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Abstract

The first part of this thesis discusses the application of artificial intelligence to stock
price prediction and the building of another artificial intelligence model for stock price
prediction during mergers and acquisitions. It is demonstrated that a combination of
Long Short-Term Memory/Recurrent Neural Network + Convolutional Neural Network
+ Attention (LSTM/RNN+CNN+Attention) trained on daily- and minute-stock price
and volume data are able to predict future stock prices and stock price changes three
times better than traditional non-deep learning methods. Further research has been done
on stock price prediction during Mergers and Acquisitions for technology unicorns, finding
that when more information on M&A has been added into the input dataset, the accu-
racy can be improved by about 2%. It is the first time that a deep learning algorithm has
been applied to modelling volume and price/price change, and to M&A circumstances.
In the second part of this thesis, a Support Vector Machine (SVM) method is proposed,
which enables adverting agencies to assess the effectiveness of their advertisement rapidly,
quantitatively and without bias. This is crucial work for business/equity trading because
when the product/service of a company sells well, then the corresponding company stock
prices rise. The success of an advertising agency in their ability to produce compelling
advertisement is therefore related to stock price prediction. This research explores models
that outperform existing research; even the basic machine learning model improves the
accuracy of a prediction to purchase from 70% up to 80%. The last part of this thesis
incorporates a deep learning method to encrypt the data going between input nodes and
the rest of the network. This method has the advantage of simultaneously preventing sen-
sitive data being intercepted during the transmission from the network edge over insecure
transports, and also anonymize incoming data in a way that could help satisfy privacy
laws such as General Data Protection Regulation (GDPR). This research has provided
a new data privacy and security structure that is more cost efficient than existed deep

learning model done solely locally or remotely.
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Chapter 1

Introduction

1.1 Motivation And Objectives

In 2017, Forbes forecast that the valuation of the Al industry would rise from 644 mil-
lion now to 126 billion in 2025 [Prel8]. There is increasing attention to the use of Al in
a broad range of technologies and applications, some of which are merely extensions of
earlier techniques while others are wholly new industries. e.g Travel, transport and logis-
tics, retail, automotive and assembly, oil and gas, chemicals, media and entertainment,
basic materials, agriculture, packaged goods, banking, healthcare systems and services,
public and social sectors, telecommunications, pharmaceuticals and medical products, in-
surance, advanced electronics/semiconductors, aerospace and defense, finance. Following

this trend, this thesis explores Al’s applications in the financial industry.

A report by eFinancial predicted that 230,000 finance-related jobs could disappear by
2025, of which 90,000 jobs will disappear from the asset management industry, 58,000
from the securities services, 45,000 from sales and trading, 24,000 jobs from wealth man-

agement, and 4,000 from investment banking [Clal7].
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2 Chapter 1. Introduction

In the literature, deep neural networks have been applied to stock price prediction. Be-
cause trading strategies vary based on institutions and individuals’ profit targets, strate-
gies, and time scale for making a profit; deep neural networks have been modified to
achieve different trading strategies. For example, in 2007, Kwon published a stock fore-
casting paper using a hybrid approach combined together with deep recurrent neural
network method [KMO07]. In the hybrid approach, the input dataset is technical analysis
signals such as relative strength index (RSI), moving average (MA), moving average con-
vergence and divergence (MACD), etc. This paper has demonstrated that technical signals
work in a larger sample with a longer period of testing. The KDD conference paper “Stock
Price Prediction via Discovering Multi-Frequency Trading Patterns” has been published
by Zhang and Aggarwal in 2017, with the lowest error rate described in the paper at 6%
[ZAQ17]. Inspired by Discrete Fourier Transform (DFT), Zhang proposed a novel State
Frequency Memory (SFM) recurrent neural network to capture multi-frequency trading
patterns from past market data. The SFM decomposes the hidden states of memory cells
into multiple frequency components, each of which model a particular frequency of latent

trading pattern underlying the fluctuation in stock price.

In business, any big sales reduction indicates a very big drop in stock price. For exam-
ple, in the BBC news “Four reasons that Apple shares have been falling”, it states that
one of the reasons for stock price reduction is concerns about the China-US trade war.
Investors fear that purchasing power will be significantly reduced because no one from
China would be able to purchase Apple products [Shel8]. As research papers have shown,
there is a positive correlation between advertising and the product sales figures, so, how
to efficiently advertising the products/services have been a focus of advertising agencies
[AFL84] [Cla76]. In the past, surveys and questionnaires have been used to find customer
preferences and efficiency of advertising. This type of research method is biased, not effi-
cient, nor general, and costly. In order to solve this problem, a better experimental design

has been proposed using the machine learning method Support Vector Machine (SVM) to



1.1. Motivation And Objectives 3

quantify the advertisement’s impact on purchase power, this new experimental design uses
a low-cost device called a single electrode EEG headset to collect EEG (electroencephalo-
gram, i.e. brain waves) signal from a subject as an input dataset. The experiment then
uses ranked and binary answers from questionnaires as the output dataset. Questions in

this dataset are carefully selected from current literature.

There is increasing attention to data privacy and security. Especially in March of 2018,
when it was reported that Cambridge Analytica had used data scraped from Facebook to
target ads intended to sway the presidential vote. In the Accenture 2018 Latest Thinking,
it outlines increasing trends of awareness and research into cyber-security, along with
growth in profile of information privacy across a wide range of applications, including for

healthcare, consumer sector, financial sector, and internet security.

Deep learning, also known as deep neural networks [DYT14b], has proven to be suc-
cessful for classification and regression tasks. Once well established, deep learning models
exhibited promising performance, which is desired by many real-time prediction/decision-
making applications [RDGF16], automatic speech recognition, image recognition, natural

language processing.

Today, more and more deep learning models are being developed for trading, driven by
the availability of new sources of data. For example, Twitter, which advertises itself
as being able to ‘get in-the-moment updates on the things that interest you’, is a new
source of data for public sentiment towards current affairs. A paper by Costa, Michele
and Marshall has shown that the Twitter data is correlated with the stock movements
[CMMS18|. Similarly, in 2017, Weng conducted research using Google search queries to
make stock market predictions [Wenl7]| [PMS13]. While these two examples apply data
that is publicly available to stock price prediction, there are potentially many more sources
of data that are privately owned that contain useful information that could be used to

build trading indices (i.e. commodity index). However, such private data may come from
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privileged or commercially sensitive data that a source provider would likely not wish to
expose to the public or third parties. In these cases, data privacy and security is needed

to ensure that no data is exposed to third parties.

Other applications of deep learning over distributed sources of data face hardware limi-
tations. It is computationally expensive to implement deep learning algorithms entirely
on users’ local devices (sensors, mobiles, and even laptops). As a result, the typical ap-
proach is to collect data locally first and then transmit the data to a remote server or
cluster, where deep networks for training or prediction can be applied. However, as these
applications sometimes deal with sensitive data, such patients’ clinical data (like fMRI
images) and sensitive environment data (like video monitoring in public space), there are
similar concerns for data privacy. Both when sending these data over the internet, in
the case of the data being intercepted; and concerns about a company using methods to
de-anonymize the data. For example, it would cause severe consequences if a company
that handles a lot of users’ health-care data like DNA, EHR, and fMRI, was to be invaded
by malicious hackers. It is therefore desirable to secure the collection of sensitive data
being transmitted from the user, or edge of the network where the data is generated or

collected, to the servers where deep learning models are run.

There has been some research on conducting neural network prediction on encrypted
data rather than the original data in the situation so that users or sensors will not share
them with remote servers [BPTG15] [GLN12]. However, their approach brings in extra

computation cost, and it would not be safe once the key for encryption was hacked.

The motivation of this thesis is to explore an existing trading strategy, but leveraging
deep learning methods to improve it, and use the strategy to explore price and volume
movement during mergers and acquisitions. Secondly, as advertising has a big impact
on customer purchase power, this thesis also explores general and scalable methods to

quantify the impact of advertising, to help design advertisements in the way which can
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better promote sales, and indirectly impact the share price of a company. The third reason
for this research is to explore data privacy and security methods; in light of the increasing
number of data leaks, especially in the financial industry, a method to help reduce the
chance and impact of leaks that can be used in all trading houses and institutions would
benefit their customers by reducing the chance of data leaks due to being hacked, or data

lost in transmission.

1.2 Contributions

The trading strategies discussed in this thesis use trading volume to make stock price
predictions. It is based on previous research. In 2000, Tarun Chordia published a paper
on trading volume and cross-autocorrelations in stock returns, finding that volume is a
significant determinant in stock return [CS00]. In 1987, Jonathan M also published a

survey paper on the relationship between price change and trading volume [Kar87].

In this thesis, an existing trading strategy will be analyzed and explored; then an appro-
priate deep neural network is added to minimize the prediction error. Then, the prediction
models for mergers and acquisitions in the technology industry is explored and studied,

with a new model built to improve accuracy.

The next chapter of the thesis is focused on quantitatively assessing the impact of ad-
vertisement, so that it can serve businesses and advertising agency to improve the sales
of a product. The contribution of this chapter is a method that is unbiased and general
enough to be applied to any advertised product and business. The envisioned future is
one where when an advertisement company can use analysis of recorded electroencephalo-
gram (EEG) to help pinpoint which elements of an advertisement is the most effective.
For example, in an ad for children, which colours, objects, animals or other elements are

most likely to attract attention.
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Targeting the issues in the private financial dataset, we proposed a novel deep network
architecture, in which users don’t need to reveal their original data to the model. Instead
of the traditional approach shown in Figure 2.14, we split the layers between the local
device and the server, and migrate the first layer to local device (as shown in Figure 6.1).
We apply the activation functions for the first layer locally and then transfer the outputs
from the first layer to the server. We then use a “dropping activation output” method to
make the output non-invertible, which randomly drops some outputs from the activation
function. In this method, feed-forward propagation and data encryption are combined

into one process.

We investigated both invertible and non-invertible activations and their performance in
privacy protection to prove that this method can make sure the original data cannot be
recovered from the transmitted data. Concretely, the main contributions of this thesis

are listed as follow:

e We introduce a new deep network architecture that combines neural network and
data encryption to solve privacy and data security problem. With privacy-preserving
feed-forward propagation, a server (model provider) can serve the user without

directly accessing the user’s data.

e We proved and evaluate that dropping some activation outputs can encrypt data
for invertible activation function. We also evaluate that a ramp function is better

than a rectifier in term of encryption.

e We propose privacy-preserving error-back propagation, by which the server can train

a neural network for the user without accessing the user’s data.

e With this method, data compression for data transmission is available when the

number of neurons is less than the size of input data.
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1.3 Statement Of Originality

I declare that the content of thesis is composed by myself, and the work it presents is my
own. All use of the previously published work of others has been listed in the bibliography.

And the chapter four of the thesis has not been published.

1.4 PhD By Publications

e A Data-driven Methodology for Social Issues with a case on left-behind children
in China, Chao Wu, GuoLong Wang, Yue Liu, Ye Zhou, David Birch, Zhen Wei,
Hong Mi, Yike Guo, PLOS ONE (PONE-D-18-20581) (2018 under review)

This paper uses machine learning methods to analyze the left-behind children in
China. 1 built machine learning models. This paper is not included in the PhD

thesis.

e Using Support Vector Machine on EEG for Advertisement Impact Assessment,
Zhen Wei, Chao Wu, Xiaoyi Wang, Akara Supratak, Hao Dong, Yike Guo, Fron-

tiers in Neuroscience 12(2018):76

This paper is original research about the use of machine learning method to assess

advertisement impact. This paper is in chapter five of the PhD thesis.

e Improved accuracy stock price change prediction model using trading volume, Zhen
Wei, Chao Wu, YiKe Guo, Future of Information and Communications Conference

(FICC) in Singapore (2018)

This paper presents a better stock price prediction than traditional machine learning
methods in the literature. This paper is about Financial stock price prediction, and

is one subsection of the chapter three of the paper.
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e Conditional Image Synthesis Using Stacked Auxiliary Classifier Generative Adver-
sarial Networks, Zhongwei YAO, Hao DONG, Fangde Liu, Zhen Wei, Yike Guo,

Future of Information and Communications Conference (FICC) in Singapore (2018)

This paper is about computing vision, and I am the fourth author of this paper.

This paper is not included in the PhD thesis.

e Dropping Activation Outputs with Localized First-layer Deep Network for Enhanc-
ing User Privacy and Data Security, Hao Dong, Chao Wu, Zhen Wei, Yike Guo.
IEEE Transactions on Information Forensics & Security, 10.1109/TIFS.2017.2763126
(2017)

This paper is about the data privacy and security, and though I am the third author
of the article, I was responsible for the mathematics proof behind the idea. This

paper is on the sixth chapter of the PhD thesis.



Chapter 2

Background Theory

Stock price prediction can be defined as a time series problem, where given a sequence
T1,Xa, ...., Ty of stock observations (e.g. price and volume) at a specific time, a prediction
of z;,s with forecasting horizon A needs to be made. This chapter provides an overview
of the literature and a detailed introduction of methods used for stock prediction. In
this chapter, classical time series analysis methods and machine learning models will first
be introduced and implemented as baselines, then, fundamental deep neural network ar-
chitectures that this thesis’s proposed models are based on are introduced. Concepts
introduced include Multilayer Perceptron, Convolutional Neural Networks (CNN), Re-
current Neural Networks (RNN), Long Short Term Memory (LSTM), Attention+RNN,
CNN+RNN, and Attentional+CNN-+RNN. Traditional data privacy and security meth-

ods are also introduced.

2.1 ARMA Family

The general Autoregressive Moving Average (ARMA) model was first introduced by Peter
Whittle in his thesis in 1951 [Whi53][Whi63]. It was made popular by George E.P.Box

9
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and Gwilym Jenkins in 1970 for time series analysis [BJRL15]. ARMA is a tool for
understanding and predicting future values in a time series, and as its name suggests,

consists of two parts: an autoregression (AR), and a moving average (MA).

In the literature, Chordia and Swaminathan previously conducted research on stock return
versus trading volume prediction using Vector Autoregression (VAR) [CS00]; in 1998,
Easley and Ohara used stock prices and option volume to find evidence of informed trading
using the Auto-Regressive Integrated Moving Average (ARIMA) model [EOS98] [PLO05].
In research by Jegadeesh, Thaler, Keim, Rozeff, Kinney Jr, Gultekin, and Gultekin, each
have shown from different perspectives that the stock return has a seasonal effect [Jeg91]
[DBT87] [Kei83] [RKJ76] [GG83]. The difference between ARIMA and ARMA is that
ARIMA introduces another hyper-parameter to handle non-stationarity. Mathematically
it is: ARIMA(p,d,q) = ARMA(p + d,q). Stationarity here means that the mean and

variance are not constant, indicating that there might be seasonality.

2.1.1 ARMA

Autoregressive moving average, or ARM A(p, q), consists of two parts: an autoregressive
AR(p) model and a moving-average MV (q) model. Typically, ARMA is a linear model

and can be used to understand and predict values in time series.
Autoregressive Model

If Gaussian random noise is assumed, the conditional probability of x; can be written as

p(xe|wy, oy zi1) ~ N(f(z1, oy 221), 0%) (2.1)

= f(xy, ., x-1) + & (2.2)

where ¢, is independent white noise and f is a regression function. In an autoregressive
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model, given an integer p, the AR(p) model is a linear combination of previous values

with a random noise term, and is defined as:
p

Ty =cC+ Z Vili_i + € (2.3)
i=1

where ¢, 1, ..., 1, are parameters and ¢, ~ N(0,0?). According to Equation 2.2, future
estimation z; linearly depends on past observation {z;_,, ..., z;—1}. With a lag operator,

the model can be equivalently written as:

P
Ty =c+ Z Bz, + ¢ (2.4)

i=1

As classic AR is a linear model, kernel functions can be applied to incorporate nonlinear
dependence relations. This is because usually a “kernel” is used to refer to the kernel
trick, a method of using a linear classifier to solve a non-linear problem. For example, the

regression function can be formatted as:

h
Ty = cC+ Z wj¢j(xt71, ceey ill't,p) + € (25)

Jj=1

Moving Average Model

The moving-average model captures dependence relations between variables and unob-
served noise. The conditional probability is defined as p(z;|€;—q, ..., €-1). As ¢ are un-
observable, the interpretability of the moving-average model is less convincing than the

autoregressive model. Given a integer ¢, the MV (q) is defined as:

q
Ty = U + € + Z Qiet,i (26)

i=1

where j is an expectation of z;, 64,0, ...,0, are parameters and ¢, ...,€_, are white
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noise term. The MV (q) model is typically a linear regression of current expectation with

current and previous white noise. It can be equivalently written with lag operator:

q
r=p+e(l+ Z 0;B") (2.7)

=1

Note that B is equal to >4 %=

i=1 &
ARMA

The ARM A(p, q) as illustrated in Figure 2.1, is a summation of AR(p) and MV (¢), mod-
elling conditional probability p(z:|xi_1, ..., Z1—p, €, ..., €1—y), it 1S €, ..., €, as it is shown

written in Equation 2.8, defined as:

p q
Ty =c+ e+ Z Vixe_; + Z 06— (2.8)
=1 i=1

p q
i=1 =1

Alternatively the ARMA can be written with lag operator:

W(B)xy =c+0(B)e (2.9)
where
P
v(B)=1- Z%Bi
i=1
0(B)=1+Y 6;B'
i=1
ARIMA

The autoregressive integrated moving-average model ARIM A(p, d, q), as a generalization
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Figure 2.1: An illustration of dependence and independence in ARMA(2,2). Given
{T—9,x4—1,€-1,€—1, €}, ¢ is independent with other previous values.

of ARMA, introduces another hyper-parameter d to handle non-stationarity.

Y(B)(1 — B)zy, = c + 0(B)e (2.10)

2.1.2 SARMA

Seasonal ARMA shows periodic features. As trading can potentially be significantly af-
fected by holidays and calendar seasons. In ARMA, z; is independent with {z1, ..., 24,1},
if given {x_p, ..., z4—1}. SARMA, as shown in Figure 2.2, introduces a group of hyper-
parameters (P, Q) s, which defines dependence between x; with {z;_g, ..., T:_pg, €1—s, ..., €—Qs }-

The SARMA denoted by SARM A(p, q) x (P,Q)s, can be defined as:
U(B)Y(B)z; = c + O(B%)0(B)e (2.11)

where

»
U(B%)=1-> ;B

i=1
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Figure 2.2: An illustration of dependence and independence in SARM A(2,2) x (1,1)g. x;
not only depends on previous neighboring values and also takes seasonality into account.

SARIMA Similarly, SARIMA can be denoted as SARIMA(p,d,q) x (P,D,Q)s, and
defined as:
U(BY(B)(1 — B)Y(1 — B%)Pz; = ¢+ 60(B%)0(B)e, (2.12)

2.1.3 VAR

Vector autoregressive models (VAR) are a special case of vector ARMA and is capable of
capturing linear interdependencies among multiple time series (see also [BJRL15][Liit05]).

Given K x T multivariate time series { X7, Xo, ..., X7}, VAR can be defined as:

Xt = A1Xt71 + AQXt72 + ...+ Apthp + & (213)

where A; is K x K coefficient matrix and ¢, ~ N (0, ).
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In this thesis, VAR, ARIMA and SARMA models are selected to test the dataset. Pre-
viously, Jung and Body have applied VAR to indices and government rates in 1996 and
achieved a prediction accuracy of about 82% [MSA00]. VAR is chosen because there are
multiple variables that are considered while modelling. The ARIMA model has been used
on the New York Stock Exchange (NYSE) and Nigeria Stock Exchange (NSE) datasets
and achieved an accuracy of about 76% in research by Ayo, Adebiyi and Adewumi in
2014 [AAA14]. ARIMA was selected because the stock price, in general, goes up due to
inflation. Therefore, the mean and variance of the stock price are not constant; SARMA
was picked because there are seasonality effects on the stock price and it would be wise to
consider this to be able to make a more accurate prediction. In the article “stock market
seasonality: international evidence”, Gultekins shows that the seasonality mostly appears
to be caused by the disproportionately large January returns in most countries and the
April returns in the UK, which coincide with the tax year in those respective countries
[GG83]. However, in a later model, this ceases to work due to both costly calculations
and also due to having not enough data as the seasonality is considered on an annual

base.

2.2 Machine Learning Models

In 2015, Cakra and Trisedya published the paper “Stock Price Prediction using Linear
Regression Based on Sentiment Analysis”, in the experiment, it was shown that prediction
models using previous stock price and hybrid features as predictor gave the best predic-
tion with 0.9989 and 0.9983 coefficient of determination [CT15]. Bollen, in his research,
concluded that individuals’ opinions on social media such as Twitter could predict DJIA
value with 87.6% accuracy [BMZ11]. In 2007, research conducted by Talyor and Francis

applied Support Vector Machines (SVM) to technical analysis to drive stock price pre-
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diction, achieving an accuracy of about 70% [IT07]. In addition, SVM was also applied
to stock price index movement on the Istanbul Stock Exchange National 100 Index and
achieved an accuracy about 71.52% accuracy [KBB11]. Lasso Regression has even wider
applications in the stock market; Roy et al. conducted experiments on the Goldman Sachs
Group Inc. stock value to determine the efficiency of the LASSO model and achieved an
accuracy of 69.89% [RMBA15]. Li and Chen also published a paper on “Forecasting
Macroeconomic Time Series: LASSO-based Approaches and their Forecast Combinations
with Dynamic Factor Models”, which evaluates the predictive abilities of this category
of LASSO-based approaches for forecasting twenty important macroeconomic variables.
Moreover, this type of LASSO combined-forecast approach is significantly better than

either dynamic factor model forecasts or the Naive random walk benchmark [LC14].

2.2.1 Linear Regression

Linear regression is a model that assumes the relationship between a dependent variable
and an independent variable is linear [NKNW96] [SL12] [MPV15]. While there can be
multiple independent variables, in this model, there is only one: volume. Mathematically,

it can be written as

P,— P = fi(V) (2.14)
where P, is the highest price at that time, and P, is the lowest price at that time, V'

represents the volume and f; is the trained linear function.

In this model, the linear regression function from Python Sklearn is used, with default

options.
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2.2.2 Least Absolute Shrinkage and Selection Operator (LASSO)

Regression

LASSO regression uses Least Squares to find the best fit model [Tib96] [Han09]. Least
Squares regression is written mathematically as min% Zfil(Ph,i — P — fs(V;))?, where
i corresponds to the time step. LASSO regression differs from linear regression by the
fact that residual/norm £ is modulated and the coefficient in front of the norm A is 0.1

in this case. Mathematically, it can be written as

min{+ S (P — P — fs(Vi)? = MBI}

2.2.3 Random Forest Regression

In general, classification is an example of pattern recognition, and regression is for esti-
mating the relationships among variables; Random Forest Regression and Random Forest

classification are both examples of these.

Random Forest regression is a type of regression that uses an ensemble of decision trees
that a subset of data is classified with. The regression residual sum of squares (RSS)
is calculated as RSS = Zleft(y;frain Y12+ Zright(Y}mm — Yr)? where Y7, is the mean
Y-value for the left node and Yy is the mean Y-value for the right node. Similar to the
linear model, there is only one independent variable, which is volume [LW*02] [SLT*03]

[Seg04]. Mathematically, it can be written as
Py — P = fs(V) (2.15)

where P, is the highest price at that time, and P, is the lowest price at that time, V'

represents the volume and fg is the trained Random Forest regression function.
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In this model, the linear regression from Python Sklearn.ensemble is used, with default

options.

2.2.4 Support Vector Regression

Support Vector Regression predicts or estimates the output based on the inputs variables
and Support Vector Classification classifies the outputs. Support Vector Machine is a
machine learning model used for classification and regression analysis [Qui87| [Alt92]
[Ho95] [RSTKO03]. When SVM is used for classification, it separates a given set of binary
labeled training data with a hyperplane that is maximally distant from them. If we assume
the input data is xJ = (x’lin) being the realization of the random vector x} while ¢ is
the map mapping the feature space to a label space y, where label space contains many
vectors, and is (x1, y1),...(x™,y™); the SVM learning algorithm finds a hyperplane (w, b)
such that the quantity:

v = mingy'{< w,¢(x') > —b}

is maximized. In this equation, the dimension of ¢ is in dimension of n x m and <
w, f(x!) > —b corresponds to the distance between point x' and the decision boundary. ~
is the margin and b is a real number. The kernel of this function is Kj; =< ¢(x'), ¢(x3) >.
Given new data x to classify, a label is assigned according to its relationship to the decision

boundary, and the corresponding decision function is written as f(z) = sign(< w, ¢(x) >

—b)
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2.2.5 Limitations of Baselines

VAR

In the baseline, correlation is considered using the VAR model. VAR performs better
in very short-term forecasting than a longer-term prediction. This means a lag of 1
prediction (a 15-minute interval) is more stable and accurate than longer lags. The VAR
model can be easily influenced by a small amount of noise in previous observations, and
the predicted sequence has higher variance. The minimum time scale is 1- minute time
slices, but time slices from 1 minute up to 10 minutes have been tested, and it was found
that a model built on them did not converge, which was caused by the low volume of data
and small price changes when considering such a short period of time. It seems from the
previous calculation/tests that a general rule exists that the more data there is, the more

accurate it becomes for stock price prediction.

SARIMA

SARIMA integrates daily seasonality with autoregression and a moving average, which
models the repeating daily pattern effectively and efficiently. However, SARIMA with
daily seasonality is insensitive to special conditions such as special days like celebration
days or national holidays. As these days are not taken into consideration mathematically
in SARIMA, they end up being treated like an ordinary day, leading to high errors on or

around these days.

Linear Regression

Linear regression limits the relationship of one or more variables to a linear relationship

and is a very basic way of modelling. Linear regression is sensitive to outliers and requires
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the data to be independent. However, in the finance, trading volume is related to how the
price fluctuates, and can even be related to what day of the week it is. Linear regression is

not necessarily the best representation for underlying data in systems that are non-trivial.

Support Vector Machine Regression

The performance of Support Vector machine regression relies on the choice of the kernels.
A linear kernel is more stable for very short-term prediction but fails to achieve satisfactory
accuracy in longer forecasting. Support Vector Machine regression has a variance that may
cause instability, as shown in Figure 2.3, the further the prediction. This is a challenge
for stock prices which are both hard to predict and is based on many factors like local and
world events that develop over time and add noise, making it difficult to choose suitable

kernels.

0 1 2 3 4 5 6 7

Figure 2.3: The variance of Support Vector Regression may become unstable to the right.
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LASSO Regression

LASSO regression has shortcomings that if predictors are correlated, then it will only
predict one of them. There are many different LASSO selection methods, and different
software will get different LASSO result. There is no guarantee that the model that has

been selected by the LASSO is not over-fitting.

2.3 Deep Learning Models

Deep learning, or Deep Neural Networks (DNNs), also known as Deep Structured Learn-
ing or Hierarchical Learning [Dec86] [Sch16], is part of the family of machine learning
techniques [Nas07] [GHS88]. Deep learning is inspired by systems that mimic the structure
and function of the brain called an artificial neural networks [CM17] [GBCB16]. The net-
work learns by using computational power to process a massive amount of data. In the
network, the nodes/neurons act like sensors to learn and abstract the features; “deep” in
this context means it is composed of multiple processing layers learning representations of
data with multiple levels of abstraction. The layers include both visible layers (input and

output) and hidden layers (designed to extract features and feed-forward the operations).

With bigger datasets and stronger computing power available now, more and more com-
plex challenges can be solved by using Deep Learning models. Deep Learning models can
produce results comparable to and in many cases, superior to human experts [KSH12].
There are many different deep learning models that have been applied to computer vi-
sion, e.g. Multilayer Perceptron (MLP), convolutional neural network (CNN), Deep Be-
lief Networks (DBN), Generative adversarial networks. Recurrent neural network (RNN)

have been used in natural language processing, audio generation and many other fields

[VDOD16] [GPAM™14] [KH09] [RMC15] [YZWY17]. Recent research has also explored
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Long Short Term Memory (LSTM) for stock price forecasting [LYS09] [AMMO5] [SPWOS§|
[KSNO06] [KMO07] [ZAQ17]. Unlike standard feed-forward neural networks, LSTM has feed-
back connections and can process not only single data points (such as images) but also
entire sequences of data (such as speech or video) [HS97]. In order to train a deep learning
model, back-propagation is used as the method to calculate a gradient, where the gradient

is used to calculate the weight of the network [GBCB16].

2.3.1 Multilayer Perceptron (MLP)

Multilayer Perceptron, or MLP, is a fully connected and dense network. MLP can be
either a deep learning or a shallow learning model. An MLP model has at least three
layers of nodes, and each node is a neuron that uses a nonlinear activation function apart
from the input nodes. Examples of activation functions include sigmoids, rectifier and
softplus. MLP utilizes supervised learning technique named back-propagation for training
[Ros61] [RHWS85]. The simplest MLP is a three-layer neural network, and it is shown in

Figure 2.4. The mathematics equation for MLP is:

y = fAOWIEOWDx 4+ bD)) + b?) (2.16)

where the input is vector x, the output is y, W and b are vector parameters, W represents
the weight matrices and b is the noise, activation function is f. In this finance model,
two cases are considered: one where x is a vector representing volume, and another

representing volume and price. y is the predicted price.
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Output Layer

Hidden Layer

Input Layer

Figure 2.4: An example of a three layer MLP, from machinelearningmastery.com/when-
to-use-mlp-cnn-and-rnn-neural-networks/
An example of a three layer MLP, sources from
https://machinelearningmastery.com /when-to-use-mlp-cnn-and-rnn-neural-networks/

2.3.2 Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNN) was originally inspired by the study of a cat’s
visual cortex, which contains a complex arrangement of cells [HW68] working together
to process vision. Neurons are grouped together into different regions receiving inputs
from different parts of the visual field, with other neurons acting as local filters over
the input space and are used to exploit the strong spatially local correlation present in
natural images. As shown in Figure 2.5, spatially-local correlation is represented as a local
connectivity pattern between neurons of adjacent layers. Imagine the layer m — 1 is the
input retina, and the layer m has visual field of width 3 in the input retina, which means
it is connected to 3 adjacent neurons in the retina layer and so to the similar connectivity
with the layer m + 1. In Figure 2.6, it shows that the three units in the layer m has the
same feature map. A feature map means units share the same parameterization (weight

vector and bias); this further indicates that weights of the same colour are shared and
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numbered to be identical. Mathematically, it can be written as
h®) = tanh(W® x x) 4 b®) (2.17)

where k means the k-th feature map.

layer m+ | O
layer m

layer m- |

Figure 2.5: Sources from http://deeplearning.net/tutorial /lenet.html

layer m

layer m-|

Figure 2.6: Sources from http://deeplearning.net/tutorial/lenet.html

In the research, CNN has demonstrated an outstanding capability for processing grid-
like data [LT89]. CNN methods can be used in many circumstances in 1-D time-series
samples with regular time intervals as well as 2-D grid pixels [GBCB16]. Mathematically,

the 1D-signal CNN is written as:

o0

olP] = fIPlxglP]= ) [lulglP —u]= ) glulflP —u] (2.18)

U=—00 U=—0o0
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The mathematical equation of an extended 2-D grid can be written as:

o[V, P| = f[V, Plxg|V, P| = Z quv [V—u, P—v] = Z Z [u, v] f[V—u, P—v]

- - (2.19)

In both equations, V represent the trading volume and P represents the price of the stock.

The CNN model is a variant of MLP, and the main differences are the convolution oper-

ation and the pooling, described below.

Convolution Operation

As mathematically described in Equations 2.18 and 2.19, the beauty of the neural net-
work is its ability to perform affine transformations: a vector is received as input and is
multiplied with a matrix to produce an output, note a bias vector is usually added before

passing the result through a non-linearity. Therefore, it can perform N-D convolutions.

The simplest discrete 2-D convolution is a linear transformation, see Figure 2.7, the light
blue grid is called the input feature map, and the kernel is the dark blue grid with the

sub-numbers.

In the CNN, kernels defining a discrete convolution has a shape corresponding to some
permutation of (n,m, ki, ..., ky) where n is the number of the output feature maps, m is
the number of input feature maps, and k; is the kernel size along axis j. The output size
of a convolutional layer along axis j, represents as o; are:

e ¢;: input size along axis j

e k;: kernel size along axis j

e s;: stride(distance between two consecutive positions of the kernel) along axis j
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e p;: zero padding(number of zeros concatenated at the beginning and at the end of

an axis) along axis j

In a different example shown in Figure 2.8, the kernel is 3 x 3, input pad is 5 x 5 with a

1 x 1 border of zeros using 2 x 2 strides.

Figure 2.7: Computing the output values of a discrete convolution, sources from [DV16]

Pooling

Pooling in some senses is similar to discrete convolution. Pooling operates to reduce the
size of feature maps by using some function to summarize subregions. One such function
maximizes the value, and it called maximum pooling, see Figure 2.9. The output size o;

of a pooling layer along axis j are:

e i;: input size along axis j
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1, sources from [DV16]

2, and p1 = pa
They differ from CNNs where the convolution operation allows a

59

-

network to share parameters across time; the recurrent formulation results in the sharing

37 S1
stride (distance between two consecutive positions of the pooling window

ko
axis j

e k;: poling window size along axis j

® 55!
of parameters through a very deep computational graph, which can be shown in Figure

Recurrent neural networks (RNN) are a family of neural networks for processing sequential

2.3.3 Recurrent Neural Networks (RNN)

datasets [GBCB16

5, ky
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Figure 2.9: Computing the output values of a 3 x 3 max pooling operation on a 5 X 5
input using 1 x 1 strides, sources from [DV16]

2.10. In the figure, = is the input, which is a sequence of values, L is loss, y is the training
target, input-to-hidden is matrix U, hidden-to-hidden is matrix W and hidden-to-output
is matrix V. The connection from the previous output y*~ to the current state h(®

means that it is a conditional recurrent neural network.

There are a wide range of applications for RNN, including: handwriting recognition,
speech recognition, stock prediction, and text prediction [GLF*09] [SSB14] [LW15] [PL05]
[SPW9g].

Long Short Term Memory (LSTM)

LSTM, or Long Short Term Memory networks, were first proposed by Hochreiter and
Schmidhuber in 1997 [HS97]. An LSTM adds memory to an RNN to address the short-
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Figure 2.10: LSTM figure, sources from [GBCB16]

coming that using just the information available to an RNN around time step ¢t may not
be sufficient to model the process, and more information from further back in time may
be necessary or beneficial [GBCB16]. An LSTM is represented as each matrix U in Figure
2.10, and information can be added or removed to the cell state and regulated by struc-
tures called gates. The structure of the LSTM is shown in Figure 2.11. In the diagram,
the whole vector is carried by each line from the output of one node to the input of the
others. The pink circle represent point-wise operations: vector addition or multiplication.
The yellow boxes are learned neural network layers. Merging lines denote concatenation,

while forking lines denote its content being copied to different locations.
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Figure 2.11: The repeating module in an LSTM contains four interacting layers, source
from http://colah.github.io/posts/2015-08-Understanding-LSTMs/

2.3.4 Attention+RNN

In the recent Neural Network research, ‘attention’ has gained popularity because it can
solve problems caused by sequences being too long and having not enough memory space
in an RNN [GBCB16]. Uses for ‘attention’ in RNN models in the literature include
translation and alignment of text, speech recognition, and natural language description

of features of images [BCB14] [XBK™15] [VHGK14].

In the research described by this thesis, the attention mechanism used is described in
the article ‘Effective Approaches to Attention-based Neural Machine Translation’, by
Minh-Thang Luong in 2015 [LPM15]. The mechanism can be shown in Figure 2.12.

Mathematically, the scale from the previous cells are calculated as
score(hg, hg) = hyThy (2.20)
It is then combined with the current cell hy, which gives the global aligned weight a; as

a, = softmax(Waﬁt) (2.21)



2.3. Deep Learning Models 31

The alignment vector a; will then be used to derive a context vector ¢y which is a weighted

linear combination of all source hidden states and their corresponding alignment vectors.

ce =3 ach, (2.22)

The attention hidden state Ht is the concatenation of ¢; and hg, and will be transmitted
to the FC decoder. hy is the source hidden state. Ht is the concatenation layer to combine

the information from both vectors to produce an attentional hidden state as follow:

hy = tanh(W[c; hy)) (2.23)

Ut

Attention Layer

Figure 2.12: Global attentional model at each time step ¢, the model infers a variable-
length alignment weight vector at based on the current target state ht and all source
states hg. A global context vector ¢ is then computed as the weighted average, according
to ag, over all the source states, source from [LPM15]
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2.3.5 CNN+RNN

In the literature, a combined CNN+RNN model has proven to perform better than the
RNN/LSTM model alone in image caption/classification, video, speech and traffic mod-
elling applications [WYM™'16] [FLLL16] [SHB*12], therefore it is worth trying to apply

it to stock price prediction.

In stock price prediction, the training dataset is very large. The question of how to extract
the key features from each sequence is crucial to predict stock price accurately. CNNs can
be used to solve this problem. A number of 2D CNN with a mixed of activation functions
(i.e. ReLU and max pooling) is applied to reduce the length of the sequence and extract
some features as a representation of the data. A CNN is able to capture patterns in a

local region, process that sequence, and then feed into the RNN with LSTM.

2.3.6 Attention+CNN+RNN

In the literature, Wang et al. have applied attention+CNN+RNN model to multi-label
image classification, and have found that accuracy is improved versus a CNN+RNN model
[WYM™16]. In other research, when applied to other applications, Attention+CNN+RNN
have been proven to be a better model than CNN+RNN and Attention+RNN models

[YTCT15] [YSXZ15]. However, this method has yet to have been applied to finance.

This model is a combination of CNN, RNN and Attention applied to stock price prediction

and is shown in Figure 2.13
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Figure 2.13: CNN-LSTM-Attn network structure. The CNN-LSTM-Attn consists of four
sub-networks, CNN, RNN with LSTM, global attention mechanism and fully connected
decoder.

2.4 Data Privacy and Security

Information privacy, also known as Data Privacy or Data Protection, is the relationship
between the collection and dissemination of data, technology, and the public expectation
of privacy, legal and political concerns surrounding them [Mic13]. Concerns over privacy in
digital and non-digital forms exist wherever personally identifiable information or other
sensitive information is collected, stored, used, and finally destroyed or deleted. Omne
of the privacy issues that may arise in the financial industry is increasing information
use. In the front office, there is trading data, and in the back office, there is other
privileged information, potentially including the customer’s salary, transaction data, and
due diligence data. There is a rising sensitivity over data protection across all financial

istitutions.

Figure 2.14 illustrates a traditional deep network’s architecture, which sends data from a

local device to a server, using encryption to secure the data transmission. At the server,
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the data is decrypted, and the original data is processed to find the result.

The general equation of a single layer can be written as

a= f(xxW +0) (2.24)

where x is a row vector of original input data, W is the weight matrix, b is the row vector
of biases, a is a row vector of activation outputs and f reflects the activation function such

as sigmoid, hyperbolic tangent, softplus, and rectifier [GBB11], max-out [GWFM*13].

From a security point of view, the activation output a can be captured by a network
sniffer, the weight matrix W and bias b can be acquired by hacking or decompiling the
software. As a result, given a, W, b and f, the input data x can be fully reconstructed
by Equation 2.25 *, where W! is inverse matrix of W and f~! is the inverse activation
function. Note W and f are both invertible. Therefore, encrypting the activation outputs

a is possible for data privacy and security.

r=(f1a)—b)xW! (2.25)

'If the number of activation outputs equals or greater than the number of input data
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Figure 2.14: Feed-forward propagation in server; x is the input data, y is the output value,

P(y|x) is the probability of y given x.



Chapter 3

Stock Price Prediction

3.1 Data Collection

3.1.1 Machine Learning

Data for three companies over a period of February 2012 to August 2017 is collected
from the Bloomberg Terminal. The companies are Microsoft, IBM and Google. Data
is collected for each company at two different timescales: one with a data point every
minute, and another with a data point every day. The dimensions of both timescale
datasets include the date, time, open price, close price, highest price, lowest price, and

volume that is being traded.

In the machine learning model, the input data is the volume column of this dataset,
and the output data is the absolute value of the price change, which is calculated by

subtracting the lowest price from the highest price for each data point.

As shown in Table 3.1 and Figure 3.1, the machine learning model is trained using dif-

ferent lengths of the timescale between January 2018 and May 2018. The results after

36
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training and then validated using the testing dataset suggest that the highest accuracy
does not necessarily come from having the largest training dataset. Moreover, it has also
been noticed that the closer the training dataset is to the testing dataset, the higher the
accuracy is likely to be. This makes sense in finance as the next day’s stock price is
more likely related to the previous day’s stock price rather than the previous month’s or
previous year’s stock price. In finance, the stock price is time-series dataset, so it would
not be appropriate or useful to pick a training dataset that is ahead of the test dataset

in time.

2012.01.01 1 yaar 2013.01.01 2014.01.01 2017.12.31 2018.05.31

Training
]
Training

testing

Training

Training

Figure 3.1: The figure of the training and testing dataset

3.1.2 Deep Learning

The stock price data is downloaded from Bloomberg in both minute and daily timescales;
three companies are selected: Microsoft, Google and IBM. The fields provided in the
dataset are shown in Figure 3.2 and Table 3.2. Similar to as described in the previous
sections, multiple periods of time are picked to use as the training dataset to test the deep
learning model. In Table 3.2, the dates are enumerated to: Monday as 1, Tuesday as 2,

Wednesday as 3, Thursday as 4, Friday as 5, the day Britain voted to exit EU (23/06/2016)
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Table 3.1: Training and testing data and the corresponding accuracy

Training time interval

Testing time interval | Accuracy prediction

01/2017-12/2017

01,/2018-05/2018

74.0000%

11/2016-12/2017

01,/2018-05/2018

76.0000%

02/2016-10/2017

01,/2018-05/2018

70.0000%

07/2014-12/2017

01,/2018-05/2018

75.0000%

01,/2013-12/2017

01,/2018-05/2018

79.4000%

01/2012-12/2017

01,/2018-05/2018

83.0000%

01/2012-12/2016

01,/2018-05/2018

75.0000%

01/2012-02/2017

01,/2018-05/2018

77.0000%

as 6, the period of one week before and one week after (16/06/2016-29/06/2016) Britain

voted to exit EU as 7, the day (08/11/2016) Donald Trump was elected as the 45th

president of the USA as 8, the period of one week before and one week after the day

Donald Trump was elected as 9, and the Christmas period of one week before and one

week after Christmas (17/12-02/01) as 10.

2012.01.01

1yea

2013.01.01

2014.01.01

Training

2017.12.31 2018.05.31

Figure 3.2: Figure of the data partition in deep learning training
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Table 3.2:

The fields of information provided in the model dataset

Fields

Descriptions

Local Time

Local time (British Standard Time) with 15-minute time in-
tervals. Normally, one and only data point for each 15-minute
time slice.

Days are classified into several categories, and valid ID includes:

Monday

Tuesday

Wednesday

Thursday

Input dataset

Friday

Result day of Britain voted exit EU(23/06/2016)

~N | O | O =W N

1 week before and 1 week after the result of Britain voted
to exit EU(16/06/2016-29/06/2016)

8 The day Donald Trump is selected as the 45th President
of the United States(08/11/2016)

9 1 week before and 1 week after the day Donald
Trump is selected as the 45th President of the United
States(01/11/2016-17/11/2016)

10 | Christmas period, 1 week before the Christmas holiday
start and 1 week after the Christmas holiday(17/12-
02/01)

Volume

The number of trading at that moment

Close Price

The price closes at that moment

Price change

The difference of the highest and lowest price at that moment
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Because the stock price dataset information is a time sequence, the data is divided into
three parts: a training dataset is built using data from 01/2015 to 12/2015, a validation
dataset is built using data from 01/2016 to 05/2016, and a testing dataset is built using
data from 06/2016 to 12/2016. The daily data is shown in Table 3.3 and the minute data
is shown in Table 3.4. The full batch size means the sum of the daily and minute data

points.

Table 3.3: Daily Data Partition

company

data type

start day

end day

full batch size

Apple/IBM/Microsoft

train data

01/2012

05/2017

1394

valid data

06,/2017

12/2017

14

test data

01,2018

05/2018 | 55

Table 3.4: Minute Data Partition

end hour

16:00
16:00
16:00

start hour

09:30
09:30
09:30

full batch size

34516
3694
2574

company data type start day
01/2012
06/2017

01/2018

end day
05/2017
12/2017
05/2018

train data

valid data

Apple/IBM /Microsoft

test data

3.2 Data Analysis and Refinery

Figures A.1, and A.2 show that daily and minute data are generally consistent in peaks

and troughs. For example, daily and minute price change data peaks are both around
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February of 2018; The price generally trends up in the daily and minute data between
05/2017-05/2018, and the troughs are around June 2017. However, while they are similar,
they do not always line up, for example, the peak in daily volume is around February

2018, but the peak of the minute volume is around June 2017.

In general, Figures A.1, A.2, and A.3 show that there are periodic patterns to price
change, close price, and volume in the daily dataset for the time period 05/2017-05/2018.
The minute dataset also shows the same trends and general patterns as the daily dataset,
but moreover shows more patterns within smaller timescales than the daily dataset. This
prompts us to plot the figures of monthly and weekly price change, close price, log volume

and volume, seen in Figures A.4, A.5, and A.6.

Figures A.4, A.5, A.6, and A.7 show patterns and trends in the monthly and weekly
timescale for price change, close price, log volume and volume. A period of October 2017

is used for illustrative purposes.

The monthly price change between 01/10/2017—28/10/2017 is shown as Figure A.la and
no strong patterns are apparent in the weekly data within the four weeks of that month.
Zooming into the dataset of that month to 02/10/2017 — 06/10/2017, the five-day price
change is shown as Figure A.1b. It shows that the daily price change decreases in the
morning, and then fluctuate up and down until at the end of the day, the stock price change
rises above the minimum price change of the day. There is no readily apparent pattern in
the weekly and daily close price, as shown in Figure A.5. Weekly log(Volume) and volume
likewise don’t show any obvious patterns. Daily log(Volume) and volume show a pattern
where volume and log(Volume) fall at the beginning of the day and then rise again at the
end of the day. See Figure A.6 and Figure A.7. The periodic pattern appears both in the
daily dataset and in the weekly dataset, this periodic pattern motivates further study,

which is discussed later in this section.
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3.2.1 Error Calculation
Reduce Mean

In the results, the daily error and minute error are calculated using the equations below,
where P; represents the price, and P, represents the predicted price, ¢ can either be daily

data or minute data.
P, — B

MAPE; =
P

(3.1)

MAPE is selected as it is common method used in finance research [WWZG12] [MO97]
citekim2016new. This method is most appropriate when one of the input data is price
change, which is a positive number. Note the accuracy is more likely to be lower than

MAPE in this model because of how the accuracy is calculated; in equation form this is:

number of correct predictions

accuracy =

3.2
total number of predictions (3:2)

Mean Square Error

MSE, or Mean Square Error, is a measure of the quality of the estimator. It is always
a positive value. Under normal circumstances, the smaller the MSFE; is, the better the

estimator is [WS08]. It is mathematically written as

n

1 D \2
MSE; =~ ;m i) (33)

3.2.2 Special Days

In the previous analysis, trading data features have been analyzed on a daily time scale

as well as on a weekly time scale. However, there are some special-case days where the
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series may behave differently. As seen in Table 3.2, several special days are defined: the
Christmas period, the day and corresponding close period of Donald Trump being elected
as the president of the USA, and the day and the corresponding close period of Britain
voting to exit the European Union. In addition to the special days, the workdays also
have their own class as there is also variability due to the days. Some measurements to

help us find the difference between workdays and special days are defined below:

1. The dataset spans from January 2012 to May of 2018. Two datasets are used, one
with data points every day (daily data), and one with data points every minute

(minute data).
2. Peak hours: The moments that have the highest 25% of the selected data feature

3. Percentage difference of all hours:

1l 0
mea”(ftu S Tziorkdays) - mecm(xt|t € Tsapecialdays)
e Tl (3.4)
mean (‘rt | S work‘days)
where Tgffrkdays is a set of data with workdays, and 7’ S“plécialdays is a set of data with

special days.

4. Traders can trade assets at different time scale, for example, they can do daily

trading or weekly trading

Christmas Period

Table 3.5 is a comparison between non-Christmas and Christmas periods on trading vol-
ume, close price and the highest and lowest price change. This table also makes a compar-
ison between three tech companies: Apple, IBM and Microsoft. It shows that, in general,

the price change is more volatile in the daily dataset than the minute dataset; volume is
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more volatile in the minute dataset than the daily dataset; and the close price percentage
difference mean is sometimes negative, which means the stock price during the Christmas
is higher than the stock price during a none-Christmas period, while volume and price

change all have positive numbers.

Figure A.9 shows a comparison of a Christmas period and a non-Christmas period for
volume, close price and price change. The red line is the top 25% of the dataset in each
case (volume, price and price change). In Figure A.8 it shows that the price change is less
volatile during the Christmas period compared to the non-Christmas period, especially
the top 25% is below 0.5 during the Christmas period, while above 0.5 during the none-

Christmas period.

Weekday Differences

Plots for Apple data for the weekdays cases are shown in Figures A.11, A.12, A.13, A.13,
A.14, and A.15. In general, it shows that the price change trend is consistent to the
volume trend, as seen in Figure A.13a and A.13c, which indicates that the maximum
price change and volume are on Wednesday around 11:00 am on the 17th of May 2017.
Comparing the price change and volume of the weekdays shows that Wednesdays have
the most volatile price change and volume; while Tuesday and Thursday have a flatter
price change and volume. This result is also consistent with the finding that many traders
make weekly trades on Tuesday and Thursday [Har86] [CS00]. Figure A.15c¢ shows that
there is a larger volume of trading around 10:00 am than other times of the day on every

Friday in May 2017.

The first Monday, Tuesday, Wednesday, Thursday and Friday of every month in 2017 are
plot in Figures A.16, A.17, A.18, A.19, and A.20. July, November and December are

the most volatile months of the year with respect to the volume and price change, seen
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Table 3.5: A comparison between non-Christmas and Christmas periods on trading vol-
ume, close price, and the highest and lowest price change

MEAN

Volume percentage difference 1.5000%

Daily Close price percentage difference 1.8000%

Apple Price change percentage difference 5.1000%
Volume percentage difference 20.2000%

Minute | Close price percentage differe000nce | -2.0000%

Price change percentage difference 7.0000%

Volume percentage difference 1.0000%

Daily Close price percentage difference 4.3000%
IBM Price change percentage difference 12.6000%
Volume percentage difference 12.4000%

Minute | Close price percentage difference 5.0000%

Price change percentage difference 8.0000%

Volume percentage difference 1.4000%

Daily Close price percentage difference -7.7000%

Microsoft Price change percentage difference 4.6000%
Volume percentage difference 17.7000%

Minute | Close price percentage difference -8.0000%

Price change percentage difference 3.0000%

in Figure A.20a and A.20c. Price change and volume fluctuate most in the morning in
November and December, while price change and volume fluctuate most in the afternoon
in July. January is the flattest month of the year. In the price Figures A.20b, A.17b,
A.18b, A.19b, and A.20b, it is show that the January is normally the lowest stock price of
the year, and prices increasing gradually in following months. In three pairs of months in
2017: April and May; in September and October; and in November and December, stock

prices were very close to each other.

The close price and volume for the first Monday, Tuesday, Wednesday, Thursday, and
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Friday for every February from 2012 to 2017 are shown as Figures A.21, A.22, A.23, A.24,
and A.25. As can be observed in Figures A.21a, A.22a, A.23a, A.24a, and A.25a, the
more recent the year, the more volatile the price change was. However, the volume shows
the opposite trend, with volume reducing over time, as can be seen in Figures A.2lc,
A.22¢, A.23c, A.24c, and A.25¢; with the highest volume in the year 2013. This result is
consistent with the current economic situation: in the 2012 and 2013, the economy was is
in recovery, and the public was confident in the stock market and invested heavily; while
2018 is part of what some consider a ten years cycle from the last crisis in 2008, people are
not as confident of the current economic market [Rool3| [Bail8| [Fril8]. Figures A.21b,
A.22b, A.23b, A.24b, and A.25b also show that the price increased slowly in the February
of year 2012 and 2013 every day until 2015. In year 2016, the February price dropped.

2017 and 2018 are then two consecutive increase years.

In this section, the tables are used to see the percentage difference of mean values each
day in the minute data for Apple, IBM and Microsoft. These are the indicators used for
picking inputs to models, and more importantly, these are the quantitative methods used

to draw trading patterns.

Table 3.6 is a comparison within weekday trading volumes, close price, and highest and
lowest price change for Apple. Table 3.7 shows the same for IBM, and Table 3.8 shows

the same data for Microsoft.

In Table 3.6, the price change has a higher daily and minute percentage mean difference
than volume and price change. Also, there can be no certainty of whether the percentage
mean difference is positive or negative in the daily and minute dataset. Besides, even the

highest percentage mean difference is below 20%.
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Table 3.6: Comparison within weekdays on trading volume, close price and the highest
and lowest price change for Apple.

Company | Days Percentage difference Minute Mean | Daily Mean
Volume percentage difference 0.7000% | -0.0194%
Monday Close price percentage difference | 0.1770% | -0.0460%
Price change percentage difference | -1.7700% | -10.8590%
Volume percentage difference -3.1000% | -0.2100%
Tuesday Close price percentage difference | 0.0140% | 0.1270%
Price change percentage difference | -4.2700% | -5.1550%
Volume percentage difference -6.4300% | -0.2640%
AAPL | Wednesday | Close price percentage difference | -0.4600% | -0.3770%
Price change percentage difference | -6.8200% | -1.5600%
Volume percentage difference 2.9500% | 0.1327%
Thursday Close price percentage difference | -0.2500% | -0.0990%
Price change percentage difference | 0.7290% | 5.0050%
Volume percentage difference -1.4300% | -0.1300%
Friday Close price percentage difference | 0.5470% | 0.4630%
Price change percentage difference | 9.2500% | 9.3038%
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Table 3.7 is the weekday trading volume, close price, price change minute and daily mean

for IBM. Compared to Table 3.6, there is no significant difference to the minute/daily

mean between Apple and IBM, all the numbers are below 10% in the Apple case.

Table 3.7: Comparison within weekdays on trading volume, close price and the highest
and lowest price change for IBM.

Company | Days Percentage difference Minute Mean | Daily Mean
Volume percentage difference 5.9500% | 0.2670%

Monday Close price percentage difference | -0.5020% | -0.4050%

Price change percentage difference | 4.0910% | 4.6548%

Volume percentage difference -1.9600% | -0.1600%

Tuesday Close price percentage difference | -0.3600% | -0.2950%

Price change percentage difference | -0.1600% | -0.7110%

Volume percentage difference -4.2100% | -0.1330%

IBM | Wednesday | Close price percentage difference | -0.2780% | -0.2000%
Price change percentage difference | -4.6000% | -6.1280%

Volume percentage difference -1.0900% | -0.1220%

Thursday Close price percentage difference | -0.6100% | -0.5100%

Price change percentage difference | -5.4100% | -5.1650%

Volume percentage difference -2.9000% | -0.1176%

Friday Close price percentage difference | -0.4300% | -0.3322%

Price change percentage difference | 3.5400% | 4.3076%
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Table 3.8 shows the same data but for Microsoft. The volume percentage difference in the

Friday minute dataset is about —20.5%, this result is also consistent with the previous

figure that shows Fridays having higher volatility compared with other days of the week.

All other figures are lower in the Microsoft data compared to Apple and IBM.

Table 3.8: Comparison within weekdays on trading volume, close price and the highest
and lowest price change for Microsoft.

Company | Days Percentage difference Minute Mean | Daily Mean
Volume percentage difference 8.3000% | 0.3900%

Monday Close price percentage difference | 0.5200% | 0.4320%

Price change percentage difference | 6.1600% 3.3350%

Volume percentage difference 3.3460% 0.1100%

Tuesday Close price percentage difference | 0.6840% | 0.7500%

Price change percentage difference | 1.6600% 0.8500%

Volume percentage difference 3.0000% | 0.0520%

Microsoft | Wednesday Close price percentage difference | 0.1700% 0.1580%
Price change percentage difference | -1.7500% | 0.0960%

Volume percentage difference 0.6000% -0.1050%

Thursday | Close price percentage difference | 0.3950% | 0.4730%

Price change percentage difference | -3.6000% | -0.7300%

Volume percentage difference -20.4900% | -0.7900%

Friday Close price percentage difference | 0.6100% | 0.4700%

Price change percentage difference | -2.5000% | -4.1700%
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Political special days: the Day Britain Voted to Leave the European Union&

the Day Donald Trump was elected as President of the USA

Table 3.9 is a comparison of Apple trading volume, close price, and price changes on the
day Britain voted to leave the EU, the day of Donald Trump’s election, as compared with
normal trading days. Table 3.10 is the same period for IBM, and Table 3.11 is the same
period for Microsoft. Comparing means from normal days to those for these two events, it
is very obvious that there are volume, close price and price change percentage differences.
In the minute mean for both cases, volume differences were notably large. In the daily
mean, the price change percentage difference is instead more significant than the other

two.

Comparing the Brexit and USA election cases, the days of the USA election appear to have
had a greater influence on volume, close price, and price change than the Brexit event. One
likely reason is that Apple, being a US company, is seen to be more impacted by US events
than non-US events. It is also observed that closing price and price change percentages
went in opposite directions for the Brexit and the Election cases, so apparently, have

opposite influences.

Similarly to the Apple table, the tables for Microsoft (Table 3.11) and IBM (Table 3.10)
both show a bigger change in the daily and minute mean during the USA election and
Brexit events compared to regular weekdays, however, Microsoft’s changes are not as

significant when compared to Apple and IBM, as shown in Figures A.28, A.27, and A.26.

In conclusion, the price change for three companies are seen to fluctuate more during the
day of the USA election, and on the other hand, the volume during the day of the USA

election is more volatile than during the day Britain voted to leave the EU.



3.2. Data Analysis and Refinery

51

Table 3.9: A comparison of Apple during the day Britain voted to leave the European
Union, and the day Donald Trump was elected, compared with other normal days of the
year on trading volume close price and the highest and lowest price change

percentage
difference

Daily Minute
Mean Mean
Volume per- | 1.6560% 38.7000%
The day Britain Votes to Leave | centage differ-
the European Union ence
Apple Close price | 11.7860% | 12.1400%
percentage
difference
Price change | 20.5108% | 17.5900%
percentage
difference
Volume per- | 2.2100% | 43.9300%
Donald Trump elected president| centage differ-
day ence
Close price | -1.8410% | -1.3620%
percentage
difference
Price change | -35.6100% | -21.8100%

3.2.3 Data Refinery

Validation

Due to some mechanical fault of the machine or special event such as trading being halted,

if the exchange for trading is partly closed between the normal open 9:00-16:30 hour,

resulting in data missing for part of the day, the whole day is eliminated for consideration

in the model.
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Table 3.10: A comparison of IBM during the day Britain voted to leave the European
Union, and the day Donald Trump was elected, compared with other normal days of the
year on trading volume close price and the highest and lowest price change

percentage
difference

Daily Minute
Mean Mean
Volume per- | 0.5600% 11.4900%
The day Britain Votes to Leave | centage differ-
the European Union ence
IBM Close price | 12.4100% | 12.4300%
percentage
difference
Price change | -10.0500% | 0.6640%
percentage
difference
Volume per- | 1.2600% 18.8700%
Donald Trump elected president| centage differ-
day ence
Close price | 8.8900% | 8.9750%
percentage
difference
Price change | -6.7500% | -6.6500%

De-duplication

In data de-duplication, we eliminate duplicate copies of repeating data points. In the

minute dataset, data is sampled every 15 minutes, which means there is supposed to be

one and only one data point in each 15-minute time slice. However, the raw data is not

necessarily clean and may contain duplicate data points. To deal with this, data points

are first grouped into 15-minute slices; then an average is taken for groups with multiple

data points.

The minimum time scale possible is 1-minute time slices, but time slices between 1-minute

and 10-minutes have been tested and found that the models built on them do not converge,
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Table 3.11: A comparison of Microsoft during the day Britain voted to leave the European
Union, and the day Donald Trump was elected, compared with other normal days of the
year on trading volume close price and the highest and lowest change

Daily
Mean

Minute
Mean

Microsoft

The day Britain Votes to Leave
the European Union

Volume per-
centage differ-
ence

-1.0310%

-13.4600%

Close price
percentage
difference

-1.6700%

-1.6420%

Price change
percentage
difference

-14.4300%

-12.5800%

Donald Trump elected
president day

Volume per-
centage differ-
ence

0.2030%

9.6700%

Close price
percentage
difference

-20.4300%

-20.4000%

Price change
percentage
difference

-34.7160%

-37.0300%

which could be caused by the lack of volume within such a short period, or due to the price

change being too small to be used in calculation. From the previous calculation/test, it

seems that there is a general relationship between accuracy and quantity of data for the

stock price prediction.

Feature Selection

Based on the literature review and the physical meaning of the data in the model, the

volume, highest and lowest price of the day, the close price and the day ID are selected to

be combined together in different combinations in the model. To avoid duplication, the
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models’ input dataset is carefully selected.

3.3 Methodology and Implementation

3.3.1 Implementation

The implementation of deep neural networks is based on TensorLayer [DSM*17], a high-
level library for TensorFlow [AABT16] described as “taking advantage of functional pro-
gramming and object-oriented programming and provides agile project development with

simple structure, friendly interfaces, minimum redundancy and sufficient flexibility”.

Figure 3.3 demonstrates the structure of the project.

Analysis & Applications

o Validation
Training e Inference

Controller

Base Controller

DNN Model Data Loader

TensorLayer Base Model Data Refinery

Figure 3.3: Project structure. All deep neural network models are implemented on Ten-
sorLayer and the base model. Given the model and refined data, the controller defines
the process for training, validation, testing and inference. Applications, including analysis
and visualisation, are built upon prediction results.
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1. The green section supports data refinery, data analysis and data loading for con-
trollers. Results of data analysis and methods of data refinery have been discussed

in the previous chapter.

2. In the blue section, we firstly define a base model, which integrates several funda-
mental interfaces including placeholders, training operations, loss functions, network
structure and models. New deep neural networks inherit the base model and ac-
quire all features of the superclass. The only modification needed is to update the
network structure. Besides, methods can be overridden if any other interfaces need
updating. For example, we can first build a simple RNN for the prediction problem,
and then other models can share the same definitions of input, output, loss functions
and optimisers, and only need a new network structure. This means the RNN here
can have different settings that change some variables in the model; for example,

the activation function can be easily switched between RELU, Sigmoid and others.

3. The orange section implements controllers and applications; this means this part is a
combination of data and the deep learning structure. Similarly, the base controller
defines the training, testing and inference process. Some functionalities such as
model saving /loading can also be implemented within the base controller. Generally,
there should be one controller for each DNN model. Most controllers share exactly
the same process for training/testing/inference, so we only need to update some

basic settings, e.g. the path of the directory for logging.
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3.4 Experiment and Evaluation

3.4.1 Machine Learning

As shown in the previous data collection process, the evaluation of the training on different
datasets uses the machine learning methods that are listed in Table 3.12. The results
in this table indicate that minute dataset results are generally better than the daily
dataset result. The table also shows that Random Forest regression is better than linear
regression, and linear regression is better than LASSO regression. The table shows that
the best training dataset is not necessarily the largest dataset; it is also not necessarily
the closest training dataset to the test dataset. However, training dataset with longer
periods helps to reduce the error. The table shows that there is no significant difference
between the three machine learning methods (Linear regression, Lasso Regression and

Random Forest regression) after calculating the ANOVA.

Table 3.12: Machine learning Apple 2018 January to May data MAPE prediction when
the training dataset is over different intervals

Linear Regression Lasso Regression

Random Forest regression

training time interval

daily

minute

daily

minute

daily

minute

01/2012-12/2012

53.4000%

52.9000%

53.7300%

26.5100%

50.7000%

56.3100%

01/2013-12/2013

59.9900%

61.0000%

50.2000%

45.1000%

55.3400%

57.8000%

01/2014-12/2014

44.9000%

46.7000%

41.2000%

48.2000%

40.4100%

50.1230%

01/2015-12/2015

30.2300%

30.9000%

39.6000%

37.8000%

34.5000%

32.1800%

01/2016-12/2016

39.6000%

39.9000%

30.1000%

38.9000%

30.4500%

32.1800%

01/2017-12/2017

13.7000%

13.6000%

27.0000%

31.0000%

23.6100%

27.8300%

01/2012-12/2014

51.2000%

50.3000%

28.4000%

26.1000%

37.1000%

32.1900%

01,/2014-12/2017

29.9700%

32.2000%

24.1000%

23.8000%

23.2000%

21.34 00%

01,/2012-12/2017

34.4000%

38.2000%

26.7000%

25.9000%

19.8720%

20.4500%
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3.4.2 Deep Learning

In the Deep Learning model, the following different input datasets are tested:

e The input data is a two-dimensional vectors of the day ID and close price. The

output data is the close price.

e The input data is a two-dimensional vector of the day ID and price change. Price
change is calculated by subtracting the lowest price from the highest price. The

output data is the price change.

e The input data is a three-dimensional vector of the day ID, volume, and the price
change. Price change is calculated by subtracting the lowest price from the highest

price at that timescale. The output data is the price change.

e The input data is a two-dimensional vector of the day ID, volume, and the close

price. The output data is the close price.

e The input data is a three-dimensional vector of the day ID, volume, and the log(close

price). The output data is the log(close price).

Table 3.13 is the result of using the different input and output datasets with the Deep
Learning model. The table indicates that though inputs have different dimensions, the
error for each case does not differ by much, and results generally around 11% MAPE error.
Note the lowest MAPE error is the model with Days ID+Price change+log(Volume)+Volume,
and thus the deep learning model used in later sections are based on this. Though
log(volume) and volume are correlated, in deep learning model, it does not make too
much difference in term of MAPE prediction. The table shows that there is no significant
difference between all these deep learning methods in terms of the accuracy of prediction

for one sample t test.
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Table 3.13: CNN-LSTM-Attn model settings use the minute dataset prediction

Model Predictions MAPE
Days ID+Volume 10.7000%
Days ID+Close price 11.0000%
Days ID+Close price+ Volume 10.9800%
Days ID+Close price+log(Volume) 10.4200%
Days ID+Close price+log(Volume)+ Volume 10.5100%
Days ID+Price change 11.0900%
Days ID+Price change+ Volume 11.0860%
Days ID+Price change-+log(Volume) 10.4000%
Days ID+Price change+log(Volume)+Volume 10.1000%
Days ID+log(Close price) 10.9000%
Days ID+log(Close price)+ Volume 10.9020%
Days ID+log(Close price)+log(Volume) 11.1000%
Days ID+log(Close price)+Volume+log(Volume) | 10.4300%
Days ID+price change-+Close price+Volume 10.7200%
Days IDprice change+Close price-+Volume-+log(Volume) 11.1200%

Model Settings

The minute dataset is used in a CNN-LSTM-Attn model, with details shown in Table
3.14. The table shows the input dataset; the model, which is a combination of CNN and
RNN, with Attention added to the RNN; and the output dataset. The prediction can be
changed accordingly based on the time scale. The table also notes how initial conditions

are set up. In this setting, the CNN has been set up with only one layer because the input
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dataset is small in dimension, and one layer of CNN is enough to extract the necessary
features. In the CNN, 32 filters are used because the number of filters is the power of 2,
and each filter is 5 x 13 because there are five days, and 13 makes the 130 data points
a week evenly divisible. A single layer LSTM is used because multiple layers were tried
and tested, and a single layer found to perform good enough. Two layers of Dropout and

Denselayer are used as this is a classic configuration.

As shown in Table 3.15 of MAPE (%)the machine learning methods were all worse than the
deep learning method, with a difference of about one-third of the error from the machine
learning methods. It also shows that the longer the predictions period is, the higher the
error becomes. In fact, the machine learning error rate at 15 minutes is approximately
the same as the deep learning method at about 60 minutes, which is about 9.2%. It is
also worth noting that the error rate MAPE in the machine learning and ARMA family
models are increasing significantly over time, and the average is about 3%. The ANOVA
test gives a P-value of 0.010381, which means there is a significant difference. A two-
sample t-Test has been run to each of the different machine learning methods, and it
turns out that the LSTM deep learning method MAPE result is significantly different to
the machine learning methods; while there is no significant difference between each of the

two machine learning methods.

Table 3.16 of MAPE (%) shows the error in prediction for the different types of deep learn-
ing methods, which include: LSTM, CNN+LSTM, LSTM+Attn and CNN+LSTM+Attn.

In the table, 15-minutes predictions can reach an error of about 8%. Prediction error grad-
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Table 3.14: CNN-LSTM-Attn model settings use the minute dataset prediction

Layers | Settings

Input One week observations by default. The size (5,
130, 4) refers to five days, 130 data points a week
and four features per each week (mathematically a
combination of trading volume, type of day, price
change, log(volume)). We use mini-batch with
batch size of 100.

CNN One-layer CNN with ReLLU and max pooling. The
first convolutional layer has 32 filters and each fil-
ter is b x 13 with strides of 1 x 1. The first max
pooling layer has a filter size 3 with strides of 1.

RNN Single-layer LSTM as cell with 512 units of hidden
state.

Two-layers of Dropoutlayer and Denselayer. The
first Dropout layer keeps the probability at 0.8,
and the first DenselLayer has units 64; The sec-
ond DropoutLayer also has the keep at 0.8, and
the units are the dimension of the output dataset,
which is 1.

Output | If the dimension is 1, this means it will predict the
return after 15 minutes; if the dimension is 8, that
means the prediction is the return in 2 hours.

Note Parameters are all initialized randomly with a uni-
form distribution between [-0.05, 0.05]. The Adam
optimiser is applied for parameter optimisation
(Kingma and Ba (2014)). MSE is used as a loss
function in the early training stage, then MAPE
is calculated. The learning rate is initially set as
0.005 and exponentially decays at a rate of 0.8 ev-
ery two epochs.

ually increases with how long into the future it is predicting. The CNN+LSTM model
has the lowest prediction errors at 15-minutes predictions, LSTM and CNN+LSTM+Attn
have the same prediction error at 30-minutes prediction. The MAPE error rate is not sig-
nificantly different across deep learning models. The overall lowest error rate is 9.21% in

the CNN+LSTM-+Attn model. Note the difference between the error rate in the consec-
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Table 3.15: MAPE (%) on the 2013-2018 dataset. CNN-LSTM-Attn achieves best overall
performance with lowest error rate 9.21%.

Predictions | sarmva VAR LR RFR SVR CNN-LSTM-Attn
15 minutes 9.0100% | 10.4600% | 9.4100% | 9.5800% | 7.3400%
30 minutes 13.1000% | 15.0100% | 13.2900% | 13.6800% | 8.5200%
45 minutes 16.5000% | 18.9700% | 17.0200% | 17.3200% | 8.9400%
60 minutes 19.3000% | 21.6500% | 19.9900% | 20.5400% | 9.2100%
75 minutes 22.0100% | 27.6500% | 24.0120% | 25.8700% | 9.4000%
90 minutes 26.0200% | 30.1200% | 28.5600% | 29.6700% | 9.8400%
105 minutes 29.8900% | 36.2300% | 31.1200% | 34.2100% | 10.1400%
120 minutes 34.4500% | 40.1200% | 35.2100% | 39.3200% | 10.3400%
overall 23.0000% | 21.2850% | 25.0263% | 22.3270% | 23.7740% | 9.2100%

utive time gap is less than 1% in every model listed in the table. It is also worth noting
that even the highest error rate in the table is 11.62%, which is significantly smaller than
the ARMA family and traditional machine learning models. ANOVA has been run to test
the statistically significant, the p-value is 0.4068024, and there is no significant difference

between different deep learning methods.

Table 77 is a comparison between different length of input on the minute testing set. The
CNN + LSTM + Attn' model is used on datasets of one day (26 data points), one week
(130 data points), one month (420 data points), and three months (1260 data points).
The results show that using one-week observation as an input gives the lowest MAPE

error, while the use of one-day observation as input is also very low. However, the three-
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Table 3.16: Comparison among different DNNs on the dataset.

Predictions | LSTM CNN+LSTM | LSTM+Attn | CNN+LSTM+Attn
15 minutes | 7.7900% | 7.3100% | 7.6500% | 7.3400%

30 minutes | 8.8400% | 8.5200% | 8.5700% | 8.5200%

45 minutes | 9.5200% | 8.9900% | 9.2400% | 8.9400%

60 minutes | 10.0400% | 9.3000% | 9.8700% | 9.2100%

75 minutes | 10.5200% | 9.4600% | 9.9900% | 9.4000%

90 minutes | 10.7800% | 9.9100% | 10.1200% | 9.8400%
105 minutes | 11.0500% | 10.1900% | 10.7600% | 10.1400%
120 minutes | 11.6200% | 10.4500% | 10.8900% | 10.3400%

overall 10.0200% | 9.2665% | 9.6363% | 9.2100%

month input gives the highest among all the results. The 15-minute prediction gives the
lowest MAPE error than other time length predictions. The p-value in the ANOVA test
is 0.1535, which means there is no significant difference between all the CC+LSTM+Attn

method when the input dataset length is different.
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Table 3.17: Comparison between different length of input on the dataset

Predictions | onn+LsTM + Attnl | ONN 4+ LSTM + Attn? | ONN 4+ LSTM + Attn® | ONN + LSTM + Attn?
15 minutes | 7.4100% 7.3400% 7.3800% 8.0100%

30 minutes | 8.5700% 8.5200% 8.5400% 9.9800%

45 minutes | 9.0100% 8.9400% 9.3400% 10.0100%

60 minutes | 9.3100% 9.2100% 9.2600% 10.1100%

75 minutes | 9.4900% 9.4000% 9.4500% 10.2300%

90 minutes | 9.9200% 9.8400% 9.8700% 10.4700%

105 minutes | 10.2000% 10.1400% 10.1700% 11.5200%

120 minutes | 10.4100% 10.3400% 10.3800% 11.6700%
overall 9.2900% 9.2100% 9.2987% 10.2500%

1. Previous one-day observations as input (26 data points).

2. Previous one-week observations as input (130 data points).

3. Previous one-month observations as input (420 data points)

when consider each month 30 days.

4. Previous three-month observations as input (1260 data points)

when consider each month 30 days.
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3.5 Discussion

3.5.1 Dataset

The result is relatively accurate given a very big dataset from year 2012 to 2017, especially
as the tables of the volume/price/price change mean percentage difference shows that it is
not significantly different between the Christmas and non-Christmas period and weekdays;
the only differences being the Brexit and USA election periods having relatively high ups
and downs. To understand how well the model works when these two periods removed,
the same test was run without data fro Brexit and USA election periods, resulting in a

MAPE error of 9.201%, meaning the prediction is quite accurate.

It turns out that the weekly input data points are better than daily, monthly and three-
month input data points. This result has only been tested on the best model that was
selected and was not tested on other models that used all the input dimensions. However,
as shown in Table 3.16, nearly all deep learning model have reduced the error rate to

below 10%.

This research only targets three companies: Apple, IBM, and Microsoft; and there was
some limitation in the training dataset. First, these are all technology companies; and
secondly, they are all headquartered in the USA. It’s possible that other kinds of companies
from other sectors or those who are not based in the USA could behave differently. Other
factors that are not accounted for include: transaction costs, and stock splits, which
causes a sudden step-change in the stock value and quantity, which a model would need

to account for.

In the literature, no research has previously been done to use the Day ID (class of the
day) as an input, and to correlate volume and price/price change [Kar87] [JJ88] [APS&S].

When designing the model, the Day ID is set to be 1,2,3,4..., this may not have been the
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optimum mapping and may have brought noise into the model. However, a similar model
has been set up by Wei Bao in the stock price trading [LZW'18], and Day ID is set up
this way in other kinds of experiment, for example, it has been applied to Deep Sequence

Learning with Auxiliary Information for Traffic Prediction [LZW™18].

3.5.2 Novel Methods

In the LSTM+RNN+Attn model, the attention has been selected based on a paper from
the literature [LPM15]; there are three methods described paper, including other methods
to set attention. However, as Table 3.16 shows, the method of adding attention only causes
the model to reduce the error by 0.4%. Therefore, it is not necessary to address the type

of attention added to the model as it does not significantly affect the results.

In the literature, stock price prediction algorithms have been built in many different ways.
For example, Wei Bao uses a technical analysis method as input dimension dataset, then
applies a deep learning method on top; the resulting MAPE error is 2% [BYR17]. The
inspiration of using volume, price change, the close price is from the past research, and
in the literature, deep learning methods have not yet been applied as the model [CCGO5]
[CS00][Sun03].
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3.6 Conclusion

Tables 3.10, 3.11 and 3.9 show that the minute mean in general is larger than the daily
mean in volume percentage difference, close price percentage difference, and price change
percentage difference during the special days like Brexit and USA presidential election.
As shown in Table 3.5, in the other special days like Christmas, the volume percentage
difference is more significant across all companies (IBM /Microsoft/Apple) than the close

price percentage difference and price change percentage difference.

A weekdays comparison has been done in Table 3.8, it also shows that the minute means
has a bigger difference than the daily mean; and most importantly, volume and price
change percentage difference is more significant than the close price percentage difference.
It also shows that Monday and Friday are more significant than Tuesday, Wednesday and
Thursday, indicating that daily trading strategies are more likely to make a bigger profit

on Monday and Friday.

In this research, deep learning methods are shown to be better than machine learning
methods and ARM family methods, with machine learning methods and ARM family
methods being about the same accuracy, as seen in Table 3.15. In the table, the prediction
of different time intervals, including 15 minutes, 30 minutes, 45 minutes, 60 minutes, 75
minutes, 90 minutes, 105 minutes, and 120 minutes are shown. It shows that the longer the
time interval is, the less accurate the stock price prediction is. In the machine learning
methods, VAR has the least error rate compared to other machine learning methods,
which is 21.285%. Across machine learning methods, accuracy is below 80% while the

deep learning method has accuracy rates above 90%.
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3.6.1 Deep Learning

In Table 3.13 15 models have been tested, and each model is the combination of the input
dimensions of Day ID, Volume, Close price, log(Volume), Price change, and log(Close
price). After running a comparison of the deep learning CNN+LSTM+Attn model with
different input datasets, it is shown that the the input of

Days ID+Price change+log(Volume)+ Volume gives the lowest prediction MAPE. This ta-
ble also shows that the difference input datasets don’t have a huge difference in prediction

accuracy in general, with MAPE of all cases being around 11%.

Table 3.16 shows that in general, the attention combined together with CNN and RNN
model works best in the deep learning model for stock prediction than the other deep
learning models across most time intervals. This matches findings elsewhere in the liter-
ature [YTCT15] [XBKT15][MHG*14][VSP*17]. Though in the 15 minutes time interval,
CNN+LSTM model is better than the CNN+RNN+Attention model; in the 30 minutes
time interval, CNN+LSTM is the same as the CNN+RNN-+Attention model with the
error in 8.52%. Table 3.16 also indicates that the longer the time interval is, the less
accurate the stock price prediction is. The average for price prediction error across all the

time intervals is about 9.21%, which means the accuracy of the stock price prediction is

above 90%.

In the deep learning model, Table 3.17 shows that the use of one-week of observations
as input dataset gives the highest accuracy. The three-month observations as input has
a stock price prediction accuracy slightly lower than 90%. The accuracy of one-day,
one-week and one-month input datasets are all above 90% and are therefore not much

different.



Chapter 4

Stock Return Prediction Before

Merger and Acquisition

4.1 Introduction

Financial institutions and traders are always searching for the most accurate algorithm to
decide how to trade. Much related research has been done in the literature [KCHO1][EVDHMO5].
To find a machine-learning based algorithm that can replace human decision making to
execute a trade, an accurate and representative dataset and environment is needed to

train the model.

Mergers and Acquisitions have always been very interesting to the public, so much so
that financial institution have separate investment banking divisions that are set up to
deal with M& A-related issues. Many examples of further study in this field appear in the

literature.

In this research, an algorithm is trained to predict share price change 6 months after a

merger or acquisition is announced to the public. An algorithm is trained on the time

68



4.2. Data Collection 69

sequence dataset for each company. At the end, an overall algorithm is trained to predict

the price change within 6 months after the announcement of the acquisition.

4.2 Data Collection

Technology companies make strategic acquisitions. It happens more and more frequently
in the top four Tech Unicorns (Amazon, Apple, Facebook, and Google). A dataset has
been collected that includes four big deals: Amazon acquired Whole Foods on the 16th
June 2017 at a valuation of 13.7 billion dollars; Google acquired the HTC Pixel Phone
division on the 21st September 2017 at an valuation of 1.1 billion dollars; Apple acquired
Beats Electronics on the 28th May 2014 at a valuation of 3 billion dollars; and Facebook

acquired WhatsApp on the 19th February 2014 at a valuation of 19 billion dollars.

As can be found on the website Crunchbase (see first Appendix). There were 228 ac-
quisitions by Google, 75 acquisitions by Facebook, 101 acquisitions by Apple, and 79
acquisitions by Amazon. It can be noted that many of the acquisitions has no valuations
recorded on Crunchbase; of all the companies acquired by Apple, Amazon, Google and
Facebook, only 87 of them have recorded valuations, likely because they are notably large
acquisitions and so values have been widely publicized. These 87 deals are collected as a

dataset for analysis as we have the valuations for them.

As some of the acquired companies are privately owned, they are not listed on the exchange
and don’t have public stock price data available. Therefore, the four unicorns: Facebook,
Google, Apple and Amazon stock prices are collected instead. Different time lengths of
data are collected: one month before and after announcing the news on a daily and minute

basis; three months before and after; and six months before and after.
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4.3 Data Analysis

As can seen in the one-month daily Figures A.35, A.31, A.33, and A.29; three-months
daily Figures A.36, A.32, A.34, and A.30; and six-months daily Figures A.37, A.39, A.40,
and A.38; the one- and three-months daily figures seem to not show the whole pattern,

therefore, the six-months daily or minute dataset will be used to make the analysis.

Further exploring the patterns in the one-month daily dataset, it can be seen that close
price gradually increased after the acquisition news was announced, however, Amazon
is the only case where daily close price went up and down multiple times while Google,
Facebook and Apple stock close prices all gradually rose the whole month after the an-
nouncement of the news. Figures can be seen in A.35b, A.29b, A.33b, and A.31b. Most
of the high volume in the one-month daily dataset is between 30 and 50 days for each
company. Note that the acquisition announcement is around days 40 and 45, this pattern
is very obvious in Google, Facebook and Amazon, as can be seen in Figures A.29a, A.33a,
and A.3la. In the case of Apple (Figure A.35a), it can be seen that the lowest volume
is around days 40 to 50, and is higher than the lowest volume for any other period. As
seen in Figures A.35¢c, A.29¢, A.33c, and A.31c, the lowest price change during the 40 to

50 days is higher than the lowest price change for other periods.

In the three-months daily dataset, the stock volume of Facebook, Google, Apple, and
Amazon is high around the 50th, 120th, 125th and 200th day, as can be seen in Figures
A.30a, A.34a, A.32a, and A.36a. The close price shows a uptrend in Figures A.30b, A.34b,
A.32b, and A.36b. Price change shows the low point is around the 175th day, and high
point around 75th day, see Figures A.30c, A.34c, A.32¢, and A.36c.

In the six-months daily dataset, the close price in Figures A.38b, A.40b, A.39b, and A.37b
show that the close price rises until the 300th day, and then remains constant for a while

until the 400th day, before continuing to rise again until the 500th day. In the price
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change figures, as seen in Figures A.38c, A.40c, A.39c, and A.37c, it shows there is a
noticeably high low price change happening between the 300th and 400th days. There
is a significantly high volume between the 300th and 400th day for Apple and Facebook
Figures in A.39a and A.37a.

One-month, three-months and six-months minute datasets are plotted in Figures A.41,
A.42, and A.43. From the volume Figures A.41a, A.42a, and A.43a, it can be shown
that there is abnormal volume 3 months before and 1 month after the acquisition. Figure
A.41b best shows the close price trend, while, due to having too many data points, Figures
A.42b and A.43b don’t as clearly show this trend. The same can be found for the price
change with detailed changes visible in Figure A.41c, showing how the dataset changes

most around the acquisition announcement date.

From all the observations above, the six-months daily data will be used in the machine
learning model, and three time-scale datasets: one-month, three-months, and 6-months

minute datasets will be used to test the deep learning model, see Table 4.7.

In the machine learning model, the first model is trained and tested on each company’s
data. Note that each company has tens of acquisitions, those acquisitions can be listed
chronologically and if assumed to be independent, the dataset can be split into a training
dataset and a testing dataset using different subsets of these acquisition events. The
second model combines the data for all four companies, and lists all acquisitions by these
four companies that have a valuation on Crunchbase. The combined dataset is similarly
split for training and testing datasets. The second model is a deep learning model, and
will be trained with the output being price change, while the input dataset can be different

combinations of: volume, price change, close price, and/or log(Volume).
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4.3.1 Machine Learning

The six-month daily dataset can be used to build an algorithm to make stock price
change or close price prediction. Table 4.1, 4.2, 4.4 and 4.3 show MAPE errors listed
for: support vector machine, linear regression, and random forest model. The table also
has the comparison for different time scales of one-month, three-months and six-months,
moreover, the table also compares the MAPE error to different output datasets for volume,
close price and price change. In the input dataset, variables are not correlated, which is a
useful property. In general, Google has lower MAPE errors in each category compared to
the other three companies. As in the previous chapter, the Random Forest (RF) has the
lowest MAPE rate compared to other machine learning methods, and the six-month time

scale gives a lower MAPE error compared to one-month and three-month times scales.

The model is first tested using 101 Apple acquisitions, shown in Table 4.1. In this Table,
one-month and three-month time scales have the lowest MAPE error in the close price.
The second lowest is price change in the one-month time scale, but volume in the three-
month time scale. In the six-month time scale, price change is less than the volume,

volume is less than the close price. The lowest MAPE error in Apple is 24.14%.

The Amazon acquisitions include 79 deals, shown in Table 4.2. In one-month, three-
month and six-month trained machine learning methods (SVR, LR,RF), they all follow
the trends that the MAPE error in the price change is less than the MAPE error in the
close price, and the close price MAPE error is less than the MAPE error in volume. Also
the six-month case is less than the three-month case, and three-month case is less than
the one-month case. Though it happens that sometimes the six-month volume MAPE
error is larger than the three-month price change and close price in the Support Vector

Regression (SVR) model.

Google has 228 acquisitions, shown in Table 4.3. Random Forest applied to this data has
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the lowest MAPE error at 23.3% in the six-month scale for volume. This is the lowest
value out of all companies. In the one-month case, all machine models (SVR, LR, RF)
have MAPE errors for volume that are larger than the MAPE errors for close price error
and close price. Similarly in the three-month case, the MAPE errors gradually decrease
from volume, close price, then price change. However, in the six-month case, volume
MAPE errors are lowest in RF and SVR, but LR has the largest error for close price and

price change.

Facebook has 75 acquisitions, shown in Table 4.4. The overall MAPE error in Facebook
is higher than the other three companies. In this table, the highest MAPE error is about
40% in the one-month LR volume. In the one-month category, the MAPE error decreases
over volume, close price, and price change in all machine learning models. In the three-
month and six-month cases, the close price has higher MAPE error than the volume, and

the volume has higher MAPE error than the price change.

The final table shows the 87 acquisitions that include all the companies that have acquired
a company with a valuation publicly listed on Crunchbase, see Table 4.5. In this table, all
the MAPE errors are generally lower than when data is trained for individual companies.

The lowest MAPE error is in the six-month price change category for Random Forest.
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Table 4.1: The MAPE error during Apple acquisitions

SVR LR RFR

Volume 37.5100% | 34.2200% | 32.1100%

1 month | Close price | 31.8100% | 33.2200% | 30.0200%
Price change | 35.1200% | 37.3100% | 31.3200%

R Volume 30.5100% | 32.5200% | 28.3100%
3 months | Close price | 27.8200% | 31.2100% | 26.0300%
Price change | 31.1100% | 32.9100% | 29.0300%

Volume 27.2100% | 28.6200% | 26.0300%

6 months | Close price | 28.3100% | 30.1200% | 27.2100%
Price change | 25.9100% | 26.1200% | 24.1400%

Table 4.2: The MAPE error during Amazon acquisitions
SVR LR RFR

Volume 34.5000% | 36.2000% | 32.4000%

1 month | Close price | 32.7000% | 34.5000% | 30.5000%
Price change | 31.6000% | 35.3100% | 30.1200%

. Volume 28.5000% | 30.3100% | 27.0200%
3 months | Close price | 27.0300% | 31.2000% | 26.1200%
Price change | 26.3100% | 30.7200% | 25.0400%

Volume 27.2100% | 28.6200% | 24.3100%

6 months | Close price | 26.3200% | 28.1200% | 25.2100%
Price change | 25.0300% | 26.5100% | 24.4100%
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Table 4.3: The MAPE error during Google acquisitions
SVR LR RFR

Volume 33.5000% | 35.7000% | 31.6000%

1 month | Close price | 34.7000% | 35.5000% | 32.6000%

Price change | 31.6000% | 34.7000% | 30.3000%

o e Volume 27.8000% | 30.1000% | 27.1000%
3 months | Close price | 26.7000% | 30.4000% | 25.7000%

Price change | 25.8000% | 30.0000% | 25.1000%

Volume 24.2000% | 28.0000% | 23.3000%

6 months | Close price | 25.3000% | 27.6000% | 24.5000%

Price change | 24.6000% | 26.7000% | 24.0000%

Table 4.4: The MAPE error during Facebook acquisitions
SVR LR RFR

Volume 38.1000% | 39.2000% | 37.4000%

1 month | Close price | 36.2000% | 37.1000% | 35.1000%

Price change | 35.6000% | 36.9000% | 33.6000%

e e Volume 32.9000% | 34.3000% | 31.3000%
3 months | Close price 33.1000% | 34.2000% | 31.7000%

Price change | 31.3000% | 32.7000% | 29.7000%

Volume 27.2000% | 29.4000% | 26.4000%

6 months | Close price 28.3000% | 29.4000% | 26.7000%

Price change | 27.1000% | 28.6000% | 26.3400%
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Table 4.5: The MAPE error of all acquisitions that has a valuation on the Crunchbase

SVR LR RFR

Volume 31.1000% | 32.2000% | 30.4000%
1 month Close price 32.2000% | 34.0000% | 31.3000%
Price change | 30.6000% | 31.9000% | 30.0000%
Volume 28.9000% | 29.3000% | 28.0000%
3 months | Close price | 29.1000% | 30.2000% | 28.6000%
Price change | 27.0000% | 28.1000% | 26.7000%
Volume 26.2000% | 27.4000% | 25.7000%
6 months | Close price | 25.3000% | 26.9000% | 25.0000%
Price change | 24.1000% | 25.6000% | 23.4000%

The 87 acquisitions

4.3.2 Deep Learning

Given that the combined 87 acquisition dataset has the lowest MAPE error at every
time scale (one-month, three-month and six-month) compare to datasets for individual
companies (Facebook, Google, Apple, Amazon), the combined six-month minute dataset
has been used to test a deep learning model. The model is a combination of Convolution,
LSTM, and Attention. In this model, the six-month minute dataset before the acquisition
announcement is the training dataset and the first three-month minute dataset after the
announcement is the validation dataset, and the second three-month minute dataset is the
testing dataset. The model has 15 different combinations of the input variables, and the
MAPE error has been calculated for each input dimensions and shown in Table 4.6. In
this Table, Days ID+price change+Close price+Volume+Log(Volume) gives the lowest
MAPE error. Though Volume and Log(Volume) are correlated, as there are not that
many input variables, it is has been decided that it would be fine to use both of them.
As seen in the table, there is not much difference in the prediction MAPE across all the

different input. There is no statistically significant difference between the MAPE for the
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difference deep learning methods through one-sample t-test.

Table 4.6: CNN-LSTM-Attn acquisition model using the minute dataset prediction

Model Predictions MAPE
Days ID+ Volume 5.7000%
Days ID+Close price 6.0000%
Days ID+Close price+Volume 6.9800%
Days ID+Close price+log(Volume) 5.4200%
Days ID+Close price+log(Volume)+ Volume 6.5100%
Days ID+Price change 6.0900%
Days ID+Price change+ Volume 5.6000%
Days ID+Price change+log(Volume) 6.4000%
Days ID+Price change+log(Volume)+Volume 6.1000%
Days ID+log(Close price) 5.9000%
Days ID+log(Close price)+Volume 5.9000%
Days ID+log(Close price)+log(Volume) 6.1000%
Days ID+log(Close price)+ Volume+log(Volume) 6.4300%
Days ID+price change-+Close price+Volume 6.2000%
Days ID+price change+Close price+Volume-+log(Volume) | 5.1000%

Though the machine learning model shows that the six-month daily dataset gives a better
prediction than the three-month and one-month daily input dataset, however, as the
comparison of the daily and minute dataset don’t necessary show the same amount of the
trend’s details, it is also worth testing the one-month, three-month and six-month minute

datasets with the deep learning model. This can be seen in Table 4.7.
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Table 4.7: CNN-LSTM-Attn acquisition model monthly MAPE comparison

CNN-LSTM-Attn Model | 1 month | 3 months | 6 months
Predictions MAPE 8.71% 7.03% 5.12%

The settings for the deep learning model are shown in Table 4.8. The CNN-LSTM-Attn
model has an input size of (1,26,5) which represents one day of trading: as trading starts
in the morning at 9 : 30 and ends in the afternoon at 16 : 30, with 15-minute samples,
there are 26 sample points per day; and each sample point has 5 input dimension: the
type of day, price, price change, volume and log(volume). With this setting, the initial
conditions are set according to the Adam optimiser based on the paper by Kingma and
Ba in 2014. In the setting, the CNN layer has 16 filters because the dataset is significant
smaller during the Merger and Acquisition than the stock prediction case; the filter size
is 5 x 13 as 13 is a factor of 26, and it’s multiplied by 5, the number of input dimensions.
In the RNN, 256 units of hidden state comes from the classic setting. The defaults are

also used for the probability of the Dropout layer at 0.8 and Dense layer with 32 units.

The above setting and results are all based on the prediction of the next 15 minutes;
however, the prediction ranges can change based on the output dimension, for example,
the dimension can be 2 to predict the next 30 minute’s results or 3 for the next 45 minutes.
Table 4.9 shows the prediction from the next 15 minutes up to the next 120 minutes at
15 minute intervals. In this table, different types of deep learning models are compared:
LSTM, CNN+LSTM, LSTM+Atten and CNN+LSTM+Attn. As shown in the table, at
the 15-minute time scale, the lowest MAPE error is 5.08% for the CNN+LSTM+Attn
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Table 4.8: CNN-LSTM-Attn acquisition model settings use the minute dataset prediction

Layers | Settings

Input One day observations by default. The size (1, 26,
5) refers to one day, 26 data points a day and
5 features per each day point (mathematically a
combination of trading volume , type of day, price
change, close price, log(volume)). We use mini-
batch with batch size 20.

CNN One-layer CNN with ReLLU and max pooling. The
first convolutional layer has 16 filters and each fil-
ter is 5 x 13 with strides 1 x 1. The first max
pooling layer has a filter size 3 with strides 1.

RNN Single-layer LSTM as a cell with 256 units of the
hidden state.

Two-layers of Dropout layer and Dense layer. The
first Dropout layer has keep probability of 0.8,
and the first Dense layer has 32 units; The sec-
ond Dropout layer also has the keep at 0.8, and
the units are the dimension of the output dataset,
which is 1.

Note Parameters are all initialized randomly by uni-
form distribution between [-0.05, 0.05]. An Adam
optimiser is applied for parameter optimisation
(Kingma and Ba (2014)). MSE is used as a loss
function in the early training stage, followed by
MAPE. The learning rate is initially set as 0.005
and exponentially decays with a rate of 0.8 every
two epochs.

deep learning model. The MAPE error increases with the time scale. The average of
the MAPE error for CNN+LSTM+Attn is 7.75%. The p-value is 0.296, and there is no

significant difference found with the ANOVA test.
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Table 4.9: Comparison among different DNNs on the dataset.

Predictions | LSTM CNN+LSTM | LSTM+Attn | cNN4LSTM+A¢ttn
15 minutes | 6.7900% | 6.3400% 5.0800% 5.100%

30 minutes | 7.5000% | 7.2000% 6.6000% 6.5000%

45 minutes | 8.2000% | 7.6300% 7.2000% 7.0100%

60 minutes | 9.0400% | 8.2000% 7.9300% 7.7100%

75 minutes | 9.5000% | 8.9000% 8.3400% 8.0900%

90 minutes | 10.0800% | 9.0100% 9.0000% 8.9000%
105 minutes | 10.5000% | 9.6000% 9.5000% 9.2000%
120 minutes | 11.0200% | 10.0100% 9.8900% 9.4800%
overall 9.0790% | 8.3610% 8.0300% 7.7500%

Table 4.9 shows that CNN4+LSTM+Attn is the best model among all the deep learning
models. Table 4.10, shows the MAPE error for different input dataset points. For example,
CNN + LSTM + Attn' means the input data is 26 data points, which represents the
previous day of observations. The table shows that there is not much difference when
the input dataset is one-day, one-week or one-month. Also, this table shows that the
acquisition model MAPE error is generally less than the model that predicts the stock
price. In the test, ANOVA has a p-value 0.0425, which means there is a significant
difference in result for different lengths of the input dataset, which means different time
lengths make a difference. Note that when a two-sample t-test is run between each pair of
methods, it shows that the p-value is 0.0209 between the previous one-day observation as
input and one-month observation as input, which means there is a significant difference
between these two. But the one-day versus one-week input has a p-value of 0.362; the

one-day versus one-month input has p-value 0.08, which means none of these two is
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significantly different.

Table 4.10: Comparison between different length of input on the dataset

Predictions | CNN + LSTM + | CNN + LSTM + | CNN + LSTM +
Attn? Attn? Attn?

15 minutes | 5.1000% 6.3400% 7.8000%
30 minutes | 6.5000% 7.2000% 8.4000%
45 minutes | 7.0100% 7.9400% 9.3000%
60 minutes | 7.7100% 8.1000% 9.6000%
75 minutes | 8.0900% 8.9000% 9.7000%
90 minutes | 8.9000% 9.2000% 9.9800%
105 minutes | 9.2000% 9.6000% 10.1000%
120 minutes | 9.4800% 9.8700% 10.3000%
overall 7.7500% 8.3900% 9.4000%

1. Previous one-day observations as input (26 data points).

2. Previous one-week observations as input (130 data points).

3. Previous one-month observations as input (420 data points)

when consider each month 30 days.

4.3.3 Discussion

The inspiration for researching the relationship between price and volume during a merger

and acquisition period comes from past research done on option volume and stock price. In

2009, Jerayr Halebian, Cynthia E Devers published an article that developed a framework

to empirically organise and review recent findings during the acquisition period [HDM*09].
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In the research that has been done by Globe and Devra, there was a strong positive
correlation between the level of merger and acquisition activity and the volume of trading
[GW8T]. Therefore, an empirical framework has been explored that uses machine learning

and deep learning methods in the second chapter of this research.

Machine Learning

The methods used in this chapter are some of the most basic machine learning methods;
other machine learning methods can be applied as well. For example, Schumaker has used

the text analysis in the stock market prediction [SC09).

The MAPE error result in this model is larger than the MAPE error in the model from
the previous chapter, as seen in Tables 3.15, 4.5, 4.4, 4.1, 4.2, and 4.3. The reasons behind
this are because the deal size could vary over a wide range, which means it has a very high
variance and volatility. It is also not general enough in terms of the time scale and the
trading environment to be able to train accurately; many factors can influence the stock
price. To get a more accurate model, a large dataset covering these variables is needed.
Conversely, the low accuracy of the "all acquisitions” case is likely because of the high
variation in the types of acquisitions each company makes, so a model trained on all the
data is less able to generalise. This idea has been applied in research done by Arnold M.

Rose in 1951 factoring in even rumours in the stock market [Ros51].

In general, in order to reduce the bias of the model, the machine learning model that is
used to test each company case could shuffle the training and testing dataset, and check
the accuracy of the prediction. Similar shuffle methods have been used in the literature,
for example, on research using Twitter to predict stock price [Zhal3], and on S&P 500
index prediction by Li Xiang Shen and Han Tong [SLO04].

One challenge here is that some acquisitions happen close to each other, meaning the
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effect on the stock price of one acquisition may coincide with another acquisition, causing
the data to be hard to train with, or effects of one acquisition masking the other, as can

be seen in Figure 4.1.
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Figure 4.1: The summation of the two curve

Discussion

The research outlined in this section is novel in the literature, likely because the compar-
ison between M&A cases needs the model, the control, and the input variables to be very

well controlled, and data sources for that has not available until very recently.

Deep Learning

Though the deep learning methods are only done to the combined all-acquisitions model,
and not tailored to each individual company, 7.75% is a fairly good result compared with

the previous chapter in stock return prediction.
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The reason behind applying a deep learning model on the all-acquisitions case rather than
each individual company is that the all-acquisition machine learning model has a lower
MAPE error than that for the individual companies. However, it is not always the case
that a combined dataset is better than individual ones. Think of the fundamentals of
model building; it is common to use massive datasets to find the function that matches
the x toy (i.e.f(x) = y). In the literature, batch size has been split for a job shop schedule
problem in an MRP environment resulted in a smaller MAPE [JPL99]; Sergey Loffe and
Christian Szegedy from Google have improved model accuracy through normalisation via

mini-batches [IS15]; and Schaap, Marcel G. and Leij, Feike J showed database factors

that influence the accuracy of the result in 1998 [SLIS].

Therefore additional experiments have been done, and the result can be found in Table
4.11. The ANOVA has been run and achieves a p-value of 0.646; this means there is no

significant difference between these tech firms MAPE predictions.

Table 4.11: Comparison among the CNN+RNN-+Attn model on each company.

Predictions | Apple | Facebook | Amazon | Google

15 minutes | 5.1200% | 5.9800% 4.9700% | 4.7800%
30 minutes | 5.9000% | 7.0100% 5.6100% | 5.5000%
45 minutes | 6.7800% | 7.4500% 6.2300% | 6.1200%
60 minutes | 7.2400% | 8.0100% 7.1200% | 6.9800%
75 minutes | 7.5600% | 8.4800% 7.9800% | 7.6200%
90 minutes | 8.7800% | 8.9600% 8.2300% | 8.3400%
105 minutes | 9.4500% | 9.6700% 9.3400% | 9.0100%
120 minutes | 9.9100% | 10.0200% | 9.8900% | 9.2300%
overall 7.6025% | 8.1975% 7.4200% | 7.1975%
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4.3.4 Conclusion

As with the previous chapter, this chapter demonstrates that the deep learning model
is better than the machine learning model, and the deep learning model MAPE error is
about a quarter of the machine learning model. According to Table 4.11 and Table 4.10,
it shows that though in the machine learning model all-acquisitions case is better than
the case for each company, however, in the deep learning model, Google is the lowest
MAPE error at about 7.2%. The second and third best are Amazon and Apple, with
7.42% and 7.6% respectively, all still better than the all-acquisition case. But Facebook
has the worst MAPE error at 8.2%. This result also shows that machine learning and

deep learning model don’t necessarily end up with the same results.

One explanation could be that the training and testing datasets are smaller in this case,

but the variance in this dataset just happens to be smaller than the other dataset.

It also turns out that one-day input dataset is better than the one-week input dataset,
and one-week input dataset is better than the one-month input dataset, as seen in Table
4.10. Quantitatively speaking, it shows that machine learning methods differ a great deal
from all the deep learning methods, but within the different deep learning methods, there

is little significant difference.



Chapter 5

Electroencephalography (EEG) for

Advertisement Impact Assessment

In the literature, AM Joshi and DM Hanssens have shown that advertising raises investor
expectations about the product’s financial performance [JH09]. TJ Chemmanur has also
published a paper on the increases in stock price during the advertising year [CY19].
These pieces of research all show that advertisements can help stock prices rise. R Ohme
has conducted research into the brain’s frontal cortex activation in reaction to TV ad-
vertisements [ORWC10]. It is, therefore, an exciting prospect to investigate the use of
machine learning method to find unbiased general EEG methods for assessing advertising
impact and design a method that can reliably help build advertising that is able to boost

the stock price.

Data previously collected by Zhejiang University drives this research, and thus the choice
to use EEG rather than the other methods for assessing advertising impact (e.g. eye-
tracking) was chosen. Experimental design, ethics review, and data collection were all
conducted by Zhejiang University. The machine-learning and data analysis was done on

data produced by the experiment were, however, conducted by the author of this thesis

86
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and is the subject of this chapter.

5.1 Introduction

Advertising plays a critical role in marketing. Every year, companies allocate a significant
proportion of marketing budget to attempt to quantify the impact of their advertising,
particularly video advertising on TV and on the web, which receives wide viewership
[Bral4] [Joh15]. However, current methodologies, including both direct observation (ques-
tionnaires and focus groups prior to starting of the advertising campaign), and indirect
(trends in sales or consumer interest during and after a campaign), tend to have practical
or experimental challenges that reduce the effectiveness of the assessment [Gol90] [ES98|

[Ducg6] [0S11] [LROY].

Direct observation methods include questionnaires and focus groups, where yet to be
released advertisements (or multiple versions of an advertisement) are shown to a select
group of viewers selected to be representative of the advertisement’s intended audience.
The viewers answer questions and provide feedback during a survey or engage in discussion
with the organisers; then the results or discussion are analysed by the advertising team

to try to assess how well the advertisement fulfils the criteria of their campaign [GKQO7].

However, direct approach methods are subject to the same kinds of challenges as other
experimental psychology approaches: experimental biases are introduced due to the exper-
imental environment (typically an office room with multiple participants) being different
to how a viewer would normally view the advert (often in the comfort of one’s own home),
leading to a different state of mind of the viewer. There is a tendency for respondents
to feel obliged to give more favourable reviews under experimental conditions of being
under observation than they would typically do. The way the experiment is carried out

in groups can also result in peer-pressure and group-dynamics altering the responses of
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individuals, leading to participants reporting attitudes or preferences that may not truly
represent their own when they are in private [DPGA02] [SL09] [MGBO04]. The analysis of
survey feedback or discussion too can introduce experimenter-bias where the opinions of
the experimenters impact the evaluation of the results; and the size and cost of conducting
the study and analysing the results is often cost-prohibitive past certain scales (and when
considering TV advertising for national release, the size of these focus studies are often a
tiny proportion of eventual viewership, resulting in uncertainty of the statistical relevance

of the results)

Indirect observation methods of assessing advertising impact involve inferring advertising
impact based on the result of an advertising campaign [SMS11]. These methods avoid the
inaccuracies imposed by artificial experimental conditions of direct observation methods
but suffer from their own challenges. By looking only at the results and effects of the
advertisement campaign, and because it is only possible to look at aggregated effects (such
as the impact on sales or customer interest in a product), it is often difficult to identify if,
why, and how a particular aspect of the advertisement causes an impact. Furthermore,
due to the life-cycle of an advertising campaign, it is only possible to infer impact during
or after the launch of an advertising campaign, meaning in many cases, much or all of the
cost of the campaign having been sunk, limiting adaptability in the event of lacklustre

response to the campaign [SK04] [KWW92] [GMKO8].

In recent decades, research in neuroscience has brought new understanding and tools that
can change how the impact of advertising can be assessed and has formed the new field
of neuromarketing, in which recent neuroscience and experimental psychology tools and
understanding are being applied to marketing. One key hypothesis in neuromarketing is
that consumers’ decisions can be driven more by emotion than by a careful comparison
of product benefits or differentiators. Therefore, measuring an advertisement’s emotional

impact on an individual could correlate well with the impact of the advertisement.
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In neuromarketing-based advertisement impact assessment, biometrics are gathered from
individuals participation in the study, and these biometrics are used to assess impact,
rather than voluntarily self-reported information from surveys or discussion. The recorded
data includes biometrics such as eye-tracking, facial coding, Galvanic skin response and
electrodermal activity, and EEG. EEG is a non-invasive electrophysiological recording of
brain activity, using electrodes placed along the scalp. EEG has multiple advantages over
other methods of measuring brain activity in that it has a high temporal resolution, is non-
invasive, quick to instrument and tolerant to subject movement, and low cost with the use
of single electrode equipment. In 2010, Murugappan found in a study of human-computer
interaction, a correlation between a user’s emotion and EEG, providing useful information
in understanding a user’s reaction to advertisements [MRS*10]. Therefore, an increasing
amount of research into neuromarketing has turned to EEG as a key sensor in measuring
emotion. Lucchiari and Pravettoni observed that EEG signals with a frequency of 16-31Hz
(i.e. Beta wave) could be modulated by the experience of pleasure when a consumer was
presented with a favourite brand [LP12]. In 2016, Wang, Chang and Chuang found that
a narratives structure in video commercials induced higher EEG signals with a frequency
band of 4-7 Hz (i.e. higher Theta) power of the left frontal region resulting in a higher

preference for branded products [WCC16].

In psychology research, a person’s emotion can be quantified through self-reported mea-
sures such as liking (valence) and excitability (awaken) [PD06] [SVMNO6]. Question-
naires can be used to gather this type of information. According to the AIDA model,
four quantified metrics are used to characterise the experience for a consumer watching

an advertisement: attention, interest, desire, and action [SJ25].

In the literature, Support Vector Machine has been widely used on EEG data; research
on EEG based emotion recognition using frequency domain features and Support Vector

Machine (SVM) was done by X. Y. Wang et al [WNL11]. Research on EEG-based emotion
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recognition in music listening using Support Vector Machine(SVM) was done by Y. P. Lin
et al [LWWT09]. Though other regression in binary results can also be used to build this
model, in the literature, Support Vector Machine is the most widely used method in
this field. Also, Support Vector Machine is suitable because of the sparse dataset the
experiment uses. The technique used will build a prediction model based on several
different brainwaves, which include frequency band less than 4Hz (i.e. Delta), frequency
band between 4-7THz (i.e. Theta), frequency band 8-15Hz (i.e. Alpha), frequency band

16-31Hz (i.e. Beta) and frequency bigger than 32Hz (i.e. Gamma).

In this thesis, we tested the hypothesis that it is possible to use low-cost EEG equipment
to collect brainwaves of subjects viewing advertisement, and to apply the latest methods
from neuromarketing, and machine learning as a more accurate method of assessing ad-
vertisement impact and the likelihood of a person purchasing the advertised product than

the current state-of-the-art.

5.2 Methodology

This section will describe the method used to collect data from a single-electrode wear-
able EEG device, self-reported measures for the impact of an advertisement, and train a
predictive model against the data using SVM [PD06] [SVMNO06] [CdBV'14]. The device
names and prices/costs are listed in table 5.1. The NeuroCARE1.0 has been used in the

experiment. This device is reliable based on its report [ACL*08].

5.2.1 Data Collection

In the experiment, thirty right-handed male participants aged 20-35 from the University

participated in this experiment as paid volunteers. Thirty participants were in the ex-
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Device type/Name Price/Cost
Brain Products ActiCHamp (32-160 channels) $40000

ANT Neuro eego rt / eego sports (64 channels) $25000+
mBrainTrain (24 channel) $1000-$25000
OpenBCI (8-16 channels) $99-$1000
NeuroCAR1.0 $80

Table 5.1: Price/cost of different EEG devices

periment; each of them is given 4-5 advertisements, to create a sample size of 450, big
enough to carry out statistical analysis. The experiment was carried out in China, and the
participants are bi-lingual in Chinese and English speaker. The participants had normal
or corrected vision without any histories of neurological/mental diseases. The purpose
of choosing bi-lingual participants is to avoid language-barrier caused by the advertise-
ment’s language content being in Chinese or English. We selected male participants to
avoid biases from the gender-specificity of the advertised products. Many products are
specifically targeted at a particular gender, for example, male clothing and female clothing
are targeted differently; as are hair and cosmetic products. We constructed a database
of 220 TV advertisements from four gender-neutral or male-targeted products: cars (55
ads), digital products (55 ads), clothing (55 ads) and food (55 ads), which were randomly
selected from Youku.com (one of the largest online media websites). Each advertisement
was 15-20 seconds in length. The video resolution and audio volume of each video were
normalised to the same level using professional video and audio editing software. In
each test, 4-5 advertisements were randomly selected from the 220 TV advertisements
database. The shortcomings and future research because of this design will be discussed

in section 5.4.

Before the experiment, the volunteers received detailed instructions on all the tasks they
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would perform. Each participant was fitted with a single-electrode EEG headset by an
experimenter, was seated comfortably in a lab room at 1.20 meters from a 19-inch PC
monitor, and shown five advertisements randomly selected from every genre for a total
of 20 advertisements. An E-prime system was used to control the presentation of the

stimuli.

The experiment consisted of 4 blocks, each containing 20 trials. During every trial, the
volunteers were presented with the advertising for about 15-20 seconds. The advertisement
was followed by an evaluation questionnaire, including the willingness of the participant
to purchase the advertised product (yes or no), and whether they like an advertisement

(7-point Like scale).

Each volunteer performed two practice trials before the start of the formal experiment.
The frontal EEG was recorded with the single-channel dry electrode-device and system
(NeuroCAR1.0, Neuromanagement Lab, Zhejiang University, China). The integrated
chip of the device was the ThinkGear (NeuroSky, Wuxi, China). The sampling rate of the
device for gathering EEG signals was 512 HZ and the data saved into a computer. Four
trials’ data were rejected due to voltage abnormality, and in total, 450 sets of brainwave

data were used in our study.

5.2.2 Questionnaire Collection

The participants were asked to fill out a questionnaire with 22 questions asking about
different aspects (objective and subjective) of the advertisement, or their experience. The
questionnaire is listed in Table 5.2. The questionnaires are chosen to record different
aspects of the advertising can impact the viewer’s response to the advertising, which may
indicate the likelihood of the viewer wanting to purchase the product. The aspects are

chosen from several studies in the literature that each focus on one of two aspects of
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an advertisement’s impact. M. Vaismoradi, Kimberly and Klaus show that the audio
and visual fidelity of the advertisement (Y2 and Y15 of the questionnaire) had an impact
[VTB13]. The content impact is covered by questions Y1, Y5 and Y14. The brand quality
is covered in (Y6, Y7 and Y8). The overall feeling of the advertisement (Y3 and Y4) was
found to make an impact on a customer’s decision to purchase or not [Dah02] [NSAH12].
The conscious decision reported by customers on whether they would make the purchase or
not (Y9 and Y10). Padgett and Douglas Allen showed that advertising memorability also
plays a role in purchase power (Y11 and Y12) [PA97]. Other impacts include: Celebrity
endorsement (Y18)[SSS13] [BNT13]; the feature of children or cartoons (Y20 and Y21)
[BSWT72] [FSR*91]; the language (Y13) [NBO8J; the narrative style and story-telling (Y16,
Y17, Y22) [McQO02] [PMO02]; and sexual-appeal (Y19) is widely established to have an
impact on advertisement [SBB90] [WSN15].

Eleven of the questions had binary answers of 0 or 1; another eleven were ranked answers

from 1 to 7. The questions are listed in each column as output data.

5.2.3 Modeling

Raw EEG data is first augmented into frequency domain EEG signal before creating a
larger dataset necessary for analysis. In this thesis, the frequency domain EEG signal is

listed in Table 5.3. Further details of input data X is listed in Section 5.2.3

The output data is labeled as Y. Each row of output data Y has 23 dimensions, and each
dimension represents a feature, and all features are independent. Yj50x22 can be written as
Yisox22 = [Y1, Ya, ..., Yao] where Y] represents each column vector of Y, and i = 1,2, ..., 22,

see Table 5.2.

The purpose of this research is to use SVM to train a machine learning model that can

find the map f, where Y = f(X), the reason to use Support Vector Machine(SVM) is
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Output feature

Yi(1—7) Content Quality

Yo(1-7) Image Quality

Y3(1—7) Excitement

Yi(1-7) Attractiveness

Y5(1—-7) Easiness for understanding

Ys(1—17) Clearness of the brand

Y2(1-7) Brand awareness

Ys(1—-7) Familiarness of the brand

Yo(1—7) Willingness to buy

Yio(1 = 7) Intention to further learn the product

Yi(1—7) likeligess of memorize the ads content the next day
morning

Yia(0/1) (Iifa‘;he brand of the product can be memorized the next

Y13(0/1 Chinese language or not

If it is moving

If it has significant vision and sound impact

If it is interesting

Whether it has celebrities

If it is sexy

If it has children

If it has cartoon

(0/1)
(0/1)
(0/1)
(0/1)
Yi7(0/1) If it surprises you
(0/1)
(0/1)
(0/1)
(0/1)
(0/1)

If it is a story telling ads

Table 5.2: The output dataset list



5.2. Methodology 95

explained in section 2.2.4. Once found, any new input EEG signals can be translated into
a prediction of an advertisement’s impact on a consumer, and their likelihood of either a

positive impression or willingness to buy the product.

The workflow of this research is shown in Figure 5.1. Due to the format of the raw EEG
signal data, data extraction is applied to amend the input data into the applicable format.
Feature selection is conducted on input data, and label selection is conducted on output
data. Among the thirty participants, data corresponding to twenty-seven participants
is used as sample data. 10% of the sample data is then separated as a testing dataset,
with the remaining 90% used for the training dataset. Bootstrapping is used to augment
the training dataset. The data corresponding to the remaining participant is used as an
out-of-sample test. The out-of-sample test is carried out by selecting each person in the

thirty participants and then averaged the thirty out-of-sample as judgment.

Support Vector Machine is applied as the machine learning method to predict the la-
bel given output data. Cross-validation and learning curve are used to check for over-
fitting/under-fitting. Each component in the workflow is explained in the following sec-

tions.

Feature Extraction

Raw EEG signal is a voltage over time signal. Hence, a crucial process is needed to
break the raw EEG signal into constituent frequencies (High alpha/beta/gamma/delta
waves). It is crucial because the majority of the informational content in EEG signals
are in the frequency domain, so breaking up the signal into constituent frequencies is
most appropriate to apply SVM to classify EEG frequency domain data. According to
the research that has been done by Hao Dong [DSPT18], frequency data is better for

feature extraction than the raw time-domain data. Feature extraction, specifically Fast
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Figure 5.1: Data pre-processing workflow: the input dataset is first augmented, before
both input and output datasets have features extracted and bootstrapped to increase the
size of the dataset; the resulting larger dataset is split into training and test datasets, on
which SVM classification is applied; the results of the classification are used to label the
data and fed into the cross-validation and learning.

Fourier transform (FFT) is used to transform the raw EEG signal from time domain into
frequencies domain [PDC*94] [VL92] [HIB84]. We computed the EEG frequency band
power using traditional EEG frequency band definitions (Delta: 1-3Hz; theta: 47Hz,
alpha I: 89Hz, alpha II: 1012Hz, beta I: 1317Hz, beta II: 1830Hz, gamma I: 3140Hz,
gamma II: 4150Hz), and these are time signals for each frequency band. Because the
band EEG signal is collected from the four different product types, and with the duration
of each advertisement being different, data is also needed to be normalised. Timestamps
are used to represent the duration, and advertisement lengths are normalised by cutting
advertisements to the same length as the shortest advertisement in its category (it is 24

in cars, 13 in clothing, 28 in digital, and 16 in food).

After normalisation and extraction, the raw EEG signal is transformed into a 450 x 13
dimension vector, where each of the elements themselves contains a vector of data cor-
responding to the advertisement length. The 13 features include wavelength, time, and
signal quality. X is a 13 columns, 450 rows vector, Xy50x13 can be represented by 13

columns, i.e. Xys0x13 = [X1, Xo, ...X13], each vector is X; where ¢ = 1,2...,12,13, then
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Input feature | Meaning

Xy | Time Stamp A sequence of numbers indicate the time index of raw
signal

Xy | Signal Quality | Value ranges from 0 to 255

X3 | Raw Voltage

X4 | Attention Intensity of a user’s level of mental focus/attention,
value ranges from 0 to 100

X5 | Meditation Level of a user’s mental calmness/relaxation, value
ranges from 0 to 100

X | Delta <4 Hz

X7 | Theta > 4 Hz and <8 Hz

Xg | Low Alpha 7.5—9 Hz

X, | High Alpha | 9.5 — 12.5 Hz

Xi0 | Low Beta 12 — 15 Hz

Xy, | High Beta 15— 18 Hz

X12 | Low Gamma | 30 — 80 Hz

X135 | High Gamma | > 80 Hz

Table 5.3: The EEG band dataset list

each column vector of X is listed in Table 5.3. However, in the experiment, selected
columns X are used in the analysis, they are Delta, Theta, Low Alpha, HighAlpha, Low-
Beta, HighBeta, LowGamma and HighGamma, Raw, Mediation and Attention. Further

selection details are in section 5.2.3.

Feature Selection And Label Selection

The map Y = f(X) can be expressed as label = f( features). It is implied by the equation
that a different X and Y will result in different f, and different certainty profiles. Feature

extraction and selection is, therefore, a very important process in machine learning.
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Feature selection can be classified into three types: flat features, stream features, and
structured features [CL12] [TK91] [JKP94]. In the experiment, each feature of the input

data is independent, hence features in the experiment are classified as flat.

The 13 features are grouped into different combinations to test their ability to predict
purchasing chance. In the end, 11 features give the best prediction in the model. These
grouped-features also corresponding to the literature that is related to emotion: Delta,
Theta, LowAlpha, HighAlpha, LowBeta, HighBeta, LowGamma and HighGamma [K1i99]
[T*02]. Attention, Meditation and Raw values (see Table 5.3 are also considered in the
model because their physical meaning is related to emotion. Output data Y is the informa-
tion of questionnaire answers. In this research, we are using the customer’s questionnaire
score to determine whether participants will strike an emotion to purchase the product.
Each label Y represents a different response/measure to the advertisement; if it is 1, it
meant positive feedback is linked to emotion. Hence, we label the overall emotion as 1
(positive), and each label in the output data Y is independent. Different people can be
influenced by a different emotion, so we built a model that considers all emotions equally
and then make the prediction. Questionnaire answers can be classified into two types:
binary answers (yes or no answers) and ranked answers (values ranked between one and
seven). All labels are selected and tested independently to see their significant impact
on emotion. Due to the questionnaire answer types, labels are then grouped as binary
answers, ranked answers and a combination of binary and ranked answers, each group’s

signification is also tested to the purchase possibility through emotion.

Data Augmentation Via Bootstrapping

The original dataset contains 450 samples, and is a sparse dataset, and therefore boot-
strapping is needed to increase the size of the dataset [ET94] [ET03]. In the experiment, a

dataset of twenty-nine people is used as in sample size of 435; while the other participant
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data of a sample size of 15 is used for out-of-sample testing. The 435 in sample size is too
sparse to divide into a 90% training data (i.e. 391 samples) and a 10% testing data(i.e.

44 samples).

The in-sample data 391 samples are first divided into ten-folds under the condition that
each fold has the same ratio of all type of answers in output data Y. Nine of the folds are
used for training, while the tenth is used for testing, the ten folds algorithm is shown in
Algorithm 2. Bootstrapping is used on each in-sample training dataset. In the bootstrap-
ping process, the Gaussian distribution bootstrapping method has been applied to each
column in each training data X, shown in Algorithm 1. The Gaussian process is a method
to construct a parametric bootstrap approach from Bayesian non-parametric statistics,
which implicitly considers the time-dependence of the data [Efr82]. Many features are
different frequency bands. Therefore, Gaussian is suitable also because it can generate
continuous new data. However, Gaussian is a probability distribution between 0 and 1,
while the data can be numbers even bigger than 1000 and any number between 0 and 1 is
too small to be the new bootstrapped number to be used in the experiment, hence in the
bootstrapping process, a scalar has been calculated to multiply the probability, and the
scalar is calculated as scale = 0.5 x (min +mazx), where the min represents the minimum
number of that column, and the max represents the maximum number of that column.
The new bootstrapped number is the original value plus the scaled Gaussian probability.
In this way, the original data spreading will not be affected. The mathematical combina-
tion is then applied in the nine-fold training data, which is shown in Algorithm 3. The
corresponding output data Y is duplicated to match the size of bootstrapped training

data X in each of the bootstrapping processes.
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Algorithm 1 Bootstrappingl

[1] Gaussian process bootstrap to each column Input : Gaussian model, input data
Xtrain Output : edited input data Xp

Use Gaussian process regression bootstrap the whole Xtrain dataset, name as boot-
strappingl Each column in Xtrain as ¢ Edit Xtrain as Xp Xp = Xtrain select the
maximum element maxr = max(Xp;) select the minimum element min = min(Xp,)
scale = 0.5 x (min + maz) bootstrapping using Gaussian Distribution in (—1, 1) bootc =
scale x Gaussian_bootstrap(Xp) + Xp update Xp with all new columns Xp = bootc

Algorithm 2 Tenfolds

[1] Ten-folds: training and testing data selection through indexes

Ten-fold the whole dataset into ten sub dataset: same ratio of ones and zeros in nine
subsets, combine the rest of unselected zeros and ones into the tenth subset Input : input
data X, output data Y Output : nine different training input/output dataset Xtrain;
Find the index of ones in the Y index_ones = index_of _ones(Y) Find the index of zeros
in the Y index_zeroes = index_of zeroes(Y) Calculate the ratio of ones in the length
of Y ratio = length(index_ones)/length(Y) After divide the Y into ten folds, find the
number of ones in each fold

ones = round(ratio x length(Y)/10) After divide the Y into ten folds, find the number
of zeros in each fold zeros = round((1 — ratio) x length/10) Find the left over ones after
first nine folds ones_left = length(index_ones) — 9 x ones Find the left over zeros after
first nine folds zeros_left = length(index_zeros) — 9 x zeros

In the tenth fold, append the selected index of zeros and ones Xfold[10] =
append(X[ones_left], X[zeros_left]) Yfold[10] = append(Y [ones_left], Y[zeros_left]) i
in 0:9 Find the Y index of ones in each fold selection_ones = index_of ones[i x ones :
(1 + 1) * ones| Find the Y index of zero in each fold

selection_zeros = index_of _zeros[i* zeros : (i+ 1) * zeros] Find the Y index in each fold
selection = append(selection_ones, selection_zeros) Find the Yfold that is correspond-
ing to the selected column index in Y Yfold[i]| = Y[selection| Find the Xfold that is
corresponding to the selected column index in each X Xfold[i] = X]selection)]

Xtrain and Ytrain is achieved by appending any nine of ten subsets in Xfold and Yfold
Xtrain = append(Xfold[C(10,9)]) Ytrain = append(Yfold[C(10,9)])

Algorithm 3 Bootstrapping?2

[1] Bootstrapping the training X dataset from tenfolds using mathematical combination
Input : input data Xtrain Output : nine different training input dataset X2; Start with
the original dataset Xtrain, but edit the selected column by the corresponding column
in algorithml X2 = Xtrain Each column in X2 as j

make a copy of X2; for editing column = X2; r in range(1l,12) gen-
erate all unique iterations of column using nCr method, and then re-
place the corresponding index in the Xtrain while the rest of the
columns remain the same newdata =  nCriterations(12,r,row) X2; =
replace_bootstrappingl(Xtrain[j]_replaceXp[newdatal)
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5.2.4 Support Vector Machine

In the experiment, as each label in the output is independent, and are binary (ranked
answers are binarised via a threshold as described below); therefore, a regression that
can end up with binary results is tested, i.e. non-linear regression, logistic regression and
Support Vector Regression. All three methods have been utilized and proven appropriate
in the previous research in EEG emotion detection [WNL11] [BWC15] [SM01]. However,
Support Vector Machine is more appropriate on this type of sparse data [WNL11]. Besides,
the experiment SVM has been shown to give the highest prediction accuracy result. The
number of samples is larger than the number of features in our experiment, therefore the
variable is chosen to reflect so; the loss function is set to ‘Squared_hinge’ because it is
commonly used in classification and ‘Squared_hinge’ is convex and smooth and matches
the function 0 —1, which is suitable for our experiment. ‘Squared_hinge’ is mathematically
written as (1 —yf(z))?. The map f is linear. Therefore the kernel is zero. Regularisation
is L2 as output data is no longer sparse, nor feature selection as features are targeted in

output data [Ng04].

In order to combine both binary and ranked answers, the rank answers are binarised using

thresholds according to the following rules:

e When the selected labels involve only the ranked answers, the threshold is set to be

3.5, 4(i.e. = (7+1)/2) and 4.5.

e When the selected labels involve only binary answers, the threshold is set to be 0,

0.5(i.e. = (0+1)/2 and 1.

e When the Threshold is a combination of both types of answers, then the threshold
can be written as the equation: Thre = a x Thre; + 3 x Threy, where o and 3 are

the weights
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5.3 Result

5.3.1 Behavior Result

In this model, we use labels and EEG signals as variables, and emotion is the hidden
variable bridge labels and EEG signals, they can be written as Y = f(X|E), where E is
emotion. The result of this experiment shows that if we have an individual’s EEG signal,
which has been collected from the single electron device after watching the advertising, the
accuracy of predicting if this individual would or not make a purchase of the corresponding
product in the advertising is around 75% based on the SVM model. In the experiment,
each participant has been selected as the out sample data, and then the rest of the
participants are in-sample data( 90% of in-sample data is the training dataset, while the
10% of the in-sample data is the testing dataset, bootstrapping has been applied to the

90% in sample training dataset.

The accuracy of prediction using SVM over the ranked answers is 77.28%. In this setting,
the threshold of ranked answers results is 4. The recall score of this model is 72%, and
the F score for this model is 75%. In the same threshold of ranked answers result is 4,
each category prediction is: the likelihood of purchasing the car is 63.5%, the likelihood
of purchasing the cloth is 92.3%, the likelihood of purchasing the digital is 68.5% and the
likelihood of purchasing the food is 82.76%.

The accuracy of prediction using SVM model over combined ranked, and binary answers
in 75.4% under the conditions that ranked and binary answers have equal weighting (of
0.5), the threshold of ranked answers is 4, the threshold of a binary answer is 0.4, the
threshold of the whole dataset is 0.4. The recall score of this model is 69%, and the F
score for this model is 72%. In the same experiment setting, each category prediction is:

the likelihood of purchasing the car is 59.6%, the likelihood of purchasing the clothes is
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92.3%, the likelihood of purchasing the digital is 64.8% and the likelihood of purchasing
the food is 81.03%.

This indicates that EEG collected using single-electrode wearable devices is above 70%
accuracy for prediction whether customers would purchase the product after watching the

advertisement, and it can achieve higher accuracy prediction and reach about 75%.

The out of sample predictions are tested in two cases, and in each case, the results are
the average/mean of picking up different thirty individual participants as out sample test.
When it is only ranked answers, if the samples from the remaining participant from all
four categories are combined into one dataset, then the prediction of purchasing power
can reach 72.4%; if each product category is tested, then the car purchasing power can
reach up to 50.09%, the clothing purchasing power can reach 78.01%, the digital products
purchase power can reach 56.56% and the food purchase power can reach 69.34%. When
it is the combined result of ranked and binary answers, if the samples from the remaining
participant from all four categories are combined into one dataset, then the prediction
of purchasing power can reach 71.2%; if each product category is tested, then the car
purchasing power can reach up to 51.8%, the clothing purchasing power can reach 65.9%,

the digital products purchase power can reach 57.2% and the food purchase power can

reach 60.62%.

In these results, for the food in Table 5.6, there is a significant difference between the
thresholds with a p-value 0.002632 in the ANOVA test, and the two-sample t-test shows
that the 0.4 and 0.6 thresholds,0.5 and 0.6 thresholds are significantly different while 0.4
and 0.5 thresholds are not significantly different. In Table 5.5, ANOVA test has a p-value
0.000118, which means there is a significant difference, and the two-sample t-test has a
p-value 0.002, which means threshold 0.5 and 0.6 are not significantly different. Digital
products have ANOVA test shows p-value is 0.00042, the p-value for the two-sample test

is 0.001; clothes have ANOVA test p-value 0.0393 and the two-sample t-test 0.0262; in
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Product type | Threshold 3.5 Threshold 4 Threshold 4.5
Car 36.5400% 63.5600% 82.6900%
Food 60.3400% 82.7600% 93.1000%
Digital 38.8900% 68.5200% 87.0400%
Clothes 67.3100% 92.3100% 96.1500%
All dataset 59.5100% 77.2800% 89.8900%

Table 5.4: Accuracy prediction of the ranked answer to different type of product at
different thresholds

the whole dataset, the ANOVA test has p-value 0.000111, and the two-sample t-test has

p-value 0.0008044, which means there is no significant difference.

Also, in the research, each label Y has been tested, but it is a difficult test, and the result
is not balanced, the recall and F scores are both low, that is why those predictions are not
mentioned in the results. Different thresholds for each model have also been tested during

the experiment. However, they are not good enough to accurately explain the model.

75% is a relatively high result to judge the purchasing power based on the EEG signal after
watching a piece of advertising. Though there is no research on the direct link of EEG
signals and purchase intention, research has been done on using emotions to quantify the
purchasing power. In 2006, John Pawle and Peter Cooper showed that emotional factors

to brand decision making range from 63%-85% [PC06] [Uti05].

5.3.2 Cross-Validation And Learning Curve

The two models with the whole dataset are selected to draw the cross-validation and
learning curve. The reasons for only selecting these two are they give the best prediction

results, and they are directly related to the chapter’s hypothesis: predicting the likelihood
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Threshold to

Threshold of the car dataset

each type Thre =0.4 Thre = 0.5 Thre = 0.6
answer in car
Thresy =04, | 50 21009 36.5400% 82.6900%
Thresy = 3.5
Thres; = 0.4, 59.6200% 59.6200% 86.5400%
Thresy =4
Thres; = 0.4,
Thresy, = 4.5 75.0000% 75-0000% 03300
Thres; = 0.5, 36.5400% 36.5400% 90.3800%
Thress = 3.5
Thresy = 0.5, 63.4600% 63.4600% 90.3800%
Thresy = 4
Thres; = 0.5,
Thres, = 4.5 80.7700% 80.7700% .
Thres; = 0.6, 36.5400% 36.5400% 98.0800%
Thresy = 3.5
Thres; = 0.6, 63.4600% 63.4600% 98.0800%
Thres, =4
Thresy = 0.6, | o0 orqq0 80.7700% 100.0000%
Thresy = 4.5

Table 5.5: Likelihood of purchasing the car in the combined
thresholds

answer model at different
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Threshold of the food dataset

Threshold to

each type Thre — 0.4 Thre = 0.5 Thre = 0.6

answer in

food

Thresy =04, | o0 2100% 60.3400% 96.5500%
Thresy = 3.5
Thresy =04, | o1 1300% 79.3100% 96.5500%
Thresy, =4
Thres; = 0.4,
Thresy = 4.5 91.3800% I1.3800% 5. 2800%
Thres; = 0.5,
Thresy, = 3.5 60.3400% 60-3400% 82800
Thresy = 0.5, 82.7600% 82.7600% 98.2800%
Thresy =4
Thres; = 0.5,
Thres — 4.5 93.1000% 93.1000% 100.0000%
Thres; = 0.6, | o0 21009 60.3400% 94.8300%
Thresy = 3.5
Thresy = 0.6, | o5 7a009 82.7600% 94.8300%
Thresy, =4
Thres; = 0.6,
Thres, = 4.5 93.1000% 93.1000% s

Table 5.6: Likelihood of purchasing the food in the combined answer model at different
thresholds
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Threshold of the digital dataset

Threshold to

each tYPe Thre = 0.4 Thre = 0.5 Thre =0.6

answer in

digital

Thres; = 0.4,
Thresy = 3.5 40.7400% 40.7400% 94.4400%
Thres; = 0.4, 64.8100% 64.8100% 0650007,
Thresy, =4
Thres; = 0.4,
Thresy = 4.5 81.4800% 81.4800% 98.1500%
Thres; = 0.5,
Thresy — 3.5 38.8900% 38.8900% 98.1500%
Threst =05, 1 68 5200% 68.5200% 98.1500%
Thress =4
Thres; = 0.5,
Thresy = 4.5 87.0400% 87.0400% 98.1500%
Thres; = 0.6,
Thresy = 3.5 38.8900% 38.8900% 98.1500%
Thres; = 0.6, 68.5200% 68.5200% 08 15007
Thresy, =4
Thres; = 0.6,
Thresy = 4.5 87.0400% 87.0400% NA

Table 5.7: Likelihood of purchasing the digital in the combined answer model at different
thresholds
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Threshold of the clothes dataset

Threshold to

each type Thre — 0.4 Thre = 0.5 Thre = 0.6

answer in

clothes

Thresy =04, | oo o000 65.3800% 100.0000%
Thresy = 3.5
Thres; = 0.4, 92.3100% 92.3100% 100.0000%
Thresy = 4
Thres; = 0.4,
Thros, — 4.5 96.1500% 96.1500% 100.0000%
Thres; = 0.5, 69.2300% 69.2300% 100.0000%
Thresy = 3.5
Thres; = 0.5, 92.3100% 92.3100% 100.0000%
Thresy, =4
Thres; = 0.5,
Thres — 4.5 96.1500% 96.1500% 100.0000%
Thresy = 0.6, 69.2300% 69.2300% 98.0800%
Thres, = 3.5
Thres; = 0.6, 92.3100% 92.3100% 98.0800%
Thresy = 4
Thres; = 0.6,
Thres, = 4.5 96.1500% 6. 1500% 000

Table 5.8: Likelihood of purchasing the clothes in the combined answer model at different
thresholds
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Threshold of the whole dataset

Threshold to

cach type Thre =0.4 Thre = 0.5 Thre = 0.6

answer 11mn
whole dataset
Thress = 0.4, 60.4400% 60.0200% 94.0300%
Thresy = 3.5
Thres; = 0.4, 75.4100% 75.8600% 95.0200%
Thresy = 4
Thres; = 0.4,
Thresy — 4.5 86.6300% 86.6300% 96.8600%
Thres; = 0.5,
Thresy — 3.5 59.5100% 59.5100% 97.7300%
Thres; = 0.5, 77.2800% 77.2800% 97.7300%
Thresy = 4
Thres; = 0.5,
Thresy — 4.5 89.4500% 89.4500% 97.7300%
Thres; = 0.6,
Thresy = 3.5 59.5100% 59.5100% 97.7300%
Thres; = 0.6, 77.2800% 77.2800% 97.7300%
Thresy = 4
Thres; = 0.6,
Thresy — 4.5 89.4500% 89.4500% 97.7300%

Table 5.9: Likelihood of purchasing in the combined answer model at different thresholds
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of customers purchasing the products.

The cross-validation and learning curve is shown in Figure 5.2 and Figure 5.3

learning curves(SVM)

1.0 - -
—&— training score
—8— cross-validation score
0.9 -
0.8 -
v
(=
[
(75
0.7 -
0.6 -
0.5

100000 200000 300000 400000 500000 600000 700000 800000
Training examples

Figure 5.2: Cross validation curves when only ranked answers are selected, with a thresh-
old of 4.

Figure 5.2 shows the cross-validation and learning curve when only the ranked answers
are selected. Figure 5.3 shows the cross-validation and learning curve when the thresholds
of ranked answers is 4, and binary answers threshold is 0.4, their weight is equal at 0.5,
and the whole dataset thresholds is 0.4. In both figures, the X-axis represents the size of
training examples; Y-axis represents the accuracy prediction score. The red lines represent

the training score, and green lines represent the cross-validation score/testing score.

In the ranked answers only case in Figure 5.2, training and testing curves converge to
77.28%; when the combination of ranked answers and binary answers are selected (ranked

answers threshold is 4, and binary answers threshold is 0.4), as shown in Figure 5.3,
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learning curves(SVM)
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Figure 5.3: Cross-validation curves when thresholds of ranked answers is 4 and binary
answers threshold is 0.4, their weight is equal at 0.5, and the whole dataset thresholds is
0.4

the training and testing curves converge to 75.4%. The shaded red and green areas
are standard deviations at confidence interval 10% to its corresponding training score
and corresponding testing score. Mathematically, they are calculated as (trainingmean —
trainingsyq, trainingmean+trainings,q) and (testingmean —testingsia, testingmean+testingsq).
Both figures show that the training curve starts with narrow variance, and then gradually
increase until training example size reaches 100, at which point the variance of training
curve decreases. In testing curves, the variance remains approximately the same from the
beginning till the end throughout the training example size increases; it remains the same
because the testing data size does not change regardless of how training example size
changes. The convergence of training and testing curves means there is no over-fitting
and no under-fitting issues of the model; the SVM model we set up and use therefore

performs well.
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5.4 Discussion

The approximately 75% accuracy prediction and the converging cross-validation curve
result together show that the EEG signal and edited AIDA metrics model is a suitable
model. This result is sufficient to declare EEG a useful dataset to collect in the advertising

industry.

Further improvements can be made on the accuracy of prediction by improving the chosen
thresholds and increasing the study sample size rather than relying on bootstrapping.
Regarding the threshold, receiver operating characteristic (ROC) can be used in the future
work for visually and a more accurately selecting the threshold. The accuracy of prediction
may be further improved through selecting both male and female participants and gender-

neutral products and their advertisement.

In this research, accuracy has been used rather than Mean absolute percentage error
(MAPE) Or mean squared error because it is a binary result, it is either yes or no question

represented as 0 or 1.

The statistical results show that the ranked answers with a threshold of 4 have a better
result than the combined rank and binary answers, with about 2% more accuracy. It
also shows that each category prediction is lower than the whole dataset prediction in
both models. It shows that products like cars have the lowest accuracy of prediction and
clothes have the highest accuracy of prediction among the four categories. This may be
caused by cars being a costly product, and the decision to purchase one depends more on
lifestyle and personal circumstance than advertising. In this case, the prediction accuracy
can be improved by pre-selecting participants to control for these factors, or by adjusting
predictions based on the personal circumstances. In the experiment, the F scores and
the recall scores are also good in the model; it happens to be consistent that the whole

dataset scores are better than each category dataset. The out of sample test result is not



5.4. Discussion 113

as good as the sample test, but it is acceptable, which further indicates the model is good.

In the current research, the emotions and opinions of the user have been used as a hidden
variable to bridge EEG signal and self-reported metrics to evaluate the impact of adver-
tisement and its power to influence purchasing. In the literature, research has been done
on the relationship of Theta wavelength with emotion and the relationship of Beta Wave-
length with emotion [LP12] [WCC16]. Considering that EEG signals contain components
at many other frequencies, it is worth further investigation of the relationship between

EEG signal and emotion, and how they impact a decision to make a purchase.

In past attempts, an AIDA model has been used to quantify emotion metrics in terms of
scores for attention, interest, desire and action aspects after watching the advertisement
[SJ25]. In this thesis, the idea of the AIDA model and add additional dimensions to quan-
tify these emotions to achieve a more precise measure is followed. The ranked and binary
answers have equal waiting in accordance with the AIDA model and literature mentioned
in Section 5.2.1 which considers all labels with equal impact. It is also interesting to fur-
ther execute a non-parametric machine learning model to assess the importance of each
label or a grouping of similar labels for purchasing power. More details on the emotion

model this experiment uses are described in section 5.2.1.

This is a new method in Neuromarketing. The advantage of this method is to be able
to assess the impact fast. The model, once found, can work in real-time on EEG signals,
in a highly automated way. Something not possible in traditional methods that involve
data collection via surveys or discussion, and then analysis, which requires both time and
man-power to accomplish; or assessing the impact through sales figures afterwards, which

can be easier to automate, but has much longer cycle times.

The proposed evaluation method also shows less bias due to EEG data being involuntary

and therefore, not subject to conscious and experimental bias. Unlike in a focus group
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study conducted by an advertisement company, the study in an academic setting removes
the potential for study biases in which participants tend to give kinder answers than they
may think, out of goodwill or some sense of social obligation [DPGAO02] [SL09] [MGB04].
The questionnaire questions are written neutrally and asks similar questions from slightly
different angles to validate consistency. Because these questions yield consistent results,
it indicates a high likelihood that they represent the true thought of participants. The
questions in the questionnaire do not include identifiable or confidential information of
any individual; therefore removing potential reasons for participants to hide their true

opinion.

Furthermore, the device used in this research is a single-electrode wearable device that
is low cost, portable, and easy to use, allowing this kind of data collection to be scaled
much more rapidly than machines traditionally associated with functional brain imaging
in neuroscience, such as traditional clinical-grade multi-channel EEG setups, and fMRI
[Sigl5]. Multiple types of EEG devices have been studied in the literature and applied to
neuromarketing studies; the results do not show an appreciable improvement in accuracy
of multi-channel EEG systems versus single electrode EEG systems [LHO02]. Therefore,
single electrode EEG devices is sufficient for the experiment, and the ease of use of a
simple, self-contained and battery-operated wearable device opens up new kind of cus-
tomer engagement opportunities where their EEG can be recorded throughout the day
in settings that are much more normal than would be the case in a lab setting, removing

any influence that may come from the experimental setup.

The most significant part of this research is the extension of modelling emotions with
a single-wavelength collected from EEG to multidimensional wavelengths, allowing the

extraction of more informational content from EEG than previously attempted.

The result of this research can be further applied to individual consumers behaviour; to

allow the advertising industry to tailor their advertisement for maximum impact, and



5.5. Conclusion 115

adapted to work for TV an movie studios to predict viewership rates of movies and TVs

from trailers.

5.5 Conclusion

A model that can use EEG signals measured using low-cost consumer-grade EEG headsets
taken while a consumer watches an advertisement is proposed. It can rapidly predict
the consumer’s likelihood of purchasing a product. While further research can be done
on the selection of thresholds, and the quality of the result can be improved with the
collection of larger datasets, the method as shown is nevertheless easy to deploy, yields
rapid results, scales better than any existing method, and introduces less experimental

and environmental bias.



Chapter 6

Data Privacy And Security

Data privacy and security have always been an essential part of the financial industry.
In finance, there is a vast amount of data in customers; in transactions; and in different
asset pricing, due-diligence. How to find and implement a fast and efficient method to
work in a real financial system working with real-world data has been a challenge, and it

needs to be solved.

Differential privacy has been a very popular topic in finance. Topics cover combining Dif-
ferential Privacy and Secure Multi-Party Computation with Machine Learning through
present a feasible protocol for learning neural networks in a collaborative way while pre-
serving the privacy of each record [CGBLT17]. Sweeney has also published a paper on
K-anonymity: a model for protecting privacy, this research is important because it can
solve the bank world real-world system Datafly [Swe02]. In addition, many privacy and
security setup has been distributed through crypto networks in finance. A model called
cryptoNets have been used to encrypted data with high throughput and accuracy in the
client’s dataset [GBDL™16].

In this chapter, a new deep network architecture that combines neural network and

116



6.1. Introduction 117

data encryption is introduced, aiming to solve privacy and data security problem. With
privacy-preserving feed-forward propagation, server (model provider) can serve for the
user without directly accessing the user’s data. We proved and evaluated that dropping
a few activation outputs can encrypt data for invertible activation function. We also
evaluated that ramp function is better than rectifier in term of encryption. We proposed
privacy-preserving error-backpropagation, by which server can train a neural network for
the user without accessing users’ data. With this method, data compression for data

transmission is available when the number of neurons is less than the size of input data.

6.1 Introduction

Deep learning, also known as deep neural networks [DY14a], has been proven to be success-
ful for classification and regression tasks. Once well established, deep learning models ex-
hibited promising performance, which is desirable for many real-time prediction/decision-
making applications [edm16], like automatic speech recognition, image recognition, and

natural language processing.

For these applications, due to hardware limitations (i.e. the computation capability due
to the power consumption limitation), it is very expensive to implement deep learning
algorithms entirely on users’ local devices (sensors, mobiles, and even laptops). As a
result, the typical approach is to collect data locally at first and then transmit the data
to a remote server/cluster, and then apply the deep networks for training/prediction.
However, such an approach suffers an important privacy issue, especially for those sensitive
data, e.g. patients clinical data (like fMRI images) and sensitive environment data (like

video monitoring in public space).

There has been some research on using neural network prediction on encrypted data

rather than the original data in the situation so that users/sensors will not share them
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with remote servers [BG15] [RJ15]. However, their approach brings in extra computation

cost, and it would not be safe once the key for encryption is hacked.

6.2 Method: Dropping Activation Outputs with Lo-

calized First-layer Deep Network

This chapter introduces a new architecture of a localized first-layer deep network, then
introduce the proposed encryption methods for both invertible activation (like sigmoid)
and non-invertible activation (like rectifier). Neither two-layer nor multiple layers need to
be considered because they will lead to similar results as one-layer. The reasons for this
is shown in the mathematical proof. The focus of this chapter will be on a method for

encrypting data for invertible activation function.

The proposed data privacy and security architecture decomposes layers of a neural network
between local device and server, as shown in Figure 6.1. The local device transfers the
activation outputs of the first hidden layer to the server, and the server can only use the
activation outputs to compute the result. This architecture can enable privacy protection

in both non-invertible and invertible activation functions.

6.2.1 Non-invertible Activation Functions

Several up-to-date activation functions are non-invertible [GBB11] [GWFM™*13], for ex-
ample, rectifier is commonly used in deep neural network, and is able to reach a network’s
best performance without any unsupervised pre-training on unlabeled data [GBB11]. Its
output is a linear function of the inputs, so the vanishing gradient problem can be re-

duced. The rectifier is shown on Equation 6.1, where z = x « W + b. It sets all negative
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activation outputs to zero.

0 ,when z<0
a=f(z) = (6.1)

z ,otherwise

Non-invertible activation functions can naturally encrypt the activation outputs to some
degree. For non-invertible activation functions, the best way to reconstruct input data is
to use an approximated inverse activation function f ~1 and the transposed weight matrix
W7 (instead of W™1), as Equation 6.2 describes. The mathematical explanation can be

found in Section 6.3.

&= (f"Ha)—0)xWT (6.2)

However, due to the linearity of a rectifier, the activation outputs is highly related to
the scale of feature patterns from inputs. The general features of the original data can

be decrypted by Equation 6.2. To alleviate this problem, a ramp activation function is
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introduced, as Equation 6.3 shows, where z = x « W + b, and v reflects a small value.
Smaller v will cut more scale information so that the activation outputs will contain less
scale information but more information of feature combinations (i.e. a set of small feature

identifiers). The rectifier and ramp functions will be evaluated in Section 6.4.1.

0 ,when z<0
a=f(z) =4z ,when (0 <=z <uv (6.3)

v ,when z >=wv

In the view of information, the non-invertible outputs will result in information loss, so the
original data cannot be fully reconstructed. However, from a neural network perspective,
the non-invertible function selects features. Therefore, features are not lost but can even
improve the accuracy [GBBI11]. If the input data is an image, information loss would
manifest as blurring and adding noise to the image, for example. Based on this principle,
in the rectifying layer, even if just one activation output is turned to zero from negative
value, the original input data cannot be reconstructed completely. In practice, due to the
sparse property of the rectifying layer, there will be a large portion of rectifying outputs

being zero - therefore, the reconstructed data will be distorted completely.

Hence, data encryption and privacy are realized through non-invertible activation func-
tions, as the input of each hidden layer cannot be reconstructed. Even if all parameters
of the model are known, the original inputs still cannot be reconstructed by the server.
Hence, privacy is preserved for users. Apart from the rectifier and ramp functions, other

activation function such as binary step and max-out [GWFM™13] are all non-invertible.
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6.2.2 Invertible Activation Functions

Different from non-invertible activation functions, reconstruction is solvable when the
activation function is invertible, e.g. sigmoid, hyperbolic tangent, softplus, and others.

The sigmoid and inverse sigmoid is shown in Equation 6.4 and 6.5.

1
=7 T o @ W)

1
r=(=In(=—1)=b)xW! (6.5)

a
Therefore, the only ways to encrypt z is by modifying a, W or b. The modification will
bring uncertainty to the neural network. Therefore, the key is to find a modification

method which does not affect the final predicting result.

Due to the sparse behaviour of the state-of-the-art neural network, accuracy will not be
affected by slightly changing activation outputs and weights. First of all, during training,
the proposed method would not compromise the learning results, because both Dropout
and Dropconnect are the state-of-the-art way to avoid overfitting. For testing/inferencing,
non-invertible activation would not affect the result at all. For invertible activation,

dropping a few of activation outputs also would not harm the final result, that is because:

1) From a theory point of view, Dropout training can be considered as training many sub-
networks to do the same job; the result is the averaged of all sub-networks, which is one
sort of ensemble learning and recently proven to be a Gaussian process [SHK'14] [Gal16].
On the other hand, reasonable uncertainty of neural network during testing would not
affect the testing result if the network has uncertainty during training [GG16] [GSB16]
[BCKW15].
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2) From an experience point of view, the Dropping probability the method required (0.5%)
comparing with the Dropping probability during training (usually 20 to 50%) is quite low
and would not affect the final averaged result of all sub-networks. Tables 6.1 and 6.2 show
the effect with different dropping probabilities using a sigmoid function. As expected,
this method would not lead to noticeable performance decreases, as a small dropping

probability is enough for encryption.

The sparse behavior of neural network can be achieved by using the methods of Dropout,
Dropconnect, and Autoencoder ([HSK*12] [SHK*14] [WZZ*13] [VLL*10] ). In this chap-
ter, the idea of Dropping activation outputs and Dropping connections is proposed. The
definitions of Dropping activation outputs and Dropping connections are different from
Dropout and Dropconnect. In this research, the Dropping activation outputs and Drop-
ping connections are new terms, they are specifically defined under the data privacy and
data security environment, the action to Dropping activation outputs is the same as
Dropout, and the action to the Dropping connections is the same to the Dropconnect,
but both of them applied onto an extra deep neuron layer on the local/clients rather
than server/cloud. They are applied in feed-forward propagation, whereas Dropout and
Dropconnect are applied in the error backpropagation. A figure of Dropping activation

outputs and Dropping connections shown in Figure 6.2 and Figure 6.3.

Dropping activation outputs during the feed-forward process: For encrypting
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Figure 6.3: Dropping connection during feed-forward propagation.

the data during the feed-forward propagation process, a method called Dropping acti-

vation output is proposed. Mathematically the modified activation output a is written

as

Q>

—do f(z+W +1b)

(6.6)
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where, the element-wise multiplication (Hadamard product) is denoted by ®, and d is a

binary vector randomly some activation outputs to zero.

Setting an activation output to zero is equivalent to removing all connections between a

neuron and all input data. More details will be described in Section 6.3.

Equation 2.25 and 6.2 can be used to reconstruct the data, and it was found that similar

with non-invertible activation, Equation 6.2 can better reconstruct the data.

Dropping connections during the feed-forward process:
Another purposed method is called Dropping connections. In dropping connections, some
elements of weight matrix W are set to zero. The modified weight matrix W and the

modified activation output a are written as
W=waoD (6.7)

a=f(x*W+0b) (6.8)

where, D is a binary matrix with some elements are zero. However, the experiment shows

that this method is not effective enough to encrypt the data.

6.3 Mathematical Explanation

If the activation is linear, we have:

a=xxW+Db (6.9)
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r=(a—b)x W (6.10)

We now discuss why dropping connections won’t encrypt as good as dropping activation.

6.3.1 Dropping Connections

Assume AW is the different between W and W, i.e. AW = W —W, replace a in Equation
6.10 by Equation 6.9, let a represent the new a that is calculated through the changed

W, then the new & can be written as

i=(a—bWw!

= (x*WoOD+b-bW™!
=x(W o D)W! (6.11)
=2(W - AWYW!

=zl - AWW™

Note in AW, only a few entries are non-zero; hence, the product of AWW ! is very
small, which means it can be neglected. The reason behind it is the product of W~}
is an identity matrix, which means the sum of the product of entries in row W and
their corresponding entries in column W~! is 1 when the sum position is diagonal, but
the sum is 0 elsewhere. Then (I — AWW 1) approximates to an identity matrix. This
means the input data is nearly the same as the dropping connection result, written as
T =~ x, therefore the encrypt performance is poor. Mathematically, it corresponds to
an Affine transformation with no change circumstances [Haz01]. This result applies to

any c-by-d matrix W, where ¢ < d. As AW.y4 is a c-by-d matrix with a few entries
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change, which means only a few terms are affected in the summation of d terms, therefore,

AW, WL ~ 0, hence I, — AchdWC_de approximate to identity matrix /., which means

cxd

Tixe = Tixe-

To give an example when W is a 3-by-5 matrix, and * represent entries that are not zero,

1 31 7 2
letW=12 2 7 5 3
2 5 3 1 1

e When the changing entry/entries are on the same row in AW, then it is the same

row that is non-zero in AWW 1.

0 3 0 0 0 03 0 7 0
fAW=10 000 0o |0 00 O0O0

0 00 0O 00 0 0 0
k%
S AWW™1t=109 0 0 (6.12)
0 0 O
0 00 0O 0 0 0 0 0

iftAW=12 0 0 0 0|lor| 0 0 7 5 0
0 00 0O 0 0 0 00

SAWW = % x x (6.13)
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0O 0 0 0 o0 00 0 0 O
fAW =10 000 0llor |0 0 0 0 0

0 0 3 0 O 05 3 11
0 0 0

S AWW=1t=109 0 0 (6.14)
%k

e When changing entries are at different row, then those corresponding rows in AW W !

have non-zero entries.

00 0 0 0
fAW =10 2 0 0 0

00 3 00
0 0 0
SAWW L= x x % (6.15)
* * *
00 0 70
fAW =10 2 0 0 0
00 3 00
k >k *
S AWW = x * = (6.16)
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W~ is the inverse of W, therefore WW ™! = I3 (i.e.

Wi W+ WiaWo b + WisWat + Wi Wt + WisWe ' =1

Wi W+ WiaWaot + WisWa' + Wi Wt + WisWi,' =0
Wi Wit + WiWat + WisWat + Wi, Wt + WisWat =0
W Wit + WaaWoit + Wos Wit + W Wit + WosWeit =0
W Wit + WaaWaot + WosWao! + W, Wit + Was Wt =1
Wor Wit + WoaWost + Was Wit 4+ Wo, Wit + Wos Wit =0
W Wit + WaoWo b + WasWait + Wa, Wit + WasWat =0
W Wit + Waa Wt + Was Wit + Way Wit + Was Wyt = 0
W Wit + WaaWogt + Was Wt + Wa, Wit + Was Wt =1

). However, AW represents a change of only a few entries in W, which means only a
few terms are affected in the summation of five terms, therefore, AWW ! ~ 0, hence

Is — AWW ! approximate to identity matrix I5, which means 1.3 = 21 x3.

6.3.2 Dropping Activation Outputs

For Dropping activation outputs, linear activation is also used in this section. Let the
modified activation output be a and its corresponding modified input data be z, then it

can be written as

&= (a—b)Ww! (6.17)
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=(a—b)W ™ — AaW™!

=z — AaW ™!
AalV -1
:::r(],__ __fzky:__)
T

Hence for any activation output vector a in size 1-by-d and weight matrix W that has

size c-by-d, where ¢ < d. If a few entries of a change, then the modified vector  can be

AayxaWi ), )

written as a product of 1-by-c original input data x and a matrix (I — , Where

Tlxc

all diagonal entries are not necessary to be 1. Then z % z. Therefore it won’t necessary

to be no change circumstance in the Affine transformation.

For example, let a = (ay, as, a3), Aa = (Aay, Aas, Aag), and:

W11 W12
-1
W3><2 — Wo1 Wo2 (618)
W31 W32
Then x can be written as:
w11 Wi2
-1
T = (1‘171‘2) = aW3><2 = (alv az, CL3) W1 W2 (619)
w31 W32

= (a1wi1 + agwar + azwsy, 1wz + GaWae + azwsz)

Z can be written as:

Il
Q>

j - (.fl,.fg) W3;<12 (620)
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wWi1 Wiz

= (al — Aay,ay — Aag, a3 — Aa3) Wa1 W9
w31 W32

= (aywy; — Aaywyy + aswe — Aagwa + azws; — Aazwsy,
a1wi2 — Aagwia + aswas — Aagwag + azwss — Aazwss)
Which means
(.Th .TQ)

1_ Aajwig+Aagway +Aazwsy 0

_ ER
= (21, 22) o 1 _ Aajwigt+Aagwyy+Aaguwgy (621)
D)

In this case, AalwlﬁA“ﬁ””A“:”w?’l and Aa1w12+Aa;;”22+A“3w32 are unknown and there is no

restriction on them, which means they can be any number, hence it is not an identity

matrix.

6.4 Experimental Studies

The MNIST dataset was used to evaluate these methods, which has a training set of 50k,
a validation set of 10k and a test set of 10k. Each image is a 28 x 28 grey-scale digit, with
ten classes in total. The MNIST dataset is a widely tested classical machine learning
dataset; they are images with ten numbers: from 0 to 9. We adopted an accuracy of
classification task to evaluate our model, which is a standard way of evaluating machine
learning algorithms. For classification, the definition of accuracy is the percentage of

correct prediction on the test set.

Dropping activation outputs was also evaluated on the CIFAR10 dataset, which is a more
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challenging dataset compared to MNIST, and has 50k training images and 10k test images.
Each image is a 32 x 32 RGB image, with ten classes in total (airplane, automobile, bird,

cat, deer, dog, frog, horse, ship, truck).

6.4.1 Non-invertible Activation Functions

Rectifier The experimental network has three rectifying hidden layers, and each layer
has 800 neurons so that the model can be represented as (784-800-800-800-10) from the

input layer to the output layer.

Dropout has been applied during training to prevent overfitting. The Dropout probability
from the input layer to the first layer is 20%), and the probabilities of other layers are 40%.
No weights decay were used. All neural networks were trained by using Adam gradient
descent [KB15] with mini-batches of size 500 and 2000 of epochs. This resulted in an

accuracy of 98.87% (under the null hypothesis of the pairwise test with p = 0.05).

To evaluate the rectifier, Equation 6.22 and 6.23 are used to reconstruct the approximate
input data. Figure 6.4 shows the original input data and the reconstructed input data
from the activation outputs of first hidden layer by using Equation 6.22. It is clear that

the reconstruction failed.

i~ (a—b)xW! (6.22)
&= (a—0b)x W7 (6.23)
The input data can be better reconstructed by Equation 6.23. As the middle column of

Figure 6.5 demonstrated, even when the reconstructed data were totally distorted, the

outline of original input data can still be recognized from the reconstructed data.
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[

(z)

Figure 6.4: Reconstructed input data from rectifying output by using & ~ (a — b) * W—!
(Right); Original input data = (Left); Activation output a = maxz (0, x x W + b). The KL
Divergence between x and & for digit 2 and 6 are 1.91 and 1.88.

Further encryption can be applied by transferring the activation outputs of the second
hidden layer, i.e. encrypting the data twice. Right hand side of Figure 6.5 shows the
reconstructed input data by Equation 6.23, where the outline of digit cannot be recognized.

However, applying more local rectifying layers will lead to higher local computation.

Ramp To let the activation outputs of the first hidden layer contain less scale information,
a ramp activation function can be applied. The two test networks are the same as the
previous rectifier network other than the activation function of the first layer being a
ramp with v of 0.2 and 0.05 respectively. The accuracies of these two networks are both

98.87%, which is approximately the same as the previous pure rectifier neural network.

According to Figure 6.6, smaller v can better encrypt the input data, and the topology

of input data cannot be determined from the reconstructed data.

The above experiments can be summarized as below:

e With the proposed architecture, no matter what kind of activation function is used,
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Figure 6.5: Reconstructed input data from rectifying outputs by & ~ (a — b) * W7:
Original input data x (Left); Reconstruct from outputs of first hidden layer (Middle,
the KL Divergence between x and Z (1 st layer) are 2.32, 1.49, 1.51 for digit 1, 2, 6);
Reconstruct from outputs of second hidden layer (Right, the KL Divergence between x
and Z(2nd layer) are 2.63, 1.58, 1.56 which are higher than & (1st layer)).

without knowing the model parameters in the local device, the original input data

cannot be reconstructed from the activation output.

e Even knowing the model parameters on the local device, a single rectifying layer is
able to encrypt the input data. Better encryption can be done by applying more

rectifying layers before transferring the activation outputs.

e Further encryption to the data can be done through Ramp activation function as it

reduces the scale of the feature pattern.
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Figure 6.6: Reconstructed input data from ramp activation outputs by using & ~ (a —b) *
WT (Middle and Right) and Original input data z with v = 0.2(Left); The KL Divergence
between z and Z (v = 0.2), which are 2.35, 1.54, 1.55 for digit 1, 2, 6, is smaller than that
between x and Z (v = 0.05), which are 2.42, 1.63, 1.62.

6.4.2 Invertible Activation Functions - Dropping Activation Out-

puts

For invertible activation function, the first experiment was done on Dropping activation
outputs. A network of 3 hidden layers of 800 units each is created, the activation function
is sigmoid, which is invertible. All hyper-parameters and training methods are set to be

the same as the previous rectifier neural network.

As a few of activation outputs are set to zero, the inverse sigmoid at Equation 6.5 becomes
insolvable, since a number can not be divided by zero. An approximate reconstruction

can be achieved by Equation 6.24 and 6.2, i.e. when a is out of range, the approximate
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inverse number is set to zero !.

0 ,when a > 0,a <0
7 a) = (6.24)

—In(; —1) ,otherwise

Figure 6.7 shows the reconstructed input data under dropping probabilities p of 0.5%,
1% and 2%. It is clear that the reconstructed input data was distorted, and no further

distortion was found as the dropping probability increase.

Therefore, dropping a few activation outputs is enough to encrypt the input data, and
does not lead to noticeable performance decreases as Table 6.1 shows. In addition, adding
some noise to a few activation outputs can also lead to the same result. If Equation 2.25
were used for reconstruction, the reconstructed input data will be show in Figure 6.8,

which is worse than Figure 6.7.

For CIFAR10, a convolutional neural network (CNN) was used for this task. The network
architecture is as follows: N64F5S1> Sigmoid> F3S2> LRN> N64F5S1> ReLU> LRN>
F352> D384> ReLU> D192> ReLLU> D10> Softmax, where N64F5S1 represents a CNN
with 64 filters of size 5 and of stride 1, F3S2 represents Maxpooling with size of 3, stride
of 2, and D10 represents fully-connective layer with unit of 10, LRN represents local
response normalization. The model is trained by 50000 epochs with a learning rate of
0.0001 and Adam gradient descent. Activation outputs were randomly dropped on the
1st convolutional layer. The result can be seen in Table. 6.2. Through the single sample

t-test, it shows that the accuracy in different p setting are not significantly different.

The experiments can be summarized as follow:

IExpect zero, the following constants have been explored: {—10,—1,—0.5,0,0.5,1,10}, we found them
all giving similar results as Fig 6.7 shows.
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Table 6.1: Randomly setting activation outputs to zero in first hidden layer during feed-
forward propagation over 100 trails

p Accuracy(%) Standard Max/Min Accuracy (%)
Deriva-
tion

0% 98.7900% NA NA

0.5% 98.8026% 0.000221 98.8600% / 98.7400%
1% 98.8081% 0.000294 98.8800% / 98.7300%
2% 98.8093% 0.000356  98.9200% / 98.7300%
3% 98.7978% 0.000373 98.8900% / 98.6900%
5% 98.7721% 0.000419 98.8700% / 98.6500%
10%  98.6991% 0.000500 98.8700% / 98.5700%

Table 6.2: Randomly setting activation outputs to zero in first convolutional layer during
feed-forward propagation over 100 trails

P Accuracy(%) Standard Max/Min Accuracy (%)
Deriva-
tion

0% 84.5640% NA NA

0.1% 84.5641% 0.000409 84.6800% / 84.5100%
0.5%  84.5535% 0.000635 84.7800% / 84.4800%
1% 84.5313% 0.000787 84.7000% / 84.3500%
2% 84.4696% 0.001037 84.7100% / 84.1600%
3% 84.4180% 0.000859 84.2300% / 84.7500%
5% 84.3613% 0.001230 84.6800% / 84.0900%

e For invertible activation functions, dropping a few activation outputs during feed-

forward propagation can provide data encryption and privacy.

e To make the function insolvable, the activation value needs to be set out of its
reasonable range, for example, setting the value out of (0, 1) for sigmoid, and (—1, 1)

for the hyperbolic tangent.

e Instead of setting activation outputs out of its reasonable range, adding small noise
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(%)

Figure 6.7: Equation 6.24 and 6.2 are used to reconstruct input data from first sigmoid
hidden layer after dropping activation outputs. The first column is the original input data
x; the dropping probabilities increase from 0.5% to 2% from second to forth column. Note
that 0.5% is only 4 neurons in the layer of 800 neurons. The KL Divergence between x
and Z(p = 0.5%) are 2.03, 1.34, 1.35 which are similar with Z(p = 1%) (2.02, 1.35, 1.35)
and Z(p = 2%) (2.04, 1.35, 1.36).

values to few activation outputs can have a similar impact.

6.4.3 Invertible Activation Functions - Dropping Connections

Randomly setting a part of weight values to zero can indirectly modify the activation out-
puts. However, according to the experiment using the MNIST dataset, when combining
sigmoid function and dropping activation outputs during the feed-forward process, en-
cryption does not appear, and the reconstructed data is almost the same with the original

input data.
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Figure 6.8: Reconstructed input data from first sigmoid hidden layer after drop activation
outputs by using Equation 6.24 and 2.25. Original input data = (The first column); From
the second to third columns, the dropping probabilities increase from 0.25% to 0.5%. The
KL Divergence between z and &(p = 0.25%) are 2.34, 1.51, 1.45, and z(p = 0.5%) are
2.49, 1.52, 1.46, which are higher than Fig.6.7

6.4.4 Autoencoder

Reducing the number of activation outputs can reduce both computation and communi-

cation cost for the local device. In that case, an Autoencoder can be applied.

Even for invertible activation function, when the number of activation outputs is smaller
than the number of input data, the original input data cannot be reconstructed correctly
from its activation outputs, as it uses smaller dimension to represent the original data.

The input data can be approximately reconstructed by Equation 6.5.

Figure 6.9 shows the input data, which is reconstructed from Autoencoder with sigmoid
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() (%)

Figure 6.9: Reconstructed input data from sigmoid outputs by using Equation 6.5 (Right);
Original input data = (Left). The number of neuron is the half of the number of input
data.

activation function. In this case, the number of neurons is half of the number of input data.
In other words, half of the information of original input data can be reconstructed, noting
the shape of the digit image can still be identified clearly. Therefore, an Autoencoder
with non-invertible activation function or dropping activation output is recommended, so

as to provide both data encryption and data compression.

6.4.5 Privacy Preserving

In this section, the privacy-preserving property of the above method is evaluated by

discussing how it works in a brute-force attack and honest-but-curious model.

Assume M neurons are dropped. As discussed before, the computation raises exponen-
tially; the attackers have to pre-compute possible activation results. Take a sigmoid
function as an example, as the outputs of neurons are continuous values, and assume
the attacker pre-defines N possible output values, and the algorithm drops M neurons
of the outputs, the number of possible combinations is N*. In the sigmoid experiment
when dropping probability is 0.5%, M is four if N is defined to be 100, the number of
possible combinations is 100 million, after reconstructing 100 million images, the attacker
also needs an algorithm to recognize the ”"good” image. If a rectifier is used, the attacker

would not know where and how many neurons are dropped by this method, which means
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the number of possible combinations will become significantly larger.

This can be illustrated by conducting a brute-force experiment on MNIST classifier with
sigmoid function. There are 800 outputs, M is 4 (0.5%). These are separated [0, 1] to
101 gaps, i.e. from 0, 0.01, 0.02 to 1. Therefore, there is 104060401 possible input. It
takes 5083 hours to compute all possibilities on a Titan X Pascal GPU. Note that, the
attacker needs an extra algorithm to select one data point from 104060401 data, but as

the attacker do not know the content of data, it is difficult to define the criteria.

In the honest-but-curious model, for invertible activation function, the intact activation
outputs can be obtained if local device inputs the same data into the network for multiple
times, and the dropping positions do not overlap. The probability of the dropping position
does not overlap on second time with the first time is C¥_,,/C¥. As M is relatively
smaller than N, so the original input data has a high probability of being decrypted if

the data is input to the network twice.

As a result, in practice, to prevent such a situation, the same positions need to be dropped
if the data is the same. The dropping position, therefore, should be deterministically
generated from the data, for example, by using a max value in the data as the random

seed to select the dropping position.

It is important to mention that, for non-invertible activation function, as the activation
outputs are dropped inherently, even without using dropping activation outputs, the

honest-but-curious model can not work.

6.4.6 Speed

To verify the impact of implementing Sigmoid function on user local devices, a system

test is conducted to measure it. The Metal framework is used! to develop the Sigmoid

Thttps://developer.apple.com/metal /
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function on GPU (in Swift language):

kernel void sigmoid(const device float
x*inVector [[ buffer (0) 1],
device float *outVector [[ buffer (1) 1],
uint id [[ thread_position_in_grid J]]) {
outVector[id] = 1.0 /

(1.0 + exp(-inVector[id]));

The device used is an iPhone 6 with i0S 10. NSDate() was used to measure the time-
lapse of computing the first layer activations. The input used is a vector x where |z| =
40000 (200 x 200 pixels grayscale images), and Sigmoid(W & + b) is applied with W (size
40000 x 1000) and b (size 1000) for 1000 neurons. Below is a sample output of time lapses

measured, 1300ms is calculated to be the average latency induced.

D/Sigmoid (601): onActivation: begin
D/Sigmoid (601): onActivation: 1311 ms

D/Sigmoid (601): onActivation: end, 1311 ms

6.5 Conclusion

In the above work, a new architecture for a deep network has been proposed, with the
localized first layer of the network. How the architecture could support better privacy
protection in model prediction is investigated. Invertible activation function through
Dropping activation outputs during feed-forward propagation was proven to be able to
encrypt the original input data and preserving privacy. The whole encryption process

can be improved through combining feed-forward propagation and data encryption into
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one process, which means no need for a specialized data encryption process on the local

device, nor data decryption process on the server.

During the encryption process, both invertible and non-invertible activation functions
have been discussed and mathematically proved possible to do encryption. In error back-
propagation, splitting the neural network into a local device and server can provide data
privacy during training. In other words, the server is able to provide model learning ser-
vice by using error backpropagation, without accessing the original input data from the

local device.

This process can be applied to the financial industry for those indices that are calculated
uses sensitive private datasets. However, this is a general method, and it can be applied

to any type of dataset, which means any finance-related data can also use the method.
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Conclusion

7.1 Summary of Thesis Achievements

The achievement of this thesis is several-fold.

First, this thesis builds on a deep learning model to achieve trading strategies that use the
volume to predict the stock price or stock price changes. This thesis describes the data
selection, refinement and model selection process, as a general strategy that can be used
to build any other similar models. The model itself can also be modified based on the
length of the asset holding time. Therefore, the return of the stock price can be predicted

on the time scale that an asset is held.

The second achievement comes from building a model to explore the pattern in stock
price and to test the model during the acquisition period. Not much research exists in the
literature due to the challenge of building the dataset; it should be noted that Crunchbase’

data which was used in this thesis did not exist prior to 2015, so is a relatively new resource

1A website that provides technology companies data and information, website is https
/Jwww.crunchbase.com/

143
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to collect data from.

The third achievement comes from the general, saleable, and unbiased advertisement
impact assessment algorithm. By doing so, the analysis can be more detailed, and in the

design of advertisements in the future can be guided.

The fourth achievement is migrating the first layer of a deep network to where the data
originates (which may be on a local device remote to where the deep learning is being
run), applying the activation functions locally, and then use the ”dropping activation
output” method to make the output non-invertible. The resulting approach is able to
make model predictions without accessing sensitive raw data. In doing so, this method
may help satisfy requirements of data privacy laws such as GDPR as the resultant data

received by the deep learning is not identifiable, yet still valuable for the learning.

7.2 Applications

The most straightforward application is to apply the model as a trading algorithm to
help traders and institutions make trading decisions. The decision would be able to make
decisions like ”at what time to buy, at what time to sell, and at what valuation of the
acquisitions, what profit margin to make to take advantage of the merger and acquisition

events”.

The advertising effect assessment is straightforward and useful to the advertising agencies
who can use this information to tailor their advertising to target a specific customer group,

therefore, boosting the products/service sales numbers.

The encrypt method provides an option to encrypt the raw dataset no matter what the

dataset format is.
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7.3 Future Work

Future work can go in two directions. The first is to explore the physical significance of
problems that could be solved. The second is to explore the methods that are used to

solve these problems.

In the current research, the data collected were for technology companies. A greater
variety of companies can be added into the data to expand the model to be more generally
applicable, for example, from other industries like semiconductors, clothes, oil and gas and

etc.

In the merger and acquisition model, the model was built against a specific company
being acquired if the valuation is available on Crunchbase. However, the M&A can be
analyzed based on the year it happens and then comparing the difference annually. The

regression can be used to fit the model based on the acquisition valuation.

Many cross-section research has been done on option volume and the stock price. For
example, in 2009, Richard Roll has worked on a paper about the trading volume ratio
on option and stocks,i.e. O/S [RSS10]. The information content of option and equity
volume ratio and the future returns have also studied by Travis L. Johnson in 2011
[JS12]. Moreover, Jun Pan published a paper studying the information in option volume
for the future stock prices in 2006, which is published by MIT [PP06]. Based on all of this
research, machine learning methods can be used to build to study and model the options

volume and the stock price.

Patrick Augustin and Mennachem Brenner did research in 2016 on informed options
trading prior to takeover announcements. In this paper, abnormal option volumes were
used as an indicator of inside-trading before a takeover announcement [ABS19]. Guo and

Chen have done work on the informational content of option volume prior to takeovers
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[CCGO5] [STS11]. David Easley also was able to find an indication of informed traders
through option volume and stock prices in 1998 [EOS98]. Therefore, inside trading could

be something that can be detected by a model like the one presented in this research too.

As has been studied in the paper called "inside trading in takeover targets”, other algo-
rithms can be applied to the takeover targets, this includes stock return change of the
target companies after the announcement has been made [AN12]. The challenges here is
that many of the companies are privately traded and do not release enough public data

to be used to make predictions.

In the advertising impact assessment chapter, the method used can be considered a rela-
tively basic machine learning model. Further work could be done to extended this research
to use deep learning methods if a larger dataset could be collected. If more data can be
collected based on more targeted objects or targeted groups of people, better and more

accurate analysis can be made.

Currently, statistically significant numbers have been done through ANOVA, and t-test
in MAPE and accuracy prediction, other quantitative evaluation can also be carried out

for the experiments in each chapter.
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Figure A.1: Apple Daily and Minute data of price change between 05/2017-05/2018
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Figure A.2: Apple Daily and Minute data of close price between 05/2017-05/2018
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Figure A.5: Apple monthly and weekly data of close price in October 2017
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Figure A.7: Apple monthly and weekly data of volume in October 2017
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One example of minute price change during none-Christmas period in 2017
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Figure A.8: Christmas period and non-Christmas period Apple data of price change in
October 2017
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One example of minute price during none-Christmas period in 2017
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Figure A.9: Christmas period and non-Christmas period Apple data of close price in
October 2017
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ber 2017
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Figure A.11: Apple weekday data of price change, close price and volume in May 2017
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Tuesday minute price change in May 2017
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Figure A.12: Apple weekday data of price change, close price and volume in May 2017
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Wednesday minute price change in May 2017
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Figure A.13: Apple weekday data of price change, close price and volume in May 2017



161

Thursday minute price change in May 2017
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Figure A.14: Apple weekday data of price change, close price and volume in May 2017
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Figure A.15: Apple weekday data of price change, close price and volume in May 2017
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Minute price change first Monday every month in 2017
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Figure A.16: Apple weekday data of price change, close price and volume each month in
2017
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Minute price change first Tuesday every month in 2017
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Figure A.17: Apple weekday data of price change, close price and volume each month in
2017
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2.5 A

g
o
L

price change
-
w
|

January
Februry
March
April
May
June
July
August
September
October
—=- November
~—- December

1.0 A
0.5 1
0.0 T T T T T T v
N N N o N o N
N N N N N N N
N <> <V > Na N NS
time(minute)

(a) First Wednesday price change every month

Minute price first Wednesday every month in 2017

170 A
160 -
150 - —— Februry
—— March
3 _— — ————  —— — —April
S 140 1 — May.
— June
— July
130 A /\/____/—/——— August
——— September
—— October
120 —=- November
—=- December
Q Q Q Q Q Q Q
N N N N N N N
> N <V ~? Ns ~ ~o
time(minute)

(b) First Wednesday close price every month

Minute volume first Wednesday every month in 2017

le7
—— January
~—— Februry
1.501 —— March
—— April
1.25 4 May
—— June
— July
1.00 — August
g ——— September
] —— October
S 0.751
0.501
0.251
0.001
O O N 9 O N O
N S N N N N S
N o4 <V 3 Na 3 NS
time(minute)

(c) First Wednesday volume every month

Figure A.18: Apple weekday data of price change, close price and volume each month in
2017
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Minute price change first Thursday every month in 2017
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Figure A.19: Apple weekday data of price change, close price and volume each month in
2017
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Minute price change first Friday every month in 2017
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Figure A.20: Apple weekday data of price change, close price and volume each month in

2017
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Figure A.21: Apple weekday data of price change, close price and volume each February

between year 2012 to year 2017
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Figure A.22: Apple weekday data of price change, close price and volume each February
between year 2012 to year 2017
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Figure A.23: Apple weekday data of price change, close price and volume each February
between year 2012 to year 2017
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Figure A.24: Apple weekday data of price change, close price and volume each February
between year 2012 to year 2017
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Figure A.25: Apple weekday data of price change, close price and volume each February

between year 2012 to year 2017
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APPLE, IBM and Microsoft trading price change in the Brexit day 23/06/2016
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Figure A.26: Apple,IBM and Microsoft data of price change in the day Britain voted to
leave the European Union and Donald Trump being elected as the USA president
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Figure A.27: Apple, IBM and Microsoft data of close price in the day Britain voted to
leave the European Union and Donald Trump being elected as the USA president
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APPLE, IBM and Microsoft trading volume in the Brexit day 23/06/2016
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Figure A.28: Apple, IBM and Microsoft data of volume in the day Britain voted to leave
the European Union and Donald Trump being elected as the USA president
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Amazon 2 months daily volume
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Figure A.29: Amazon 1 months before and after announcement daily
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Amazon 6 months daily volume
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Figure A.30: Amazon 3 months before and after announcement daily



178 Chapter A. Figures

Facebook 2 months daily Volume
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Figure A.31: Facebook 1 months before and after announcement daily
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Facebook 6 months daily volume
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Figure A.32: Facebook 3 months before and after announcement daily
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Google 2 months daily volume
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Figure A.33: Google 1 months before and after announcement daily
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Google 6 motnhs daily volume
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Figure A.34: Google 3 months before and after announcement daily
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APPLE 2 Month daily Volume

=
9
(=]

v
s
2140 g
= 120
)
v 100
3 g | @ ® ]
g ® o e %° %
60 ® o0 o
40 ® .0.0 ® %% 0.. ®
¢ *»® o..o.’o.
20
0
0 20 40 60 80 100
days

(a) Apple 1 months before and after announcement daily volume

APPLE 2 Month daily close price

close price
[¢2] 2] oo w W w W
S [=}] 2] (=] 8] = [=}]
[ ]
L
[ ]
L]
[ ]
[ ]
[ ]
..
[ ]
L)
[ ]
[ ]
[ ]
[ ]

o]
(8]

0 20 40 60 80 100
days

(b) Apple 1 months before and after announcement daily close price

APPLE 2 Month daily price change

price change
=
®
®
[ ]
®
@
®
[ ]
[ ]

LIPS
0 ®e °0 w®e %o @ ® 20 100

days

(c) Apple 1 months before and after announcement daily price
change
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Apple 6 months daily volume
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Figure A.36: Apple 3 months before and after announcement daily
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Apple 12 months daily volume
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Figure A.37: Apple 6 months before and after announcement daily
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Facebook 12 months daily volume
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Google 12 months daily volume
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Apple 2 months minute volume
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Figure A.41: Apple 1 months before and after announcement minute



189

Apple 6 months minute volume
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Figure A.43: Apple 6 months before and after announcement minute



Appendix B

Crunchbase Data

The figures below are four companies’ (Facebook, Amazon, Google, Apple) up-to-date
acquisitions. They are downloaded from Crunchbase. Crunchbase is a platform to find
business information about private and public companies. The original purpose of the
Crunchbase is to track startups, its information include investment and funding, mergers
and acquisitions, news, industry trend, founding members and individuals in leadership

positions.
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18/11/2018 Apple - Acquisitions | Crunchbase

crunchbase

Apple > Acquisitions

Acquisitions

Number of Acquisitions 101
Apple has acquired 101 organizations. Their most recent acquisition was Asaii on Oct 14, 2018.
m Which types of acquisition does this organization make most frequently? HIDE

Acnquisition Type by Number of Acquisitions

70
60
50
2 40
3
© 30
20
10
[
Acquisition Acquihire Unknown
Acquired Organization Name m |=  Announced Date m Price m Transactior
B Asaii Oct 14,2018 - B Asaii acqi
Apple
[« Dialog Semiconductor Oct 11,2018 $600M L Dialog Se
acquired |
[=§/ Akonia Holographics Aug 29,2018 - [22 Akonia H
acquired |
B Texture by Next Issue Mar 13,2018 - B Texture b
acquired |
m Next Issue Media Mar 12,2018 - \E Next Issur
acquired |
|®| Shazam Entertainment Dec 11,2017 $400M |®| Shazam
Entertainr
acquired |
& Pop Up Archive Dec 5,2017 - 2 Pop Up Al
acquired |
\. Spektral Dec 1,2017 $30M \. Spektral
Apple
[~] vrvana Nov 21,2017 $30M [~ Vrvanaac
Apple
[+~ InVisage Technologies Nov 9,2017 - |¢= InVisage
Technolo¢
by Apple
|®| PowerbyProxi Oct 24,2017 - |® PowerbyF
acquired |
\U\ %{gguei‘rien%mganization Name m 1= Announceéiel)patzegl 20]31 Price @ \U Ergg;il-xﬁgaal
https://www.crunchbase.com/organization/apple/acquisitions/acquisitions_list#section-acquisitions 1/5

Figure B.1: The Apple acquisition list



193

18/11/2018 Amazon - Acquisitions | Crunchbase

crunchbase

Amazon > Acquisitions

Acquisitions

Number of Acquisitions 79

Amazon has acquired 79 organizations. Their most recent acquisition was PillPack on Jun 28, 2018.
They acquired PillPack for $1B.

m Which types of acquisition does this organization make most frequently? HIDE

Acquisition Type by Number of Acquisitions

40
35
30
£ 25
2
o 20
15
10
5
[
Acquisition Acquihire Unknown
Acquired Organization Name m |= Announced Date m Price m Transactior
PillPack Jun 28,2018 $1B = PillPack a
Amazon
B Rring Feb 27,2018 $1B B Ring acqu
Amazon
A sBlink Dec 22,2017 — A Blink acqt
Amazon
[=| Immedia Dec 21,2017 - [= Immedia
Amazon
[] Body Labs Oct 4,2017 — [ Body Lab
Amazon
|#5 Graphiq Jul 20,2017 - | Graphiq a
Amazon
(@] GameSparks Jul 8,2017 $10M |@ GameSpa
by Amazo
[@ Whole Foods Market Jun 16,2017 $13.7B  |@ Whole Fo(
acquired |
[=| Souq Mar 27,2017 $580M [== Souq acq
Amazon
\= harvest.ai Jan9,2017 $20M \= harvest.ai
Amazon
&R Biba Nov 23,2016 - B Biba acqu
Amazon
(A] E&Eﬂﬁ'cf[){géﬂ. stli'gr‘ Name m = Announce%%uatzeo' 20?—5] Price m A Qgﬁyatcl:?broi
acquire
https://www.crunchbase.com/organization/amazon/acquisitions/acquisitions_list#section-acquisitions 1/4

Figure B.2: The Amazon acquisition list
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18/11/2018 Google - Acquisitions | Crunchbase

crunchbase

Google > Acquisitions

Acquisitions

Number of Acquisitions 228
Google has acquired 228 organizations. Their most recent acquisition was Onward on Oct 2, 2018.
m Which types of acquisition does this organization make most frequently? HIDE

Acnquisition Type by Number of Acquisitions

140
120
100
= 80
2
© 60
40
20
0
Acquisition Acquihire Unknown
Acquired Organization Name m |=  Announced Date m Price m Transactior
|#| Onward Oct 2,2018 - |# Onward a
Google
B GraphicsFuzz Aug 6,2018 - B Graphicsf
acquired |
[ cask May 15,2018 -  [&] caskacql
Google
A velostrata May 9, 2018 - A velostrat:
Google
\“_W Tenor Inc Mar 27,2018 - \: Tenor Inc
Google
B Xively Feb 15,2018 $50M B Xively acc
Google
B so0dB Oct 11,2017 - & e0dBacq
Google
[ Relay Media Oct9,2017 — A Relay Me
by Google
|| HTC - Pixel Phone Division Sep 21,2017 $1.1B | HTC - Pix
Division a
Google
|- AlMatter Aug 16,2017 - |~ AlMatter i
Google
m Senosis Health Aug 14,2017 - = Senosis F
acquired |
‘m“‘ Bt%qi'ijr)ét‘? Erganization Name m = AnnounceMé' ZUrf-] Price m o greaﬂg'le(cﬁgl
oogle
https://www.crunchbase.com/organization/google/acquisitions/acquisitions_list#section-acquisitions 1/5

Figure B.3: The Google acquisition list
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18/11/2018 Facebook - Acquisitions | Crunchbase

crunchbase

Facebook > Acquisitions

Acquisitions

Number of Acquisitions 75

Facebook has acquired 75 organizations. Their most recent acquisition was Refdash on Oct 1, 2018.
m Which types of acquisition does this organization make most frequently? HIDE

Acnquisition Type by Number of Acquisitions

30
25
= 20
3
© 15
10
5
[
Acquisition Acquihire
Acquired Organization Name m |=  Announced Date m Price m Transactior
| R | Refdash Oct 1,2018 - |R| Refdash ¢
Facebook
[ vidpresso Aug 14,2018 - (&) vidpressc
Facebook
B Redkix Jul 26,2018 — B RedKix ac
Facebook
|Z| Bloomsbury Al Jul 2,2018 - |2| Bloomsbt
acquired |
[@] confirm.io (Acquired by Jan 23,2018 - (@ confirm.ic
Facebook) by Facebc
by Facebc
[0 tbh Oct 16,2017 —  [m] tbh acquil
Facebook
[ Fayteq AG Aug 11,2017 - [== Fayteq AC
Facebook
B ozio Jul 31,2017 - B3 o0zl acqu
Facebook
[ source3 Jul 24,2017 — B source3z
Facebook
B crowdTangle Nov 11,2016 - B crowdTar
by Facebc
m Nascent Objects Inc Sep 19,2016 - EN Nascent

acquired |

“'9“ EXflﬂFggﬁﬁganization Name m = AnnounceMeB' ZUrﬁ Price m \.,f‘ﬁ. ?ya?gra% |gf

Facebook
https://www.crunchbase.com/organization/facebook/acquisitions/acquisitions_list#section-acquisitions

Figure B.4: The Facebook acquisition list
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Appendix C

Acquisition valuation

The list is the 87 companies that are being acquired and have a valuation on Crunchbase.
In the table, the information listed on the tables include the target company, the acquiring

company, the date of the acquirement announcement, and valuation.
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Table C.1: The 87 companies that are acquired with a valuation listed on Crunchbase
Rank | Acquire company | Acquired company Announced date | Valuation
1 Google Xively 02/15/2018 $50M
2 Google HTG - Pixel Phone Division | 09/21/2017 $1.1B
3 Google Apigee 09/08/2016 $625M
4 Google Bebop 11/19/2015 $380.2M
5 Google Oyster 09/21/2015 $30M
6 Google Terra Bella 06/10/2014 $500M
7 Google Divide 05/20/2014 $120M
8 Google DeepMind 01/26/2014 $500M
9 Google Nest Labs 01/2014 $3.2B
10 Google Schaft 12/02/2013 $20M
11 Google FlexyCore 10/22/2013 $23M
12 Google Bump Technologies | 09/16/2013 $30M
13 Google Waze 06/11/2013 $1.3B
14 Google Wildfire 07/31/2012 $350M
15 Google Meebo 06,/04/2012 $100M
16 Google Motorola Mobility | 05/22/2012 $12.5B
17 Google Zagat 10/26/2011 $151M
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Chapter C. Acquisition valuation

Table C.2: The 87 companies that are acquired with a valuation on listed Crunchbase

Rank | acquire company | Acquired company Announced date | Valuation
18 Google Admeld 06/2011 $400M
19 Google Modu 05/20/2011 | $4.9M
20 Google ITA Software 04/13/2011 | $700M
21 Google BeatThatQuote.com 03/07/2011 | $37.7M
22 Google Widevine Technologies | 12/03/2010 | $160M
23 | Google MentorWave Technologies 09/12/2010 | $12M
24 | Google Slide 08/06/2010 | $182M
25 Google Invite media 06/02/2010 | $81M
26 Google Gizmofive 11/09/2009 | $30M
27 Google On2 Technologies 02/19/2009 | $130M
28 Google Zao Begun 07/18/2008 | $140M
29 Google Jaiku 10/09/2007 | $12M
30 Google GrandCentral 07/01/2007 | $60M
31 Google PeakStream 06,/05/2007 | $20.3M
32 Google FeedBurner 05/23/2007 | $100M
33 Google Adscape 02/16/2007 | $23M
34 Google Endoxon 12/18/2006 | $28M
35 Google YouTube 10/2006 $1.7B
36 Google dMarc Broadcasting 01/01/2006 | $102M
37 Google Android 08/16/2005 | $50M
38 Google Applied Semantics 04/28/2003 | $102M
39 Apple Dialog Semiconductor | 10/11/2018 | $600M
40 Apple Shazam Entertainment | 12/11/2017 | $400M
41 Apple Spektral 12/01/2017 | $30M
42 Apple Vrvana 11/21/2017 | $30M
43 Apple Lattice 05/14/2017 | $200M
44 Apple RealFace 02/19/2017 | $2M

45 Apple Gliimpse 08/22/2016 | $200M
46 Apple Mapsense 09/15/2015 | $25M




199

Table C.3: The 87 companies that are acquired with a valuation on listed Crunchbase

Rank | acquire company | Acquired company Announced date | Valuation
47 Apple Concept.io 07/28/2014 | $30M
48 Apple Beats Electronics 05/28/2014 | $3B
49 Apple Topsy Labs 12/02/2013 | $200M
50 Apple HopStop.com 07/19/2013 | $1B
51 Apple Color Labs Inc 11/12/2012 | $7TM
52 Apple Lala 12/05/2009 | $17M
53 Apple Xemplar Education 01/08/1999 | $5M
54 Apple Next 12/20/1996 | $400M
55 Amazon PillPack 06/28/2018 | $1B
56 Amazon Ring 02/27/2018 | $1B
57 Amazon GameSparks 07/08/2017 | $10M
58 Amazon Whole Foods Market 06/16/2017 | $13.7B
59 Amazon Souq 03/27/2017 | $580M
60 Amazon harvest.ai 01/09/2017 | $20M
61 Amazon Elemental Technologies | 09/03/2015 | $500M
62 Amazon Annapurna Labs 01/22/2015 | $370M
63 Amazon Twitch 08/25/2014 | $970M
64 Amazon Evi 04/17/2013 | $26M
65 Amazon Kiva Systems 03/19/2012 | $775M
66 Amazon Quidsi 11/08/2010 | $545M
67 Amazon BuyVIP 10/07/2010 | $70M
68 Amazon Zappos 07/22/2009 | $1.2B
69 Amazon LOVEFILM 02/04,/2008 | $200M
70 Amazon Joyo.com 08/19/2004 | $75M
71 Amazon Convergence Corporation 10/04/1999 | $23M
72 Amazon Accept.com 06/11/1999 | $101.7M
73 Amazon Alexa.com 05/23/1999 | $250M
74 Facebook | liveRail 07/02/2014 | $500M
75 Facebook | Ascenta 03/28/2014 | $20M
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Table C.4: The 87 companies that are acquired with a valuation on listed Crunchbase

Rank | acquire company | Acquired company | Announced date | Valuation
76 Facebook | Oculus 03/25/2014 $2B
77 Facebook | WhatsApp | 02/19/2014 $19B
78 Facebook | Branch 01/13/2014 $15M
79 Facebook | Onavo 10/14/2013 $120M
80 Facebook | Parse 04/25/2013 $85M
81 Facebook | Instagram | 04/09/2012 $1B
82 Facebook | Gowalla 12/02/2011 $3M
83 Facebook | Snaptu 03/20/2011 $70M
84 Facebook | NextStop 09/25/2010 $2.5M
85 Facebook | Chai Labs | 08/15/2010 $10M
86 Facebook | Hot potato | 07/28/2010 $10M
87 Facebook | FriendFeed | 08/10/2009 $50M
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