known as the accuracy paradox, high accuracy does not necessarily mean

strong predictive ability.

There are, however, a variety of metrics that give us a good idea of the true performance

of a model in relation to imbalanced datasets. The confusion matrix is a visual summary

of prediction results for a classification problem, it helps identify where your algorithms

strengths and weaknesses are in terms of prediction. To construct a confusion matrix

two parameters are necessary, true labels and predicted labels.

In the binary case this table will also exactly represent true positives, false positives,

false negatives and true negatives. The table below shows the confusion matrix for a

binary classification problem with classes A and B.

MAtrue non−MAtrue

MApred TP FP

non−MApred FN TN

• True Positive (TP) - Where class A is predicted and it is class A.

• False Positive (FP) - Where class A is predicted but it is class B.

• False Negative (FN) - Where class B is predicted but it is class A.
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• True Negative (TN) - Where class B is predicted and it is class B.

Using TP, FP, FN and TN we can derive many metrics that are more applicable than

classification accuracy when dealing with class-imbalanced datasets, as their results

aren’t skewed by class frequency. These include precision, recall, F1 score, area under the

precision-recall curve (PRAUC) and area under the receiving operating characteristic

curve (AUC ROC). The precision recall curve illustrates the trade-off between precision

and recall at all classification thresholds. Similarly a ROC curve plots recall against the

false positive rate across the same thresholds. The Area Under the Curve (AUC) of both

these plots is a single-number summary often used to quantify a classifiers performance

in an imbalanced context.

Precision =
True Positives

True Positives + False Positives

Figure 4.1: Precision measures the proportion of true positives out of all predicted
positives.

Recall =
True Positives

True Positives + False Negatives

Figure 4.2: Recall (or Sensitivity) measures the proportion of true positives out of all
actual positives.

False Positive Rate (FPR) =
False Positives

False Positives + True Negatives

Figure 4.3: False Positive Rate measures the proportion of false positives out of all
actual negatives.

F1 Score = 2 · Precision · Recall

Precision + Recall

Figure 4.4: F1 Score is the harmonic mean of precision and recall, balancing both
metrics.

F0.5 Score = (1 + 0.52) · Precision · Recall

(0.52 · Precision) + Recall

Figure 4.5: F05 Score is a variant of F Score, giving more two times weight to precision
than to recall
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High-level Architecture Diagram

Figure 4.6: High-level architecture diagram

This study is setup as a binary classification problem, where target firms are labelled

as 1 and non-targets firms are labelled as 0. The framework developed will use machine

learning techniques to evaluate the models ability to predict mergers and acquisitions.

The workflow of the project consists of three main components: data collection, data pre-

processing and implementing machine learning algorithms. Data collection will be done

via the Eikon API. It is indispensable to collect a large amount of data to compensate

for the highly imbalanced nature of the data. This also helps with the dimensionality

problem that is inherent in having a large number of features (Figure A.5).

The preprocessing step will include imputation, scaling of the raw data, feature selection

and lastly data sampling to put the dataset in an optimal state for algorithms to extract

performance from the dataset. Thus, heavy experimentation is required for each part of

the preprocessing that has been identified as a key aspect.

The Scikit-Learn machine learning package encompasses the majority of algorithms we

will examine. The random forest classifier, logistic regression and LightGBM will be

imported from Scikit-Learn. The LSTM will be imported from the Keras API, a software

library which provides a Python interface for artificial neural networks. An algorithm will

be selected from the focus subset to build a model to use on the preprocessed data. The

Eikon data will then be split into two parts, training set and test set. The training set

contains a training subset and a validation set. To find optimal hyperparameters purged

time series five-fold cross validation will be run on the training subset and validation
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set. The best parameters found will subsequently be used on the whole training subset

to create an optimal model. This model predicts on the test set and is evaluated using

several metrics.

Cross Validation

The standard K-fold cross validation seems to fail when applied to financial datasets

[75], as it can contribute to overfitting. The reason K-fold CV fails in a financial context

is because it assumes the data is independently and identically distributed (IID). Several

features in the dataset could demonstrate autocorrelation, a condition whereby a value

is correlated with its own historical values. Additionally, due to the temporal proximity

of the observations, there is a risk of data leakage at the database level. Data leakage

gives models an unfair advantage and thus does not provide a realistic assessment of the

models performance. To mitigate this problem when using cross validation a small gap

of data will be left out before the validation set of each fold and before beginning the

next fold another gap will be left out. Thus, time series purged cross validation will be

used as seen in Figure 4.7.

Figure 4.7: Time-series 5-fold CV [10]

GridSearch is the most simple and widely used hyperparameter tuning method, how-

ever more sophisticated methods are now available. One such method is Hyperopt a

Python library for Bayesian optimization. Both Hyperopt and GridSearch are libraries

for machine learning hyperparameter optimization, however they operate in slightly dif-

ferent ways. A straightforward and popular technique for tuning hyperparameters is

GridSearch. A grid of parameter values must be specified, and the algorithm will train

and assess a model for each set of parameter values in the grid. GridSearch can be

computationally expensive, particularly when there are many possible parameter value

combinations.

On the other hand, Hyperopt is a more advanced library for tuning hyperparameters.

It searches for the ideal set of hyperparameters using an optimization approach called
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Tree-structured Parzen Estimator (TPE). To narrow the search to the most promis-

ing areas of the hyperparameter space, TPE builds a probability distribution over the

hyperparameters and updates it based on the model’s historical performance.

In plain English, GridSearch is an exhaustive search approach that tries all conceiv-

able parameter combinations, whereas Hyperopt employs a smart search method that

learns from the model’s prior evaluations and attempts to more effectively explore the

hyperparameter space.

It is important to note that Hyperopt is typically more computationally effective than

GridSearch and is especially helpful when there are several hyperparameters or a complex

search space.

Sequence-to-sequence learning

For the validation and holdout sets, potential concerns regarding the LSTM’s require-

ment for preceding datapoints are mitigated. Specifically, for the initial data point of a

stock in the validation period, the model uses the terminal instances from the training

set to form a complete sequence. This ensures continuity in the data fed into the LSTM,

preserving the sequential context that is critical for its predictive performance.

The LSTM model necessitates that data for each stock be chronologically ordered,

maintaining the temporal integrity essential for sequence-to-sequence learning. Thus,

sequences for each stock are grouped together within the dataset:

All sequences for Stock A (Sequence 1, Sequence 2, ..., Sequence N) Followed by all

sequences for Stock B (Sequence 1, Sequence 2, ..., Sequence N) And so on for Stock C,

and subsequent stocks.

As the LSTM processes sequences from different stocks, its hidden states are reset to

avoid information leakage. This reset is crucial; it ensures that the predictions for each

stock are generated independently, based on its own historical data, without influence

from the data of other stocks.

In contrast, the TabTransformer applied in our study is not a sequence-to-sequence

learning model. It does not model temporal dependencies in the data. Instead, it focuses

on capturing complex relationships and interactions between features within individual

data points, applying self-attention to learn which features are most important without

considering their order in a sequence. This characteristic makes the TabTransformer

particularly well-suited for tabular data where the primary goal is to discern the influence

of various independent features on the target variable.
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4.3 Experiments

This section briefly discusses the experiments conducted and the motivation behind

them. The experiments each focus on a different component of the machine learning

architecture.

Imputation

The dataset has a large number of N/A values, which occur when there is no available

data for a particular stock feature on a certain date. Many machine learning algorithms

cannot run or have reduced performance with N/A values in a dataset. Thus, they must

be removed or substituted for a value that the ML algorithms can process. To deal

with N/A values, one must use an imputation technique. In the imputation experiment,

a variety of simple and multivariate imputers are evaluated on four arbitrarily selected

features from the dataset. These features were chosen, purged of all existing N/A values,

and subsequently reintroduced with artificial N/A values at different proportions: 10%,

20% and 50%. This approach allows for a robust assessment of the effectiveness of

imputation techniques to accurately impute known data. The performance comparison

used the R-squared metric to measure the imputers ability to reproduce the original

dataset.

Feature Selection

There are often redundant features that do not have any predictive power in relation

to the target. These features make it more difficult for a model to learn meaningful

relationships between the features and the labels, which may result in an increase in

model complexity and a decrease in performance. Using feature selection algorithms

to remove redundant features allows the models to focus on more important features,

thereby reducing computational cost and model complexity. This process often results

in an increase in performance [76]. In this experiment, the performance of the focus

algorithms are measured across four different datasets. Three of these datasets are

subsets reduced based on feature importances produced by LightGBM and random

forest algorithms. The objective is to determine the impact of feature selection on

model performance, measured through F05 score.

Hyperparameter Tuning

Hyperparameter tuning is a crucial step when optimising machine learning models and

is particularly important when working with imbalanced data. Finding suitable hyper-

parameters can be challenging in these scenarios as common parameter settings often

perform poorly in the presence of a skewed class distribution [77]. This is because most
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algorithms expect a a balanced class distribution. Hyperparameter tuning allows models

to mitigate overfitting and underfitting through the optimisation of the models’ complex-

ity and regularisation parameters. The comparison of different machine learning models

with various hyperparameter configurations enables the selection of the best model for

the specific problem and dataset.

Data Sampling

Data sampling techniques are a valuable tool when dealing with highly imbalanced

datasets as they address the class imbalance problem [77]. This experiment compares

standard data sampling techniques, including random oversampling, random undersam-

pling, ADASYN, SMOTE, OSS and NCR, to investigate their potential advantages over

non-sampled data. The evaluation will be performed using the F05 metric and PRAUC,

which are commonly used to measure a model’s ability in imbalanced classification tasks.

Holdout Performance

This is an evaluation, which incorporates all the insights from the preceding experiments

to compare the performance of the most optimal models. The comparison is done using

F05 scores, a consistent metric throughout the validation experiments. Additionally,

ROC curves and Precision-Recall curves are leveraged to give a comprehensive under-

standing of the algorithms’ performances on unseen data. Moreover, the evaluation also

explores a reduced subset of data to assess if comparable results are achievable with a

smaller volume of data. The evaluation also ensembles all the models trained on the

full dataset to test the real-world applicability of these models in the construction of an

investment strategy.



Chapter 5

Imputation and Feature Selection

5.1 Imputing Missing Data

The dataset that has been constructed has many N/A values, so it is worth-while to find

an imputation method that is both accurate and computationally efficient. Due to the

high dimensionality of the dataset, listwise deletion is not a viable option as too much

important information will be lost.

Simple Imputer Comparison

The simple imputers chosen for comparison include:

• Mean imputer

• Median imputer

• Rolling mean imputer by group

• Rolling median imputer by group

• Forward fill imputer by group (negligible amount of N/As at beginning of database

are backward filled by group)

The ‘group’ element in some of the imputers refers to data being grouped into its RIC-

Code before implementing any imputation. The experiment was conducted on a single

year of the database 2017-2018. Four features were randomly selected from the database,

with any N/A rows being removed, as this generates a complete database to try and

predict. Then on the complete data, N/As were randomly added to the database at

44
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different percentages 10%, 20% and 50%. The tables below display the performance of

each imputer on each of the features according to R2. R2 evaluates linear regression

functions (perfect is 1.0) and describes the variation of the predicted target values and

the true values.

Figure 5.1: Data Imputation on dataset with 10% nans

Figure 5.2: Data Imputation on dataset with 20% nans

Discussion on Simple Imputers

The performance of the simple imputers is evaluated thoroughly using four randomly

selected features and measuring their performance through the R2 metric. It is clear

through this investigation that the simple imputer with the highest performance is ‘FFill’

by group. Achieving above 0.9 R2 on all features with any percentage of N/As that it was

tested on. ‘RollingMean’ and ’RollingMedian’ by group both replaced N/As accurately.

However, the imputation of the feature ‘Price To Book’ showed a significant difference

between ‘FFill’ and the rolling imputations which got wider as the N/A percentage

increased. The gap was most prominent in the dataset with 50% N/As as every method
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Figure 5.3: Data Imputation on dataset with 50% nans

was inferior to ‘FFill’ on all features. ‘Mean’ and ‘Median’ also fell significantly behind

on this dataset.

Multiple Imputer Comparison

The multivariate imputers include:

• K-Nearest Neighbours Imputer

• MICE

• MissForest Imputer

Figure 5.4: Data Imputation on dataset with 10% nans
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Figure 5.5: Data Imputation on dataset with 20% nans

Figure 5.6: Data Imputation on dataset with 50% nans

Discussion on Multivariate Imputers

The highest performing multivariate imputer was the MissForest algorithm. This is

essentially a random forest regressor that predicts the missing values of a feature using

all other features it has available. Although the performance of MissForest and MICE

was very similar, MissForest produced a more accurate imputed dataset in all the test

cases. The KNNImputer performed relatively well when the percentage of missingness

was 10% and 20%, however in the 50% test case it was found to be significantly worse

compared to MICE and MissForest.

Conclusion

The simple imputers using the ‘groupby’ methodology (FFill, RollingMean, RollingMe-

dian) had the best attempt at recreating the original dataset. However, these method-

ologies rely on the company with missing feature data to have past records of the same

features. In such cases MissForest will be used to impute whatever data the ‘groupby’
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methods could not, as it outperformed mean, median and all other multivariate tech-

niques tested.

5.2 Feature Selection

This experiment is conducted with the aim of reducing the dimensionality of the dataset,

without sacrificing performance. The experiment includes dropping features/columns

that produced low feature importance across a multitude of models. Reducing the

feature vector subset can reduce overfitting, improve performance and reduce the com-

putational cost of running algorithms. This is an approach for dealing with ‘the curse of

dimensionality’ [41], this describes the phenomena that occurs when adding more dimen-

sions to a feature space whereby the number of samples required increases exponentially

in relation to the number of dimensions.

Five-fold walk forward cross validation was used in conjunction with Hyperopt Bayesian

optimisation library to find which dataset produced the best validation performance on

key metrics for imbalanced datasets. The number of M&As in the dataset is very low

and thus the training folds all included 7+ years of data to give the algorithms more

data to identify trends that lead to a company being a M&A.

Reducing dimensionality

This experiment compares the performance of the focus algorithms on the full dataset,

and subsequently smaller versions (in terms of dimensions) of the dataset. The original

database has around 200 features (Figure A.5), its performance is measured against

three smaller versions of the database which are 75%, 50% and 25% of the original 200

features.

Tree-based methods were used for feature selection due to their computational efficiency

and recorded performance in similar imbalanced problems. In fact, PayPal [76] incorpo-

rates these methods when trying to detect fraudulent transactions which is an inherently

imbalanced problem.

Dimension reduction was conducted by running 50 runs of LightGBM and random forest

separately on the full dataset and choosing the top three models in terms of F05 score

for both. Then the average feature importance across the six chosen models was used

to cull the number of features in the dataset. Features with the lowest average feature

importance were dropped at different thresholds, firstly dropping 25% of features then
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50% and finally 75% of the original features. The analysis is conducted on each of the

algorithms individually to find its preferred feature set.

F05 The F-score metric is a weighted harmonic mean of the imbalanced specific metrics

precision and recall. The standard F-score metric is the F1-score which is an exact

mean of precision and recall. For this study, F05 has been deemed more appropriate as

it assigns double the weight to precision compared to recall. This is due the fact that it

would be better to detect less M&A events if the ratio of correct positive predictions is

higher (precision).

Logistic Regression Logistic regression is the baseline algorithm and has been the

subject of many papers investigating its efficiency on M&A events [12, 25, 63].

Figure 5.7: F05 Validation Results

The best feature percentage for logistic regression is the full dataset which produces the

best max, min, median and overall spread of data (Figure 5.7). The performance of

the algorithm remains good across the different feature percentages, with a significant

dropoff only observed in the lowest feature percentage subset. The spread of performance

shown by the interquartile range across the logistic regression models demonstrates

the consistency of the algorithm. Logistic regression is useful for comparison purposes

against the state-of-the-art algorithms such as recurrent neural nets and gradient boosted

trees due to its prevalence in this particular field.
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Random Forest The first algorithm tested was the random forest, where 50 trials were

run on generally good hyperparameters.

Figure 5.8: F05 Validation Results

The box and whisker clearly shows that the full dataset produces the best validation

results for the random forest classifier (Figure 5.8), with it producing the highest median,

maximum and minimum F05 score of all the feature percentages over 50 trials. The

performance of the random forest trends downwards the fewer features it is given. Only

a few outlier models from the 75% feature subset compete with the top 25 models trained

on the full dataset. This observation is not surprising as random forests inherently

train on a subset of the features with a subsample of the training data for each tree

and thus do not usually require feature pruning [78, 79]. They are extremely robust

models and thus providing more features should be better in theory, as long as the

features are not highly correlated. The dataset using only 25% of the original features

demonstrates the problem with too few features. With fewer features available for the

random forest to subsample, the distribution becomes more constrained. This restriction

limits the amount of information the model can draw from, increasing the likelihood of

underfitting.

LightGBM Microsoft’s LightGBM was the second algorithm to be tested on different

feature percentages.

Similar to the random forest the LightGBM Classifier performs best when it is given

the full feature set as it has the highest maximum, minimum and median value. The

full dataset’s top 25 models were all higher than the best trial in each of the other three

datasets, thus it has quite a significant performance benefit compared to the models

trained on lesser features. The trials on 75% of the data maintain a relatively strong

performance, but when the features are reduced to 50% and 25% the result of an average
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Figure 5.9: F05 Validation Results

trial tends to be worse. To show this we compare the results of the feature subset of

75% to the feature subset of 25%, 75’s median to upper quartile (models ranked 26-

50) produce a similar performance to 25’s models between the upper quartile and the

maximum. The models created on 50% of the data still demonstrate the ability to

outperform models that have access to more features. This is most notable where the

maximum of the 50% feature subset models has a higher F05-score than the best model

from the 75% feature subset.

LightGBM has two important parameters which help it create weak learners to later

be ensembled. The parameters include ‘subsample’ which is the fraction of samples

provided in the input to train each tree and ‘colsample by tree’ which is the fraction of

features to be used to train each tree [40]. In other words, it is robust to ‘weak features’

and often will find more performance when additional useful features are added to the

database.

LSTM A LSTM is a deep learning method which takes into account the time-series

aspect of the data. It has been historically good at language recognition and forecasting

time series data [80]. The long-short term memory neural network can process sequences

of time-series data, giving it the ability to find key patterns that occur through time

and avoids the vanishing gradient problem associated with standard recurrent neural

networks.

The LSTM models seem to prefer models with fewer features, this is likely because

smaller datasets allow the neural network to converge faster. This is the point where

model training has reached a minimum error rate on the training set, additional training

will not benefit the model. The best performing feature set is the 50% subset which has

the best minimum, median and the top 25 models (Q3 to maximum) of any of the feature
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Figure 5.10: F05 Validation Results

sets. There is a case to be made that the higher feature set could perform better if the

computation time was not an issue, however, to complete 50 trials of each feature set

many models did not converge. The LSTM uses input normalisation (Min-Max scaler)

to help the neural network converge faster. The LSTM uses ‘tanh’ as its activation

function for its hidden layer as this is the default for LSTMs. The ‘tanh’ activation

function is slower than the popular ‘ReLU’ function but is considered more appropriate

for the LSTM framework [81] as ‘ReLU’ can produce large varying outputs causing it

to diverge.

TabTransformer The TabTransformer is a tabular based deep learning model which

uses the attention architecture to make categorical variables more useful by increasing

their expressive power in a structured dataset.

Figure 5.11: F05 Validation Results
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The results in Figure 5.11 show the TabTransformer algorithm had its highest performing

models (Q3 to maximum) when using 75% of features. This was followed closely in

performance by the models using all of the features. There is not a significant difference

in the performance of these two feature spaces, however it could be speculated that the

models using 100% of the features could be using too many features (noise) leading to

overfitting. Conversely, the models using only 50% and 25% of the features led to the

loss of important information thus resulting in poorer performance in terms of F05 score.

It is worth noting that outliers in the 50% and 25% feature percentage groups performed

well, meaning that certain hyperparameter combinations can perform well even with a

lesser feature set.

5.3 Summary

The validation results from the focus algorithms have produced some noteworthy con-

clusions. The tree-based models: random forest classifier and LightGBM classifier both

produce their best results when given the full feature set to work with as they are robust

in eliminating noise from the dataset and are best left to choose their own feature sub-

sets. The deep neural nets: LSTM and TabTransformer tend to perform better when

feature selection has removed ‘irrelevant features’ (noise) which allows the algorithm to

converge faster, and is less likely to overfit [82]. Overall deep neural networks (DNNs)

have more complex architectures compared to tree-based models and are more likely to

overfit to noisy data. Feature reduction helps reduce the ‘noisiness’ making it easier for

the DNNs to learn the important patterns within the dataset. Tree-based models show

great performance when handling data with a high dimensionality as they split on the

most important features.



Chapter 6

Hyperparameter Tuning

In this chapter the individual hyperparameters of each algorithm will be analysed and

optimised to produce the greatest validation performance which should, in theory help

the holdout performance in the final models. These hyperparameters control the model’s

function and have a big effect on performance. Hyperparameter tuning becomes even

more relevant in the event of a significant class imbalance, when the number of samples

in one class vastly outweighs the number of samples of the other class. An imbalanced

dataset can present several difficulties when training the model, including bias in favour

of the more common class and poor predictive accuracy on the minority class. Therefore,

to overcome these challenges and optimise the models careful selection and tuning of

hyperparameters is required.

6.1 Tuning Process

The Hyperopt package has been shown to be the most efficient technique in terms of

accuracy and computation time when compared to standard techniques such as Grid

search and Random search [83]. The major advantage of using a Bayesian optimisation

(informed search) method like Hyperopt is that it improves from previous trials. This

is often a less tedious and time-consuming technique compared to standard techniques.

In the previous feature selection experiment, Hyperopt was used to run through a space

of hyperparameters for every algorithm with smaller and smaller feature subsets. The

process can be summarised as follows:

• Create four datasets from the original dataset containing 100%, 75%, 50% and

25% of features.

54
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• Define a parameter space for machine learning algorithm of choice.

• On each of the four datasets run 50 trials of 5-fold cross validation using the

Hyperopt package which uses Bayesian Optimisation to find the most optimal

parameters within the parameter space.

The trials from the best performing feature subset of each algorithm are analysed in this

section to propose optimal parameters.

6.2 Algorithms

Logistic Regression

The hyperparameters adjusted for logistic regression are as follows:

solver ‘sag’, ‘saga’ and ‘lbfgs’

C Range between 0.05 and 3

tol Range between 0.01 and 0.1

max iter Range between 100 and 10000

fit intercept True or False

Table 6.1: Logit Hyperopt Space

(a) solver parameter (b) fit intercept parameter

Figure 6.1: (A) SAGA and SAG solvers produce better performance compared to
L-BFGS (B) The ‘fit intercept’ bias does not seem to impact performance

Each point in the scatter plots Figure 6.1a and Figure 6.1b correspond to one of 50 runs

of hyperparameter tuning, where the model’s performance is evaluated using F05 score.

These parameters are analysed independently due to their distinct nature, which allows
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clearer understanding of the individual impact of each parameter on the model’s perfor-

mance. The only hyperparameters that changed the performance of logistic regression

noticeably included the solver and ‘fit intercept’ parameters. The solver (optimizer)

parameter is much better using ‘sag’ or ‘saga’ compared to the default solver ‘lbfgs’,

Figure 6.1a. The stochastic gradient descent (SGD) solvers ‘sag’ and ‘saga’ are both ef-

fective for large datasets[84, 85]. On such datasets, it has been demonstrated that these

solvers converge more quickly and are more resilient to improper initialisation compared

to ‘lbfgs’. The two methods both incorporate regularisation, ‘sag’ employs a recollection

of previous gradients to enhance the optimisation, ‘saga’ uses an adaptive step size that

modifies the learning rate based on gradient information. Both these methods lessen

the risk of overfitting and increase the model’s generalisability. The computation of the

Hessian matrix is necessary for the second-order optimisation algorithm ‘lbfgs’, this is

often computationally expensive for big datasets. However, ‘sag’ and ‘saga’ simply need

to compute the gradient, which is far less expensive in terms of compute power.

The fit intercept parameter (Figure 6.1b) adds a bias to the decision function. The

scatter plot does not show a clear advantage in choosing to use a bias for the logit

model.

Random Forest

The hyperparameters adjusted for random forest are as follows:

max depth Range between 5 and 12

bagging freq Range between 10 and 50

bagging fraction Choice of 0.5 or 0.8

reg alpha Choice of 0.0001, 0.1, 1 or 10

n estimators 50

scale pos weight Choice of 1, 5, 10 or 25

Table 6.2: Random forest Hyperopt Space
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(a) max depth parameter (b) scale pos weight parameter

(c) bagging freq and bagging fraction

Figure 6.2: (A) max depth parameter seems to favour the 7-9 range (B)
scale pos weight is significantly better when set to 5 (C) Contour plot showing the

‘sweet spot’ for bagging freq and bagging fraction parameters

The most obvious performance enhancing parameter is scale pos weight which is a pa-

rameter that determines how important the minority class is in comparison to the ma-

jority. When the target variable is unbalanced, the ‘scale pos weight’ parameter is used

to balance the class distribution in the training set [86]. Setting the weight to 5 produces

the best F05-score (see Figure 6.2b), with a value of 5 the random forest treats one in-

stance of the positive class as equivalent to five instances of the negative class during the

model training process. When the positive class is relatively uncommon and the model

is forced to train on a limited subset of positive samples then up-weighting the positive

class can be effective. Thus up-weighting the positive instances helps the model dis-

criminate better between positive and negative instances. When the ‘scale pos weight’

is set to higher values such as 10 or 25 the training set may be geared too much towards

the positive class, which results in overfitting and poor performance on the validation

set. In the case where ‘scale pos weight’ is set to 1, the positive and negative samples

are treated equally. This often causes a machine learning model to struggle with dif-

ferentiating positive and negative samples and thus exhibiting a bias in favour of the
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dominant class. Essentially the models tend to not generalise well when the positive

samples in the training set have significantly different characteristics to the positive

samples in the validation set. The F05-score is a metric derived from precision and re-

call, upweighting the positive class often coincides with an increase in the recall metric.

Thus ‘scale pos weight’ = 5 helps to increase the recall of the model without sacrificing

too much of the precision of the model.

The Bayesian optimizer favours the 7-9 range of max depth (Figure 6.2a) as it produces

most of the models with a high F05-score. The random forest algorithm is an ensemble

of decision trees whose individual predictions are combined to create a final output.

The maximum depth parameter determines the number of splits that each decision tree

can undergo before encountering the leaf node (deepest node). A deeper tree can often

capture more intricate connections between feature vectors and the binary target. It

can also cause overfitting, in which the model too closely resembles the training set

and thus does not generalise to unseen data. The maximum depth between 7-9 is a

good compromise between over-training and the complexity of the random forest model

[87, 88].

Figure 6.2c presents a contour plot that simultaneously evaluates the interaction between

the bagging frequency and bagging fraction parameters in a random forest model. Unlike

the previous scatter plots, this two-dimensional contour plot is necessary to illustrate

the co-dependence of these two parameters. Bagging frequency and bagging fraction

both fall under the bootstrap aggregating technique used in specific ensemble machine

learning models. Bootstrap aggregating trains many models on various subsets of the

training set and then combines their individual predictions to create a final prediction.

Bagging frequency regulates how frequently the bagging technique is applied to the data,

and bagging fraction regulates the percentage of the data used in each bagging phase.

The contour plot shows the optimal range for the random forest model when referring

to bagging frequency and bagging fraction is between 25-35 and 0.65-0.8 respectively,

see Figure 6.2c. A bagging frequency that is too high leads to overtrained models [89], a

value between 25 and 35 indicates that the bagging process is being applied somewhat

frequently. A bagging fraction value between 0.65-0.8 denotes that a sizable chunk of

the data is selected when bagging. Within these two ranges there is a balance in the

diversity of the trees and the computational complexity of the model. At the extremes of

the contour plot the bagging frequency of 40-45 might be too high, causing the trees to

be less diverse due to the random forest being limited to a certain set of features. When

this is coupled with high bagging fraction it worsens the overfitting issue [90] resulting

in subpar performance on the validation set.
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LightGBM

The hyperparameters adjusted for LightGBM are as follows:

max depth Range between 5 and 12

colsample bytree Range between 0 and 1

scale pos weight Choice of 1, 5, 10 or 25

reg alpha Choice of 0.0001, 0.1, 1 or 10

n estimators 50

Table 6.3: LightGBM Hyperopt Space

(a) max depth parameter (b) scale pos weight parameter

(c) colsample bytree (d) colsample bytree and max depth

Figure 6.3: LGBM hyperparameter scatter plots

Max depth , scale pos weight and colsample bytree are the parameters that significantly

impact performance of the LGBM models. The LightGBM models improve significantly

with a deeper tree, with maximum depths of 11 and 12 (see Figure 6.3a), this is consistent

with the findings in other studies [87, 88]. The relatively deep decision trees can help

identify more intricate patterns in large datasets which seems to pay dividends in the
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study. With a maximum depth of 11 or 12 the model builds reasonably deep trees

without overfitting.

Scale pos weight does best when left on the default value of 1, with all the models with

an F05-score above 0.035 corroborating this theory. This is unexpected as a higher

‘scale pos weight’ shifts the focus to the positive class (minority). In some cases it can

lead to overfitting as it makes the model too sensitive to the minority class leading to

sub-optimal performance.

Figure 6.3d presents a contour plot that combines the two parameters max depth and

colsample bytree offering a two-dimensional view of their interaction. This allows a visu-

alisation of the optimal regions where both parameters work together to achieve the best

F05 scores. This gives a more comprehensive view of optimal parameter combinations

compared to one dimensional plots. The contour plot (Figure 6.3d) shows the optimal

range for the LGBM models fall between 0.4 and 0.85 for colsample bytree and a maxi-

mum depth between 9-12. Colsample bytree is the fraction of features used to build each

individual tree, this ideal range combats underfitting and overfitting with a single hy-

perparameter [91]. A value between 0.4 and 0.85 means that a significant fraction of the

columns are being taken into account, this often helps capture more information from

the data. It is important to note that this means the model is not using all features for

each tree which may help prevent overfitting. A very low colsample bytree (less than 0.4)

also causes the models to perform poorly. Meanwhile the maximum depth parameter

residing between 9-12 is able to capture complex relationships between feature vectors

and the target without overfitting or having to high a model complexity [87, 88]. On

the other hand, any model considered shallow (max depth below 9) shows a significant

drop-off in performance no matter the colsample by tree value used. The shallow LGBM

can restrict the model’s capacity to learn intricate and nonlinear correlations between

the feature vectors and the target, this can often result in an underfit model.

LSTM

The hyperparameters adjusted for LSTM are as follows:

learning rate Range between 0.01 and 0.00001

dropout rate input Choice of 0, 0.2 and 0.5

neurons (first layer) Range between 113 and 226

neurons (second layer) Half the neurons as the first layer

Table 6.4: LSTM Hyperopt Space
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(a) dropout rate parameter (b) learning rate and neurons

Figure 6.4: LSTM hyperparameter scatter plots

The dropout rate parameter (Figure 6.4a) has slightly better performance when set to

0.5 compared to the lower values. The dropout rate regulates the percentage of neurons

that are ‘switched off’ at random during each training phase. Half of the neurons in

the LSTM model are turned off during each training step when the dropout rate is 0.5.

This reduces the complexity of the model and enables it to learn more robust feature

vectors, which can help minimise overfitting. Due to their complex design and numerous

parameters, LSTM models are prone to overfitting, especially when working with big

sequences. A dropout rate of 0.5 aids in regularising the model to a large extent and

thus preventing overfitting.

Figure 6.4b is a contour plot that combines both learning rate and neurons in a two-

dimensional view. This plot helps to comprehend their interdependent effects on the

LSTM model performance. The LSTM produces the best results when selecting a model

between 140 to 180 neurons for the first hidden layer and between 70 and 90 neurons

for the second hidden layer (half of the first). The low-level features are extracted by

the first hidden layer. The model may learn from a wide range of features due to the

relatively high number of neurons in this layer. The second hidden layer combines the

features extracted from the first hidden layer to form more complex representations of

the data. Using half the neurons of the first hidden layer will reduce model complexity

and thus combat overfitting further. The learning rate determines how frequently the

optimisation algorithm updates the model parameters. A learning rate between 0.004

to 0.01 represents a relatively small step size, allowing the optimiser to converge on a

solution without overtraining.



Hyperparameter Tuning 62

TabTransformer

The hyperparameters adjusted for TabTransformer are as follows:

learning rate Range between 0.01 and 0.00001

embedding dim Choice of 8, 16, 32 or 64

depth Range between 2 and 10

heads Range between 4 and 16

attn dropout Range between 0 and 0.5

ff dropout Range between 0 and 0.5

Table 6.5: TabTransformer Hyperopt Space

(a) depth parameter (b) embedding dimension parameter

(c) heads parameter (d) attn dropout parameter

(e) ff dropout parameter

Figure 6.5: TabTransformer hyperparameter scatter plots
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TabTransformer is a deep learning tabular algorithm which has a tendency to memorise

the training data causing the model to overfit [92], thus a low ‘depth’ parameter (Fig-

ure 6.5a) is closer to optimal. The embedding dim parameter sets the dimensionality

of the feature embeddings that the model learns for every feature vector, the original

paper on TabTranformers [8] uses an embedding dimension of 32. A larger embedding

feature increases the capacity of the model to learn meaningful representations of input

feature vectors but can also increase the risk of overfitting. The converse is true for a

model with a low embedding dimension where the models have a reduced capacity to

learn complex relationships and can thus result in an underfit model. In this case the

standard embedding dimension of 32 is the best for the TabTransformer (Figure 6.5b).

The number of transformer heads (Figure 6.5c) controls the degree of parallelism in

the self-attention mechanism and can affect the capacity of the model and its ability

to learn complex relationships between inputs. A larger number of heads can increase

the model’s capacity to capture fine-grained patterns, but can also increase the risk of

overfitting. A smaller number of heads can reduce the model’s capacity but may also

limit its ability to capture complex patterns. All the superior models have the number

of heads lying between 4-9 transformer heads.

The dropout rate for attention (attn dropout) and feed-forward (ff dropout) layers in

TabTransformer can affect the model’s performance and its ability to generalize to new

data. Dropout is a regularization technique that randomly drops out some activations

during training to prevent overfitting.

Setting a higher dropout rate above 0.3 (Figure 6.5d, 6.5e) can increase the regulariza-

tion strength and improve the model’s generalization ability, but it can also reduce the

model’s capacity to learn complex patterns. Conversely, setting a lower dropout rate

between 0 and 0.3 can increase the model’s capacity but may also increase the risk of

overfitting.
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6.3 Summary

This chapter provides an analysis of the hyperparameter tuning that each algorithm

underwent to find the most optimal models for each algorithm. The beginning of the

chapter explains the process of how the hyperparameter tuning is conducted. Then each

of the focus algorithms and their hyperparameter tuning space is presented, followed by

scatter plots and contour plots which show where the optimal parameters lie.

Classifier Algorithm Ideal Parameters

Logistic Regression max iter=5736, fit intercept=’False’,
tol=0.086, C=1.5, solver=’saga’

Random Forest n estimators=50, max depth=9, num leaves=31,
reg alpha=0.0001, bagging fraction=0.8,
bagging freq=30, scale pos weight=5

LightGBM n estimators=50, max depth=12, num leaves=40,
learning rate=0.1, colsample bytree=0.47,
scale pos weight=1

LSTM *both LSTM layers have number of layers=3, units=180, dropout=0.5,
the same dropout and recurrent recurrent dropout=0.2, sequence length=13,
dropout, the second layer has optimiser=’adam’, learning rate=0.01,
half the units of the first (90 units) epochs=5, batch size=128

TabTransformer embedding dim=32, depth=2, heads=4,
attn dropout=0.35, ff dropout=0.45,
mlp hidden factors=[4, 8], optimiser=’adamw’,
learning rate=0.007, weight decay=0.006,
num epochs=50

Table 6.6: Ideal Parameters for Various Classifier Algorithms
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Data Sampling

The dataset is highly imbalanced with a ratio of 0.4 : 99.6, thus oversampling and un-

dersampling techniques are tested on each of the focus algorithms to see if they improve

validation performance. The dataset used in this experiment has imputed its N/A values

using the best imputation methods found in the imputation experiment.

Sampling Process The sampling comparison uses the same five-fold cross validation

split as done in the feature selection experiment. In each fold, the train portion is

oversampled/undersampled by date to reduce bias incurred when fitting the algorithm.

Oversampling and undersampling by date is essential, in that it preserves the sequential

nature of the data. This means that the data samplers cannot introduce future infor-

mation into the training set, as this would result in data leakage and compromise the

models. Thus, any synthetic samples or reduction in the dataset must take into consid-

eration the order of the dataset. The LSTM model had a more tailored approach due

to its sequential nature. Specifically, undersampling was performed by stock, grouping

all datapoints for each stock before any data reduction was applied, oversampling was

avoided due to the complexity of proper implementation for a LSTM model. This re-

tained the temporal sequence within each stock’s data. The validation portion of each

fold is left the same, as then it can be used to give a realistic evaluation of the algo-

rithm. The ‘imbalanced-learn’ package is used to apply well researched oversamplers:

random oversampler, SMOTE and ADASYN as well as the undersamplers: random un-

dersampler, NCR and OSS. After the sampling technique has been applied each focus

algorithm is then run on a 5-fold cross validation using Bayesian optimisation for a total

of 50 models. The average of the top 5 models (in terms of F05 and PRAUC) for each

algorithm is used to display the effectiveness of the sampler.
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The aim of this experiment is to find the best sampler to use for each algorithm and

not to find the best sampler across all algorithms, thus algorithms will be analysed on

an individual basis.

7.1 Oversamplers

The oversamplers to be compared include:

• Random Oversampler

• Synthetic Minority Oversampling Technique (SMOTE)

• Adaptive Synthetic (ADASYN)

As shown in Table 7.1 the comparison of sampling techniques was measured using the

F05 metric and AUCPR.

Classifier Metric
No

oversampling
Random

oversampling
SMOTE ADASYN

LR F05 0.0190 0.0184 0.0187 0.0156
RF F05 0.0326 0.0336 0.0330 0.0311

LGBM F05 0.0438 0.0442 0.0430 0.0402
LSTM F05 0.0335 - - -

TT F05 0.04 0.0456 0.0409 0.0402
LR AUPRC 0.0165 0.0158 0.0159 0.0143
RF AUPRC 0.0194 0.0245 0.0184 0.0149

LGBM AUPRC 0.0199 0.0226 0.0221 0.0219
LSTM AUPRC 0.0178 - - -

TT AUPRC 0.0224 0.0235 0.0231 0.0211

Table 7.1: Average validation performance of top 10% of models for each algorithm

Logistic Regression

None of the oversampling techniques improve the logistic regression algorithm in the

chosen metrics: F05 and AUPRC. Oversampling may add to the complexity of the

model due to the increase in minority samples in the dataset, this can cause overfitting

making it challenging to predict on unseen data.

Random Forest

The random forest seems to reap some benefit from the application of oversamplers, with

the only exception being the ADASYN oversampler. ADASYN is a more sophisticated

method of oversampling which generates synthetic samples by adapting the density
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distribution of samples near the class boundary. It may be less effective when the

number of minority samples is extremely small, making the generated synthetic samples

unrealistic and thus providing no new information for the model to capture.

The simpler oversampling methods random oversampling and SMOTE can be more effec-

tive when the imbalance is extreme. Random oversampling duplicates existing samples

from the minority class whilst SMOTE creates samples using interpolation of minority

samples. These simpler methods might produce more realistic samples that are closer or

the same as ‘real’ minority class examples. The downside of ADASYN is it can create

samples that quite different from the original minority examples.

LightGBM

The LightGBM has similar traits to the random forest as they are both tree-based

models that are built by ensembling many decision trees. The ADASYN oversampler

is significantly worse off in terms of F05 score for the LightGBM this is likely for the

same reason as in the random forest. The better methods were not oversampling or

random oversampling where neither emerged as superior methods in terms of F05 score.

It is noteworthy that the random oversampler method led to an increase in the AUPRC

metric.

LSTM

In the context of financial time series forecasting, particularly when applying a LSTM,

the integrity and sequential nature of the dataset is crucial. LSTMs are designed to

find underlying temporal dependencies, and are thus sensitive to the inherent sequence

within the dataset. Implementing oversamplers such as SMOTE, random oversampling

and ADASYN is risky as it creates non-existent stocks which may not appear in enough

timestamps to be useful in training. Therefore no oversamplers were not used in con-

junction with the LSTM, due to the complexity involved in proper implementation.

TabTransformer

TabTransformer achieves the best results when utilising random oversampling followed

by SMOTE and ADASYN, respectively. The TabTransformer models that used no

oversampling also produced a relatively good F05 score, but it was lower than the

oversampled models. The random oversampling technique fared the best, which may

suggest that the duplicate samples are more representative of real-world data and are

more beneficial than the synthetic samples generated by SMOTE or ADASYN.
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7.2 Undersamplers

The undersamplers compared include:

• Random Undersampler

• Nearest Cleaning Rule (NCR)

• One-Sided Selection (OSS)

As shown in Table 7.2 the comparison of sampling techniques was measured using the

F05 metric and AUCPR.

Classifier Metric
No

undersampling
Random

undersampling
NCR OSS

LR F05 0.0190 0.0339 0.0292 0.0345
RF F05 0.0326 0.035 0.0309 0.0339

LGBM F05 0.0438 0.0325 0.0312 0.0367
LSTM F05 0.0335 0.0311 0.0435 0.0395

TT F05 0.04 0.0388 0.0475 0.0437
LR AUPRC 0.0165 0.0164 0.0161 0.0153
RF AUPRC 0.0194 0.0203 0.019 0.0196

LGBM AUPRC 0.0199 0.021 0.0203 0.0203
LSTM AUPRC 0.0177 0.0173 0.0176 0.0181

TT AUPRC 0.0224 0.0226 0.0229 0.0219

Table 7.2: Average validation performance of top 10% of models for each
undersampler-algorithm combination

Logistic Regression

In contrast to the oversampling methods, the undersamplers resulted in a substantial

increase in F05 score. The disparity in AUPRC metric between the undersampling

techniques and no sampling was negligible. The substantial increase in F05 score may be

due to the large reduction in model complexity by having it train on far fewer samples.

Logistic regression is a relatively simple model in the field of machine learning, and

therefore it finds significant benefit in the noise reduction in the training data.

Random Forest

There is a small increase in F05 score when using random undersampling and OSS. The

balancing of the data distribution likely enhances the feature importance estimation.

The random forest model then assigns a higher feature importance to features that

are important to both the majority and minority class, instead of exhibiting bias in

favour of the majority class. Based on the observed improvement in F05 score, the
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undersampling methods may help learn more defined decision boundaries often yielding

better classification results [93–95].

LightGBM

Undersampling does not improve the F05 score of the LightGBM models. This could

be attributed to the loss of a large number of samples, leading to a potential loss of

information. This loss of samples may adversely impact the boosting process [40], where

decision trees are built sequentially on the residuals of the previous decision tree. The

reduction in training data for intermediate decision trees may result in weaker interme-

diate learners, thereby affecting the overall performance of the boosting process. It is

important to note that the LightGBM algorithm is effective as a cost-sensitive algorithm

and this could be a reason that it performs so well with no undersampling [96].

LSTM

Table 7.2 indicates that the LSTM performs better with the application of NCR and

OSS undersamplers, which is in line with surveys on the topic [97]. A LSTM model

can become too complex due to its large number of learnable parameters and thus

bias towards the majority class. The implementation of these undersampling methods

may enable the LSTM to identify the more important discriminate features, resulting

in improved feature importance from the training process. Another advantage of the

undersampled dataset in conjunction with the LSTM is that it can converge on an

optimal epoch much faster as the smaller dataset can update weights more efficiently.

The Nearest Cleaning Rule and One-Sided Selection are more selective in their removal

of samples as these techniques try to create a more representative sample distribution

of the majority class [61, 62]. This may be why these methods outperform the random

undersampler in the case of the LSTM models.

TabTransformer

Similar to the LSTM the TabTransformer models improve substantially on their F05

score when using NCR or OSS to undersample the data. Overall, the use of NCR and

OSS to selectively undersample the majority class likely reduces overfitting thus leading

to a better performance on the validation set.

7.3 Discussion

The results of the resampling experiment provide insight into the effectiveness of differ-

ent oversampling and undersampling techniques on the mergers and acquisition dataset.

Random oversampling was found to be the most effective oversampling technique for
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improving the performance of the random forest, LightGBM and TabTransformer al-

gorithms. SMOTE and ADASYN were found to be less effective, with ADASYN con-

sistently being the worst oversampling technique. In contrast, the LSTM and logistic

regression models did not benefit from oversampling. Thus, oversampling is not conduc-

tive to optimal model performance for the logistic regression and LSTM models.

Undersampling techniques were observed to be effective in terms of increasing the F05

score and AUPRC for every algorithm tested except LightGBM as evidenced in Ta-

ble 7.2. The optimal undersampler varied among the different algorithms. Random

undersampling produced the best performance for the random forest classifier, while

NCR improved the deep learning algorithms (LSTM and TabTransformer) the greatest

amount. Finally, OSS was the optimal undersampler for the logistic regression models.

This highlights the importance of considering the specific algorithm being used when

deciding whether to use oversampling or undersampling techniques. It also shows that

often different techniques need to be tried and tested to find the most effective approach

necessary for a specific algorithm and dataset combination.

7.4 Summary

This chapter describes a comparative analysis that was conducted to assess the perfor-

mance of different resampling methods in the forecasting of mergers and acquisitions.

The emphasis was on identifying the most effective sampling-algorithm combinations in

terms of F05 score and AUCPR. The findings of this experiment offer insightful sugges-

tions for the practical application of these resampling methods in the next chapter.
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Results and Analyses

This chapter compares the most optimal validation models for each algorithm on the

holdout dataset. The dataset is common across all the algorithms and incorporates the

imputation techniques found to be most effective in the imputation experiment. The

number of features used for the algorithms differs according to what produced the best

F05 score for the specific algorithm in the feature selection experiment. Hyperparameter

tuning and data sampling techniques were used to overcome the highly imbalanced

nature of the data.

8.1 Holdout Performance of Algorithms

The thesis focused on enhancing the validation performance of the machine learning

models, with the end goal of creating an optimised version of each algorithm.

In an effort to examine the impact of training set size on model performance, this

study employed two distinct sets of data for holdout analysis. The first training set

was the complete training dataset which spans from the start of 2000 to the end of

2017. The second set consisted of a reduced subset using the most recent four years of

training data spanning from the beginning of 2014 to the end of 2017. This approach

is designed to evaluate if an expansive dataset is necessary for yielding valuable results.

This comparison has implications on computational efficiency, as a smaller dataset with

similar results would reduce computational costs significantly. The investigation further

provides insights into the relevance of temporal proximity of the training data in the

context of predicting mergers and acquisitions.

Additionally, an equally weighted ensemble of all the models are also created for both

datasets. It is a well-established phenomenon in the field of machine learning that the
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aggregation of predictions generated by diverse models often results in a superior forecast

than any of the individual models predictions [98]. The ensemble consists of an equal

weighting of each model which is referred to as 1/n. This simple robust system often

outperforms complex weighting schemes when developing an ensemble [12, 99].

The following optimised algorithms (according to F05 score) were evaluated on the

holdout set:

• Logistic Regression with One-Sided-Selection

• Random Forest with Random Undersampling

• LightGBM with Random Oversampling

• LSTM with Nearest Cleaning Rule

• TabTransformer with Nearest Cleaning Rule

• Ensemble of all models

Figure 8.1: F05 scores on holdout set validation optimised model for each algorithm
studied in the thesis and a 1/n ensemble. There is two bars for each algorithm indicating

the dataset used to train the models.

Figure 8.1 presents a comparison of the highest-performing validation models for each

algorithm, including logistic regression, random forest, LightGBM, LSTM and Tab-

Transformer. The models were evaluated using the F05 score, a single metric that

incorporates precision and recall (favouring precision). The comparison includes models

trained on the full dataset and a more recent subset, as well as 1/n ensembles for both.

This figure gives insight into the relative performance of these models and ensembles

and their suitability for predicting M&As.
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A notable trend in the graph is that all the individual algorithms, except for the Light-

GBM, achieve better F05 scores on the full dataset over the 4-year subset. However,

a surprising result is that the ensemble of the 4-year subset models outperforms the

ensemble on the complete dataset.

On average, the F05 scores of the individual algorithms exhibit a modest absolute im-

provement of 1.3% on the complete dataset compared to the 4-year subset. Notably,

the random forest and TabTransformer algorithms show the largest absolute increase,

averaging 2.8% higher F05 scores on the larger dataset. The observed differences in

performance indicate that training on the complete dataset provides a slight advantage

in predicting M&A activity for most individual algorithms.

Access to a larger dataset and a longer time period generally improves a model’s ability

to capture stable patterns in the data [100], leading to better generalisation and improved

performance of the holdout set. This trend is evident in all the individual algorithms

excluding the LightGBM. The ensemble and the LightGBM model did better when on

the smaller dataset, this could be because of non-stationarity in time series data. In

a dynamic learning adaptive system like the financial markets where efficiency should

improve over time, the data closest to the present is often most valuable. Thus, the

most recent data (2014-2017) may be more relevant to the holdout set (2018-2019), as

underlying patterns in the data have changed over time [101]. However, this effect is

often not strong enough to outweigh the benefits of training on a larger dataset for

most models. LightGBM which performs better on the smaller dataset, is the only

algorithm that uses oversampling. This, in turn, suggests that oversampling may have

a more pronounced effect on the performance of models trained on the 4-year subset,

whereas the use of undersampling by the other classifiers may have contributed to their

relatively lower performance on the 4-year subset. The 4-year subset ensemble yields a

higher F05 score compared to the ensemble on the full dataset, but both are better than

any of the individual models on their respective dataset, confirming Clement’s theory

[99] that a combination of predictions generally beats an individual forecast. Ensembling

individual models that have different strengths and weaknesses and uncorrelated errors

will complement one another creating a robust ensemble.
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(a) Receiving operating characteristic curve of all
models trained on the complete dataset

(b) Receiving operating characteristic curve of all
models trained on the 4-year subset

Figure 8.2: Comparison of ROC curves (A) and ROC curves (B) which are trained
on two distinct time periods with identical hyperparameters and resampling strategies.
The curves illustrate the true positive rate plotted against the false positive rate that

was achieved on the holdout set.

To further interrogate the results, ROC curves are provided for each model. A ROC

curve provides an overall measure of a classifier’s performance across all possible clas-

sification thresholds. Figure 8.2 provides results that are consistent with the findings

of Figure 8.1 in terms of F05 scores and AUC-ROC. For example, both metrics sug-

gest LightGBM and the Ensemble are the best performers and logistic regression and

LSTM are worse. This consistency in results reinforces the conclusions drawn in the

F05 analysis of the holdout set. Notable discrepancies in the patterns between the F05

score analysis and the ROC curves were identified for the TabTransformer and random

forest algorithms. These models exhibited more pronounced variations in their F05

scores (Figure 8.1) between the complete dataset and the 4-year subset; however, their

AUC-ROC scores in Figure 8.2 remained relatively consistent across both datasets. The

observation indicates that the models maintain a similar balance between sensitivity

(recall) and specificity across datasets, even if their F05 scores (which favour precision)

differ [102]. The results of the ROC curves suggest the models’ ability to discriminate

between positive and negative classes remains relatively stable, regardless of the amount

of training data available.
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(a) Precision-recall curve of all models trained on
the complete dataset

(b) Precision-recall curve of all models trained on
the 4-year subset

Figure 8.3: Comparison of precision-recall curves (A) and precision-recall curves (B)
which are trained on two distinct time periods with identical hyperparameters and
resampling strategies. The curves illustrate the precision plotted against the recall that

was achieved on the holdout set.

ROC curves are a powerful instrument for visualising a classifier’s performance. However,

they often provide an overly optimistic assessment when applied to highly imbalanced

datasets [77, 102, 103]. For highly skewed datasets, such a predicting mergers and

acquisitions, the precision-recall curve is often more appropriate, as it is sensitive to the

classifier’s performance on the minority class.

The precision-recall (PR) curves in Figure 8.3 reveal a similar pattern across all mod-

els, with LightGBM and the Ensemble achieving the highest PR-AUC, followed by the

random forest and TabTransformer, while logistic regression and LSTM lag behind.

Comparing the results across the datasets, we observe that the Ensemble model demon-

strates improved performance on the 4-year subset, which aligns with the observations

from the F05 score analysis in Figure 8.1. Furthermore, the difference between the AUCs

of the PR curves for the full dataset and the 4-year subset is generally smaller than the

differences observed in the F05 scores. This implies that the models’ ability to maintain

a balance between precision and recall is more consistent across datasets than their F05

scores, which prioritise precision. When comparing the PR AUCs (Figure 8.3) to the

ROC AUCs (Figure 8.2), it is evident that the PR AUCs are generally lower. This is

expected, as ROC curves tend to create an optimistic view on skewed datasets. The

consistency in the patterns assessed across F05 scores, ROC AUCs and PR AUCs rein-

forces the conclusion that LightGBM and the Ensemble models are the best performing

models for predicting M&A activity in this study.
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8.1.1 Summary of Holdout Analysis

The thorough evaluation of the F05 scores, ROC AUCs and PR AUCs for the different

models enables us to determine the best-performing algorithms for predicting M&A

activity. Across the three evaluation metrics, LightGBM and the Ensemble models

consistently exhibit superior performance. This robust performance can be attributed

to their ability to capture complex patterns in the data and maintain a stable balance

between precision and recall in the presence of class imbalance.

The F05 scores highlight the models’ precision-oriented performance, the ROC AUCs

provide an assessment of the models’ discriminative ability between positive and negative

classes. The PR AUCs offer a more sensitive and informative evaluation in the context

of imbalanced data.

Overall, the quantitative data clearly shows that LightGBM and the Ensemble models as

the most effective models for predicting mergers and acquisitions in the holdout period

2018-2019.

8.2 Performance of M&A model on a portfolio level

To test the utility of our Ensemble M&A model in a manner that reflects a possible

real-world application, we analyse its performance on a portfolio level. The portfolio

is setup to equally weight investments across all stocks that the model predicts to be

M&A events on a weekly basis. This is done using the Ensemble model trained on the

full dataset as this was the model that was planned to be used as the portfolio test.

While the Ensemble trained on the 4-year subset had better overall performance, using

it would be a form of data leakage. The leakage would be a result of selecting the model

after seeing its performance on the holdout set and thus compromise the integrity of

findings. The selection of the original Ensemble model trained on the complete dataset

robustly aligns with our initial research questions.

Figure 8.4 presents the absolute returns (not accounting for transaction costs) of the

Ensemble model using different probability thresholds (0.5%, 1% and 10%) to predict

M&A events. This translates to approximately 50, 100 and 1000 stocks being bought

and sold every week, respectively. It is important to note that the portfolios have a

100% turnover of stocks every week. This means that every week all the stocks are sold

and then the same number of stocks is bought according to what are the most confident

takeover predictions for the following week. The ‘Universe’ is showing the cumulative

performance if you bought every share in the Thomson Reuters global stock index. It
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Figure 8.4: Cumulative performance with portfolios with increasingly higher proba-
bilities of being M&A events according to the Ensemble model.

is also important to note that the dip in performance at the end of 2018 coincides with

a mistake made by the Federal Reserve (Fed) to raise interest rates. The Fed raised its

interest rate for the fourth time within the year in December 2018. The U.S. economy

was weakening and the trade war between the U.S. and China added uncertainty to

the global economy. This rate hike was seen as far too aggressive by many financial

analysts as increasing interest rates leads to increased borrowing costs (less growth),

selling equities to buy higher interest bonds (lowering stocks prices).

Figure 8.5: S&P 500 from Jan 2018 to August 2019 [11]

Collectively, these issues led to negative investor sentiment and large-scale selling of

stocks, triggering a significant downturn in the market. This was reflected in the S&P



Results and Analyses 78

500 see Figure 8.5, which fell approximately 20% from its peak in late September.

(a) Annualised return determines the amount an
investment has increased each year as a percentage.
A higher annualised return indicates more money

made.

(b) Annualised volatility, also known as annualised
standard deviation, is a statistical measure of the
dispersion of returns in a portfolio. A Higher

volatility indicates higher risk.

(c) The Sharpe Ratio is the measurement that eval-
uates the risk-adjusted return of a portfolio. A
higher Sharpe Ratio indicates better risk-adjusted

performance.

(d) The worst weekly return is the lowest return
(most money lost) the portfolio has experienced in
a week. The worst weekly return indicates the po-
tential downside risk that investors can expect.

Figure 8.6: Detailed performance of portfolios with increasingly higher M&A proba-
bility stocks

The Ensemble model demonstrates profitable returns when using thresholds that only

predict the most confident predictions as mergers or acquisitions. Specifically, when

only the top 0.5% and top 1% of probabilities are predicted as M&As, the models yield

annualised returns of approximately 15% and 22% respectively. These portfolios also

have superior Sharpe Ratios of 1.1 and 1.5 respectively, on top of this their volatility and

worst weekly return is similar to that of the universe. It’s notable that the performance

of the portfolio focusing on the top 10% most confident predictions closely mirrors that

of the universe. These results suggest that in order to create an effective portfolio, it

might be advantageous to only use the most confident predictions.

The effects of transaction costs for a portfolio with 100% weekly stock turnover are an

important factor to consider. The portfolio assessment did not integrate these transac-

tions costs, which can be significant given the high turnover rate of the portfolio. For

instance, according to Fidelity [104], a portfolio with starting capital of $100 million

that is based on the top 1% of the most confident predictions (approximately 100 stocks

bought and sold each week), could potentially accrue transaction costs of close to $1

million dollars annually. As a result, there is some overconfidence in the returns of the
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portfolio described in this study. Another factor would be the need for a robust trading

structure as a portfolio selling and buying 100 stocks per week requires a large amount

of work and would add significant overhead cost to the firm. Subsequent research en-

deavours should incorporate transaction costs to produce a more realistic approximation

of portfolio performance.
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Conclusion

The primary aim of this research is to conduct a comprehensive evaluation of optimised

machine learning algorithms and their ability to predict mergers and acquisitions ac-

curately. This involved integral parts of the machine leaning pipeline, involving data

imputation to handle missing values inherent to high-dimensional financial data, feature

selection, hyperparameter tuning and data sampling methods.

The M&A dataset, with a high-dimensionality and many missing values required the

specific consideration of imputation techniques. A range of techniques were assessed

covering both simple and multivariate imputers, to deal with missing values without

a significant loss of valuable information. After thorough testing, we found that the

simple imputer ‘Forward Fill’ (grouped by company name) produced the best results,

where a company had a past value for a feature. However, when a company had no past

values available for a feature, the multivariate MissForest algorithm emerged the most

effective.

The next step is to reduce dimensionality of the dataset, to minimise overfitting, en-

hance performance and decrease computational cost. The performance (in terms of F05

score) is compared against reduced versions, retaining 75%, 50% and 25% of the original

feature set. The results reveal that different algorithms perform better with different

size datasets. The decision tree-based algorithms (random forest and LightGBM) and

logistic regression perform optimally with the full feature set, whereas the deep neural

networks like LSTM and TabTransformer did better with reduced feature subsets.

Optimising the hyperparameters of algorithms is a well-established methodology for en-

hancing the algorithms capability in handling unseen data. Using the Hyperopt package,

Bayesian optimisation is utilised to improve the validation performance of the models.
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This intelligent approach to the problem allows learning from previous trials and thus op-

timises model parameters more effectively than traditional methods such as grid search

or random search. The trials were evaluated via contour and scatter plots to further

refine the performance of each algorithm.

Given the highly imbalanced nature of the dataset, a variety of oversampling and un-

dersampling techniques are explored to help the validation performance of the focus

algorithms. Random oversampling, SMOTE and ADASYN are tested for oversampling,

while random undersampling, NCR and OSS are used for undersampling. The effective-

ness of each technique varied among the algorithms, highlighting the need for specific

sampler-algorithm combinations for optimal performance. Overall the data samplers

resulted in a notable increase in F05 score and AUCPR for many of the algorithms.

9.1 Main Findings

The detailed analysis of performance metrics, tailored to imbalanced classification prob-

lems, revealed that the LightGBM and Ensemble models are the best models at forecast-

ing M&A events. A secondary objective of the thesis is to use an aggregated Ensemble

model, which leverages the combined predictive capabilities of the individual algorithms

as the foundation of a practical investment portfolio strategy. The selection of the En-

semble model was based on comprehensive research in the area of predicting mergers

and acquisitions, which indicated that such a model can form the basis of a successful

investment strategy [12].

The results imply that investors may be able to predict M&A events with a degree of re-

liability and thus facilitate successful investment strategies, by incorporating a machine

learning approach outlined in this thesis. Furthermore, we have gathered an array of

cutting-edge machine learning algorithms alongside sophisticated techniques for impu-

tation, feature selection and data sampling. With this strategy, we are contributing to

the predictive capabilities in the intricate field of predicting mergers and acquisitions,

which is frequently viewed as a near unsolvable task. Many scholars and investors have

refrained from studying this investment strategy due to the pronounced data imbalance,

where only 0.5% of the data are M&A events, paired with the typical under-performance

of probable targets. The findings offer a more optimistic viewpoint, suggesting that

mergers and acquisitions can be predicted with a certain level of accuracy. In the lit-

erature review, there is a lack of advanced machine learning algorithms and methods

being leveraged to address the problem. This was a key weakness which was exploited

and has proven to be beneficial, especially in the results of our portfolio performance.
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Additionally, this study contributes to machine learning’s use in financial prediction

tasks. On the holdout set, tree-based models, LightGBM and to a lesser extent random

forest, outperformed more computationally demanding neural networks such as LSTM

and TabTransformer. This result is consistent with existing literature that suggests tree-

based models which are less sophisticated can often perform more effectively and effi-

ciently than neural networks, particularly when dealing with high-dimensional financial

data [28, 105, 106]. Our research also highlights the importance of ensemble approaches

for dealing with imbalanced datasets, a prevalent problem in financial forecasting. We

found that a straightforward ensemble utilising an equal weighting approach performed

better than individual algorithms. This finding is consistent with increasing literature

advocating for the use of ensemble learning to create more robust models [12, 98, 99].

Together, these findings offer insight into the future of machine learning approaches for

imbalanced financial event prediction and possible applications in constructing invest-

ment strategies.

9.2 Limitations

One of the study’s limitations is the holdout set’s short duration, which spans only

one year and nine months in comparison to the training set’s 17-year duration. The

discrepancy might have an impact on how robust the findings are, as a larger holdout

dataset might have provided a more concrete proof of the model performance.

It was observed that tree-based models such as LightGBM and random forest, outper-

formed neural networks, including LSTMs and TabTransformer algorithms in the hold-

out. This is likely not universally true in every time period. Optimisation of tree-based

models is relatively simple compared to that of LSTM and TabTransformer models which

have seen less research in the financial world. It is worth noting that the LSTM and

TabTransformer frequently outperformed the random forest on the validation sets (see

Table 7.1 and Table 7.2). This indicates that the holdout set may have been particularly

well-suited to tree-based models.

Another potential limitation is the selection of models. The chosen algorithms are based

on financial literature and state-of-the-art techniques have yet to be widely applied to the

domain of M&A prediction. An effort was made to include a diverse range of algorithms

to ensure a detailed evaluation. However, it is quite possible that there are more effective

algorithms which should be examined for this specific prediction task.
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9.3 Future Work

Further studies should explore additional machine learning algorithms that have seen

success in other imbalanced financial prediction domains. These could include well

researched algorithms such as XGBoost and the Support Vector Machine. A limitation

of the study is the relatively small holdout set, a more expansive holdout dataset over

different time periods would provide a better temporal analysis of the model’s ability to

forecast M&As.

The addition of more external data, such as news feeds, sentiment analyses and filings

data could further enhance forecasting accuracy. This nuanced data often contains sig-

nals of M&A events, that are not easily captured in typical financial indicators. Finally,

the investment portfolio strategy is in no way designed to manage risk and can thus

have significant drawdowns. Future studies should consider risk management strategies

to mitigate these issues, for example making the M&A predictions equally weighted

across different geographical regions or sectors (helping diversification).
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Appendix

A.1 Indexes over holdout period

(a) Dow Jones Industrial Average Index [11] (b) NASDAQ Composite Index [11]

(c) Wilshire 5000 Total Market Index [11] (d) MSCI ACWI Index [111]

Figure A.1: Performance of four popular indexes over the holdout period: Dow Jones
Industrial Average, NASDAQ Composite, Wilshire 5000 and the MSCI ACWI.
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A.2 Confusion Matrix of Ensemble

Figure A.2: Confusion matrix of the Ensemble model.
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A.3 Portfolio Results

Figure A.3: Portfolio performance metrics for various confidence thresholds: From
the 0.1% most confident predictions to the top 30%. The more confident predictions
produce a higher annualised return along with a higher annualised volatility. The best
portfolios in terms of Sharpe Ratio lie between the 0.3% and 0.5% most confident
predictions. The beta of the portfolios trends closer to the market as the predictions

used are less confident.



Bibliography 96

A.4 Wealth Curves: Cumulative Returns over Holdout

Period

(a) No significant difference in cumulative perfor-
mance between Top 10%, Top 20% and Top 30%
of highest M&A probability portfolios. The Eikon

universe outperforms each of these portfolios.

(b) The Top 5% M&A probability portfolio signif-
icantly outperforms the Top 10%, 15%, 20% and
25% M&A portfolios. The Eikon universe outper-

forms all portfolios except the Top 5%.

(c) An upward trend can be seen clearly in the
cumulative returns of the Top 1%, 2%, 3%, 4% and
5% M&A portfolios, with the performance getting
better as the portfolio is based on more and more

confident predictions.

(d) The best performing portfolio is the Top 0.3%
of most confident predictions. These targeted port-
folios focusing on less stocks significantly beat the
Eikon Refinitiv universe. The resulting portfolios
produce high returns along with high volatility.

Figure A.4: Comparison of Investment Portfolios with varying confidence thresholds
for merger and acquisition predictions. Each portfolio represents the same amount of
investment but uses different confidence thresholds, ranging from the most confident
predictions (Top 0.1%) to higher less confident thresholds (e.g. Top 5%, 10% and 30%).
As the portfolio uses more confident predictions it focuses on fewer stocks, resulting in

a more targeted investment strategy.



Bibliography 97

A.5 Feature Names
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Figure A.5: Complete List of Dataset Features
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A.6 Feature Selection Subsets
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Figure A.6: 75% most important features
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Figure A.7: 50% most important features



Bibliography 106

Figure A.8: 25% most important features
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A.7 Imputers Settings

Imputer Ideal Parameters

Forward Fill Group by stock name and
forward fill by feature

Rolling Mean Group by stock name and
fill by averaging previous five
instances of the specific feature

Rolling Median Group by stock name and
fill by finding the median of
the previous five instances of
the specific feature

MissForest n estimators=100, max depth=8,
max features=’sqrt’

Table A.1: Parameters for imputers
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