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Abstract

The use of a multivariate method based on a Bayesian neural network (NeuroBayes)
was explored for the first time to provide a selection of t-channel single top quark
events with the purpose to explore anomalous couplings in the Wtb vertex. The
training and optimisation of this selection has been performed with simulated signal
and background samples of Standard Model processes produced in proton-proton
collisions at both centre of mass energies of

√
s = 8 and 13 TeV provided by the

ATLAS experiment at the LHC. After the fine-tuning of the neural network’s pa-
rameters and a careful choice of kinematic training variables, a cut in a single output
discriminant, ONN , was applied to optimise the samples. For a fixed working signif-
icance of ∼ 80 at

√
s = 13 TeV, the neural network based method outperformed the

previous selections based on sequential optimised cuts, yielding a much larger final
value of 1.25 for the ratio of signal to background in comparison to the 0.60 from
before.

The Wtb vertex of in t-channel single top quark events, probed in both top quark
production and decay, is described by a Lagrangian which parametrises the cou-
plings present in the Standard Model, including the possibility of non Standard
Model anomalous couplings. Measurements of these couplings can be extracted
from calculations of the forward-backward asymmetries of the relevant angular dis-
tributions. To determine whether the new neural network based optimisation will
bias the future measurements of potential anomalous couplings, an unfolding proce-
dure to parton level was performed to simulated samples with anomalous couplings
for the angular distributions cos(θl) and cos(θN

l ) and their unfolded asymmetries
calculated. It was found that the analysis maintained sensitivity to the presence of
the anomalous couplings, as quantified by small statistical uncertainties in unfolded
asymmetries, allowing us to make a consistency check of the Standard Model with
these observables. However, the analysis exhibited deviations from the linearity of
the response to their measurement. The deviations should be corrected for or pre-
vented in future work prior to the application of the optimisation to real data in the
search for anomalous couplings. Prospects for that purpose are discussed.

http://webific.ific.uv.es/web/en
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Resumen

La selección de una muestra de eventos con producción de un solo quark top en el
canal t con la cual explorar en detalle la existencia de posibles acoplamientos anó-
maolos en el vértice Wtb se ha llevado a cabo por primera vez utilizando un método
multivariado basado en una red neuronal Bayesiana denominada NeuroBayes. El
entrenamiento y la optimización de dicha selección se ha realizado con muestras
simuladas de procesos de señal y fondos producidos según el Modelo Estándar en
colisiones protón-protón a

√
s = 8 y 13 TeV y proporcionadas por el experimento

ATLAS del LHC. Después del ajuste fino de los parámetros de funcionamiento de la
red neuronal, y una cuidadosa elección de las variables cinemáticas discriminatorias
de entrenamiento, se ha obtenido un único discriminante, ONN , como resultado del
entrenamiento de la red y de su aplicación a las muestras de señal y fondos. Más
tarde, se optimizó el corte en dicho discriminante para realizar una optimización
estadística de la selección. Como resultado de dicha optimización, para una signif-
icancia de trabajo fijada en ∼ 80 a 13 TeV, el nuevo método ha proporcionado una
fracción señal fondo de 1.25, substancialmente mejorada con respecto al valor de 0.6
obtenido en la optimización previa basada en cortes secuenciales.

En eventos con producción de un solo quark top en el canal t, el vértice Wtb puede
ser explorado tanto en la producción como en la desintegración del quark top. Di-
cho vértice está descrito por un Lagrangiano que parametriza los acoplamientos
presentes en el Modelo Estándar e incluye términos adicionales con acoplamien-
tos anómalos, más allá del Modelo Estándar. Las medidas de estos acoplamientos
se pueden extraer de los cálculos de las asimetrías forward-backward de las distribu-
ciones angulares relevantes. Para determinar si la nueva optimización basada en la
red neuronal sesgará las medidas futuras de posibles acoplamientos anómalos, se
realizó un procedimiento de Unfolding a nivel de partones utilizando las muestras
simuladas con acoplamientos anómalos para las distribuciones angulares cos(θl) y
cos(θN

l ) y sus asimetrías unfolded fueron calculadas. Se encontró que el análisis man-
tuvo la sensibilidad a la presencia de los acoplamientos anómalos, tal como se cuan-
tificó mediante pequeñas incertidumbres estadísticas en las asimetrías unfolded, lo
cual permitirá realizar un test de consistencia del Modelo Estándar utilizando di-
chos observables. Sin embargo, el análisis mostró desviaciones de linealidad en la
medida de asimetrías. Dichas desviaciones han sido cuantificadas y deberán ser cor-
regidas o bien evitadas en futuros análisis del vértice Wtb con datos reales a 13 TeV.
Para ello, las posibles lineas de evolución futuras son discutidas.
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Preface

In this preface I will identify which parts of the work detailed in this thesis are mine
and which parts were completed by others; those working in the same research
group at the IFIC (Universitat de Valencia).

With regards to the current status of physics in this field, this work is a novel attempt
to use a a multivariate method, in particular a Bayesian neural network, in the selec-
tion of a sample enriched in t-channel events that will be use to explore anomalous
couplings in the Wtb vertex. It is also the first evaluation of the bias (the deviations
from linearity) introduced by a kinematic selection based on a Bayesian neural net-
work instead of a cut-based selection, in the measurement of angular asymmetries
using unfolding methods.

The analysis was conducted using the distributed analysis computing infrastructure
of the ATLAS collaboration based on GRID, accessed from the user interfaces ma-
chines at the IFIC (the Instituto de Física Corpuscular, part of the Universitat de
Valencia) institute. Also, lxplus.cern.ch machines at CERN have been use to train
and apply the Bayessian NN.

Chapter 5 describes the experimental work involving the application and training of
the Bayesian neural network (NN). The simulated samples used are provided from
the Monte Carlo simulation (MC) at the LHC. These samples were converted into
the form of ROOT TTrees [1], the input form for the neural network, via a computer
program developed by the research group. The neural network itself is provided
from the NeuroBayes package. I was not involved with the writing of the NN pro-
gram nor of the user interface, which is written in the language C++. I did however
use and manipulate the user interface to select training variables, choose the NN
parameters, conduct overtraining tests, select the input samples and run the Teacher
and Expert parts of the program in order to train and apply the NN. With the help
of previous codes written by the research group, I wrote the computer programs
(the macros) used for post training analysis in Python. These include the programs
used to calculate the values for S/B, significance, background rejection, signal effi-
ciency, the performance plots and the ONN and event yields tables. These computer
programs incorporated the analysis module ROOT. The computer program used to
apply the cut in ONN to the samples and produce the stacked histograms of the kine-
matic variables was written by the research group but I made use of this program
and incorporated new elements into the code - such as the addition of the random
Gaussian variable used in the overtraining tests.

Chapter 6 describes the experimental work involving the study of the angular ob-
servables. This includes the unfolding procedure of the angular distributions to par-
ton level and the sensitivity and linearity tests. I wrote the computer program to im-
plement the unfolding procedure, from the ROOUNFOLD [2] package, from scratch
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in python. This includes the generation of all the graphs and calculations of asym-
metries. I also wrote the programs to conduct the linearity and sensitivity tests from
scratch in python.
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Chapter 1

Introduction

The Standard Model (SM) of particle physics, the current theory used to describe the
structure and classification of particles and forces in the universe, is a hugely suc-
cessful in explaining and predicting experimental results but nevertheless remains
incomplete with certain inexplicable caveats. One of such caveats is the observed
phenomenon of CP violation, a particular focus of this project. Searches for new
sources of CP violation are of interest because they offer a potential explanation for
the additional observed phenomenon of matter-antimatter asymmetry in the uni-
verse, a connected caveat of the SM. Top quark physics, in which the top quark is
the heaviest known fundamental particle, offers an interesting and potential probe
into such physics beyond the SM via analysis of the Wtb vertex in t-channel single
top quark production and decay (a specific production mode described in chapter
2) [3]. The presence of anomalous couplings in the Wtb vertex, non SM couplings
expressed explicitly in the Lagrangian of the vertex, would be indicative of and yield
information about physics beyond the SM [4]. In particular, a complex value for the
coupling gR may imply that top quark decay has a CP violating component [5]. We
are motivated to search for physics beyond the SM in order to further develop our
understanding of the universe and build a more complete picture.

The main aim of this research project is to provide a selection criterion that can be
applied to a data sample of proton-proton collisions produced by the LHC at centre
of mass energies of both 13 and 8 TeV, collected by the ATLAS detector in order to
enrich and optimise t-channel single top quark events. This is conducted via the
use of a multivariate analysis technique, namely a Bayesian neural network (NN),
and idealised MC simulated signal and event samples (detailed in chapter 5). The
NN based method will provide a single discriminant, ONN , that can be adjusted to
optimize theoretical and experimental systematic uncertainties. The new selection
should outperform the previous methods, i.e. cut based optimisations [6], and this
is judged by calculations of both the ratio of signal to background and the statistical
significance, which should be maximised.

Such a sample enhanced in signal (t-channel) events will subsequently allow for
the improved search of anomalous couplings in the Wtb vertex through measure-
ment of the top quark polarisation and W boson spin observables built from angu-
lar asymmetries amongst the top-quark decay products and the spectator forward
quark from the t-channel production [3]. Since the optimised sample will be used to
search for anomalous couplings, a further aim is to ensure the selection process does
not bias their detection. Good sensitivity and linearity of response to the presence of
anomalous detection is required. This will be assessed via comparisons of relevant
angular asymmetries (detailed in chapter 6).
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As a summary of the thesis, in chapters 2 and 3 the relevant theory is reviewed
and an overview of the LHC and ATLAS detector is provided. Chapter 4 provides a
description of the simulated samples and analysis tools used in the work. Chapters 5
and 6 contain the main experimental work conducted, of which, 5 details the training
and application of a Bayesian neural network at

√
s = 13 TeV and 6 details the study

of the angular observables at
√

s = 8 TeV. Finally, the conclusions and future work
are presented in chapter 7.
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Chapter 2

Theoretical Framework

2.1 The Standard Model

The Standard Model (SM) of Particle Physics is a "gauge-invariant" quantum field
theory that classifies the known elementary particles and three of the four funda-
mental forces (Electromagnetic, Strong and Weak) that govern their interactions [7],
[8]. It states that all matter is composed of fermions; particles with half integer
spin. Fermions and their corresponding antiparticles are further sub-categorized
into leptons and quarks [9]. Table 2.1 details the classification and properties of such
fermions and their division into three generations, yielding 6 different types of lep-
tons and quarks.

Matter Particles
Generation

Fermion 1 2 3 Spin Charge (units of e)
Lepton e− µ− τ− 1/2 -1

νe νµ ντ 1/2 0
Quark u c t 1/2 +2/3

d s b 1/2 -1/3

TABLE 2.1: Classification and properties of fermions: the "matter par-
ticles" [10] [9].

The interactions between these matter particles, the fundamental forces, are medi-
ated by the exchange of bosons; particles with integer spin. The properties of these
forces and their corresponding bosons are displayed in Table 2.2. Note that gauge
bosons are the bosons associated with a fundamental force and with spin 1 whilst
scalar bosons are those with spin 0.

Force Carriers
Boson Type Boson Force Spin Charge

Gauge Boson photon, γ Electromagnetic 1 0
gluon, g Strong 1 0
W±, Z Weak 1 ±1,0

? Gravity? ? ?
Scalar Boson Higgs, H 0 0

TABLE 2.2: The fundamental forces and Bosons [9],[10].
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Since its development in the 1970s, the SM has been largely successful in explaining
experimental results and predicting new physical phenomena, such as the discovery
of the Higgs Boson in 2012 by the ATLAS and CMS collaborations at the LHC [11],
[12], [13]. Nevertheless the SM remains incomplete [8]. As alluded to in Table 2.2,
the fundamental force of gravity is yet to be incorporated into the SM [14], but this
is just one of the many problems and unanswered questions faced by the SM:

• Gravity: The SM does not include the fundamental force of gravity nor explain
why it is weaker than the other forces. Gravity has not yet been "unified" nor
a consistent quantum theory of gravity defined [15].

• CP Violation: CP, a discrete symmetry given by the product of charge conju-
gation (C) and parity (P), is expected to be a conserved tranformation within
the SM when in reality it is observed to be violated for many weak interactions
[16]. Within the scope of this project, CP violation can be parametrised by the
presence of anomalous couplings in the Wtb vertices of top quark production
and decay [17].

• Matter-Antimatter asymmetry: The Big Bang should have created equal amounts
of matter and antimatter but there is an unexplained dominance of matter over
antimatter observed in the universe. CP violation offers one one explanation
for the asymmetry in baryonic matter, however, there are not enough current
observed sources of CP violation to account for the total matter-antimatter
asymmetry. New sources of CP violation are needed [18], [19].

• Neutrino Oscillations: the observed quantum-mechanical phenomenon of neu-
trino oscillations, in which neutrinos spontaneously change flavour in notice-
able oscillations , implies Neutrinos have mass, which is contrary to the SM
[20].

• Dark Matter: Dark matter is the name given to the undetectable matter in
the universe that causes galaxies to rotate at speeds not possible without their
gravitational presence. The full nature of dark matter is not yet known [8].

• 3 Generations of Particles: Matter exists in 3 generations, seemingly only dif-
ferentiated by mass. It is questioned as to whether there is a deeper significance
to this arrangement. [15]

The new theoretical physics needed to explain the gaps in the SM is referred to as
Physics Beyond the Standard Model (BSM) [14]. In this project, we are motivated to
investigate top quark events (specifically, anomalous couplings in the Wtb vertex) in
a hope to probe physics BSM and perhaps one day build a more complete picture of
the universe.

2.2 Top Quark Physics

Discovered in the Fermilab Tevatron Collider in 1995, the top quark is the heaviest
quark (even after the discovery of the Higgs boson mH =125-126 GeV [13],[12]),
with a measured mass of mtop = 172.44± 0.13 GeV [21], within the SM and hence
is of substantial interest and the focus of this research [22]. The top quark forms an
isospin doublet with the bottom quark (which is much lighter) and is also strongly
coupled to the Higgs boson [9],[23]. Measurements of top quark phenomena offer
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an interesting probe to understanding the electroweak sector [24] and physics BSM
[6].

2.2.1 Top Quark Production

At the LHC, top quarks are produced in proton-proton collisions via two main mech-
anisms: single top production and top quark pair production [25].

Top quark pair production (tt̄) involves the production of top-antitop pairs via the
strong interaction. Figure 2.1 illustrates the various sub-processes that produce top
quark pairs, of which the most dominant process at the LHC is gluon fusion: gg→ tt̄
[23].

FIGURE 2.1: Leading order1Feynman diagrams of the top quark pair
production modes [9]

Single top quark production involves the production of a single top quark via the
weak interaction. It occurs through three different production channels; illustrated
in Figure 2.2 and detailed below:

(a) t-channel: a light quark (q), and a bottom quark ( b) interact via an electroweak
scattering process, exchanging between them a virtual space-like W boson.
The light quark q is a light flavoured u or d̄ quark, whilst q

′
is a light flavoured

d or ū quark, named the "Spectator Quark" [6]. This channel has the largest
cross-section and is hence the dominant production mode of single top quarks
[9].

(b) s-channel: a top quark is produced by quark-antiquark annihilation, with the
formation of a virtual time-like W boson that then yields the t and b̄ quarks.
At the LHC, the colliding protons supply the initial quarks q, the valence con-
stituent quarks of the protons, and antiquarks q̄, the proton "sea quarks". The
need for interaction between valence and sea quarks results in a lower produc-
tion rate via this mode [27],[28], [9].

(c) W t-channel: also known as the W-associated channel, involves the produc-
tion of a top quark alongside a real W boson. Also has a low production rate
due to the presence of heavy final particles [9].

Overall, top quark pair production has a higher cross section than single top quark
production and is the dominant process in proton-proton collisions due to the fact
that the weak coupling is suppressed in comparison to the strong interaction [23]. In
this research, the signal events are the single top quarks produced via the t-channel

1A leading order Feynman diagram is the most simple Feynman diagram that can describe an
interaction. This comes from QCD perturbation theory [26]
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FIGURE 2.2: Leading order Feynman diagrams of the single top pro-
duction channels [9]

mode. The top quark pair production modes and other single top channels serve
as background events that we wish to reduce as much as possible and to separate
from signal events. The current theoretical predictions for t-channel single top quark
cross sections (in the combined case of both top and antitop production) calculated
for a top quark mass of 172.5 GeV at next-to-leading order (NLO) in QCD at 13 TeV
and 8 TeV are σt−chan,t+t̄ = 216.99+6.62

−4.64 pb and σt−chan,t+t̄ = 84.69+2.56
−4.64 pb respectively

[29], [30].

2.2.2 Top Quark Decay

The large mass of the top quark leads to a rapid decay via electroweak interactions,
with an average lifetime of just τt ∼ 10−25s [9]. This decay occurs before hadroni-
sation can takes place (a phenomenon unique to only the top quark), allowing the
opportunity to study a quasi free quark via its decay products [31], [9].The spin in-
formation of the top quark is accessed from its decay products [3]. The top quark
decays weakly and almost exclusively (100% branching ratio for t→Wb as opposed
to decay to other quarks) to a W boson and b quark. This decay vertex is referred
to as the Wtb vertex [31]. The W boson produced then decays to either hadronically
(W → qq̄) or leptonically (W → lν), with a relative branching ratio of: BR(W→qq̄)

BR(W→lν) = 6
3

[6]. In this research, only the leptonic decay, where the lepton is specifically an elec-
tron as opposed to other leptons, is considered. Figure 2.3 depicts the Feynman
diagram of the whole decay and Equation 2.1 describes the whole single top quark
t-channel process of production and decay.

pp→ qb→ q
′
+ t(→W(→ lν) + b) (2.1)

The final state topology of top quark decay is characterised by the b-jet from the frag-
mentation and hadronisation of the b quark from top decay, a forward light jet from
the fragmentation and hadronisation of the spectator light quark q

′
, a charged lep-

ton from the leptonic decay of the W boson and the missing transverse energy (Emiss
T )

2Note that in general, the charges/signs of the particles are omitted from the diagrams and equa-
tions for simplicity. This is because in single top quark t-channel production, the single top quark
produced can be either a top or anti-top quark and depending on which, the reactants and decay prod-
ucts will vary. For example, in top decay, t → W+(→ l+ν) + b and t̄ → W−(→ l− ν̄) + b̄ are both
described within equation 2.1.
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FIGURE 2.3: Leading order Feynman diagram of top quark produc-
tion and decay via Wtb vertex, including leptonic W boson decay

mode 2[32].

that accounts for the escaping neutrino. This is the experimental signature that al-
lows for detection of top quarks produced via the t-channel production mechanism
at the LHC [23].

2.3 Polarisation Observables and Asymmetries in the Wtb
Vertex

This section follows the theoretical framework adopted in reference [3].

2.3.1 Polarisation and Spin Observables

In particle physics, polarisation refers to the extent to which a particle’s spin is
aligned along a particular direction [33]. The t-channel single top quarks are pro-
duced with a strong degree of polarisation along the direction of the momentum of
the light spectator quark, whose direction then defines the top quark spin axis [34].
The real W-boson produced from top quark decay is also polarised into one of three
helicity states: right, left or zero helicity [9]. Each helicity state has a corresponding
partial decay width (ΓL, Γ0, ΓR) in which the total decay width is defined as their
summation: Γ(t → Wb) = ΓL + Γ0 + ΓR [35]. The degree of polarisation of both
the top quark and W boson can be extracted from the angular distributions of their
respective decay products. [5].

In the rest frame of the top quark, the general form for the angular distribution of
any of its decay products X (= W, l, ν, b,) is given by:

1
Γ

dΓ
d(cosθX)

=
1
2
(1 + αXPcosθX) (2.2)

where Γ is the total decay width of the top quark, θX is the angle between the top
quark spin axis and the direction of motion of X, αX is the spin analysing power
associated with X and P is the degree of polarisation of the top quark [5], [25]. Note
that normally cos(θl), the angular observable of the charged lepton (l), is specifically
used because it is the most sensitive decay product to top quark polarisation [36],
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[6]. The current SM theoretical predictions, calculated at QCD NLO, for the top
(anti-top) quark polarisation and lepton spin analysing power are Pz = 0.91(−0.86)
[37] and αl± = ±0.998 [38] respectively.

From the spin density matrix for polarised top quarks (described in reference [35])
the W boson helicity components (left, right, zero) can be parametrised by the ex-
pectation values of the following 6 independent spin observables: 〈S1,2,3〉, 〈A1,2〉
and 〈T0〉. This subsequently yields the following equation for the full differential
decay width of the W boson:

1
Γ

dΓ
d(cos θ∗l )dφ∗l

=
3

8π

{3
2
+

1√
6
〈T0〉(3 cos2 θ∗l − 1) + 〈S3〉 cos θ∗l

+ 〈S1〉 cos φ∗l sin θ∗l + 〈S2〉 sin φ∗l sin θ∗l

− 〈A1〉 cos φ∗l sin 2θ∗l − 〈A2〉 sin φ∗l sin 2θ∗l

} (2.3)

Here, θ∗l and φ∗l are the polar and azimuthal angles of the charged lepton momentum
in the W boson rest frame [6], [25]. Note that the "∗" superscript refers to measure-
ments in the W boson rest frame.

Figure 2.4 summarises the entire coordinate system and angles that define the angu-
lar observables. Here, the z axis is defined by the momentum ~q of the W boson in
the rest frame of the top quark. The x-z plane is defined by the the top quark spin
direction~st along the direction of the spectator quark momentum in the top quark
rest frame. θ∗l and φ∗l are the polar and azimuthal angles of the charged lepton’s mo-
mentum ~pl in the W boson rest frame. The other axes, ~N (-y) and ~T (x) are defined
by the following equations: ~N = ~st ×~q, ~T = ~q× ~N. The azimuthal angles φ∗N and
φ∗N are those of the charged lepton in the W boson rest frame, defined relative to the
~N and ~T axes (φ∗T = φ∗l ). The final angles θN

l and θT
l , not shown in the figure, are the

angles between ~pl and the axes ~N and ~T respectively [25].

It is also possible to determine the values of the top quark polarisation and the W
boson spin observables via calculation of the appropriate asymmetry. These asym-
metries are derived by integrating the angular distributions in equations 2.2 and
2.3 [25]. Most of the polarisation and spin observables are connected to a forward-
backward asymmetry, defined by the following equation for a particular angular
observable cos(θ):

AFB =
N(cos(θ) > 0)− N(cos(θ) < 0)
N(cos(θ) > 0) + N(cos(θ) < 0)

(2.4)

Note that N is the number of events [25].

From the wide set of observables analysed in reference [3], due to time constraints,
this research focuses solely on two angular observables, cosθl and cosθN

l . To sum-
marise, θl is the relative angle between the top quark spin axis and the lepton mo-
mentum in top quark rest frame, and θN

l is the relative angle between the lepton
momentum in rest frame of W boson and and the axis ~N. These form the focus of
the analysis and the angular observables used in the unfolding procedure described
in chapter 6. They were chosen because, firstly, AN

FB, the forward-backward asym-
metry in the angular distribution cos(θN

l ) is very sensitive to the coupling Im(gR), in
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FIGURE 2.4: The coordinate system and angles used to define the W
boson angular distributions and spin observables [25].

which a non-zero complex value for this coupling would imply that the top-quark
decay has a CP-violating component (see next section for more details). Secondly,
AL

FB, the forward-backward asymmetry in the angular distribution cos(θl) is used to
measure the top-quark polarization. The relationships between the associated asym-
metries of these angles and the polarisation/spin observables are detailed in Table
2.3.

Angular Observable Asymmetry Polarisation/Spin Observable SM Value
cos(θl) Al

FB
1
2 αl P 0.45

cos(θN
l ) AN

FB − 3
4 〈S2〉 0

TABLE 2.3: The chosen angular observables, their associated asym-
metries and their relation to the polarisation/spin observables. The
theoretical expected value for the SM is also provided, calculated via
QCD NLO and NNLO (next to next to leading order) predictions [25].

Columns 2, 3 and 4 are equal to each other.

2.3.2 Anomalous Couplings in the Wtb Vertex

The Wtb vertex refers to the Feynman diagram vertex involving the W boson and
top and bottom quarks, found in both t-channel single top quark production, Fig 2.2
(a), and top quark decay, Figure 2.3. The lagrangian for the Wtb vertex, written in
effective operator formalism, is:

LWtb = −
g√
2

b̄γµ(VLPL + VRPR)tW−µ −
g√
2

b̄
iσµνqν

mW
(gLPL + gRPR)tW−µ + h.c. (2.5)
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where g is the weak coupling constant, mW and qv are the mass and four-momentum
of the W boson, PL,R = (1∓ γ5)/2, γ is the Dirac matrix, σµν = i[γµ, γν]/2 and h.c.
refers to the higher order corrections [3], [9].

The terms gL,R and VL,R are the left and right handed vector and tensor couplings re-
spectively - the so-called anomalous couplings [9], [39]. In the SM, VR = gL = gR = 0
and VL = Vtb ' 1, where Vtb is a quark mixing element in the Cabibbo–Kobayashi
–Maskawa (CKM) matrix [39], [40]. Measured deviations from these expected values
would indicate the presence of physics BSM. Furthermore, complex values for these
couplings, specifically a non 0 value for Im gR, may imply CP violation [9], [39]. In
this research, the real and imaginary values of gL,R are the focus of the analysis.

Considering the whole analysis chain, values for the couplings can be determined
via measurements of the asymmetries (and hence polarisation and W boson spin ob-
servables) from real LHC data using the TOPFIT [41] code, which contains the the-
oretical relationships between the couplings and the asymmetries. Note that these
relationships are not detailed here or calculated within the scope of this thesis, but
calculations of the asymmetries for the two chosen angular observables are com-
pleted in chapter 6.

With regards to the current status of ongoing research, the ATLAS and CMS collab-
orations at the LHC have set limits on the values of such couplings. Focusing on the
anomalous coupling gR, these limits at a 95% confidence interval for LHC Run I (see
chapter 3) are reviewed as follows:

• From reference [3], limits for Im(gR) ∈ [−0.18, 0.06] are set by ATLAS by
extraction from the measured Al

FB and AN
FB asymmetries from single top t-

channel data at
√

s = 8 TeV, whilst assuming VL = 1 and all other couplings
gL = VR = Re(gR) = 0.

• From reference [42], limits for the coupling Re(gR) ∈ [−0.02, 0.06], [0.74, 0.78]
are set by ATLAS via measurement of the W boson helicity components from
single lepton and dilepton tt̄ events at

√
s = 8 TeV.

• From reference [43], limits for gR ∈ [−0.049, 0.048] are set by CMS at energies
of
√

s = 7 and 8 TeV.

2.4 Statistics of Data and Data Selection Optimisation

Bayes theorem is an approach to statistical analysis that describes the probability of
an event occurring based on prior knowledge. The paradigm is expressed mathe-
matically, in its most simple form, according to the following equation:

P(A|B) = P(B|A)P(A)

P(B)
(2.6)

where P(A|B) is the conditional probability of event A occurring given that B has
already occurred, similarly for P(B|A), and P(A) and P(B) are the independent prob-
abilities of events A and B respectively occurring in isolation [44]. Bayesian statis-
tics are important in high energy physics, and generally, because they allow the
exclusion of unphysical outcomes by the incorporation of prior knowledge. This
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approach is implicated in this project via the use of a Bayesian neural network as a
multivariate analysis to optimise data selection - see section 5.

Throughout this project, two principal indicators are used to assess the extent of
data optimisation; the ratio of signal to background, S/B, and Significance, where S
and B refer to the number of signal and background events respectively. S/B offers
a simple way to quantify the extent to which the signal events have been prioritised
over background events. However, it says nothing about the total number of events,
N = S + B, that are used. The statistical significance of a data set is defined by the
following equation:

Signi f icance =
S√

S + B
(2.7)

The relationship can be understood as the size of the signal relative to 1 standard de-
viation (

√
S + B). Significance scales with the amount of statistics used. Cutting the

data too tightly to maximise S/B will lead to a decrease in significance [45]. There-
fore, significance serves as an important parameter to be used in combination with
S/B in order to create an optimisation that seeks to maximise S/B but not so much
that it results in a small final sample.
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Chapter 3

The LHC and the ATLAS
Experiment

3.1 CERN and the LHC

Established in 1954, the European Organisation for Nuclear Research, CERN, is the
research organisation that now boasts the largest laboratory and experiments in par-
ticle physics in the world. Situated in Geneva and stretching across the French-Swiss
border, CERN is an international collaboration of science, with 22 member states and
over 10,000 scientists [46]. At CERN, physicists seek to probe at the fundamental
structure of the universe by investigating the interactions between subatomic parti-
cles. This is done through use of large purpose-built particle accelerators and detec-
tors, which generate millions of gigabytes of data to be analysed every year [46]. An
overview plan of the particle accelerators found at CERN is illustrated in Figure 3.1.

FIGURE 3.1: CERN accelerator complex [47]
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The Large Hadron Collider (LHC) was started up in 2008 and is the largest and most
powerful of the particle accelerators at CERN and the world to date [48]. It is an
underground circular synchotron with a circumference of 27 km, that accelerates
high energy hadron beams (primarily protons) to near light speed before making
them collide at detector sites [48]. The 2 beams are guided around the accelerator
separately in opposite directions through use of strong magnetic fields supplied by
superconducting electromagnets located in the ring. Dipoles curve the trajectory of
the protons, quadrupoles focus the beams near the colliding points and the RF cav-
ities (Radio Frecuency) accelerate the protons up to the nominal energy and restore
the energy losses [49], [50]. The proton-proton collisions at the LHC, pp, involve
bunches of up to 1011 protons that collide 40 million times per second at various
centre of mass energies

√
s [51].

Along the circumference of the LHC, 4 different interaction points are fixed in which
different detectors are placed. Figure 3.1 highlights these 4 detectors; ATLAS, CMS,
ALICE and LHCb. ATLAS and CMS are the largest of these purpose built experi-
ments - ATLAS being the detector and collaboration that this research is based in.
[31].

3.1.1 Accelerator Performance and Parameters

There are several features and parameters essential for performance of particle ac-
celerators such as the LHC. The energy provided by the colliding beams of a particle
accelerator is indicated by the Centre of Mass Energy

√
s [52]. In general, colliding

beams (as opposed to a beam striking a fixed target) are essential to reach the high√
s values needed for particle physics [53]. The LHC has operated at different centre

of mass energies and collision rates, detailed in Table 3.1 Here, the increase in these
energies throughout the years is seen as we progress from Run 1 (Data collected
from 2010-2012) to Run 2 (2015 onwards) [54].

In particle physics, a cross section, σ is defined as the probability of a reaction oc-
curring. Events with low probabilities have small cross sections and are generally
of more interest. An important parameter for a particle accelerator operation, linked
to cross section, is the Luminosity; a quantity that indicates the number of collisions
within an accelerator - see equation 3.1. Here we observe that the number of events
per second, R, is proportional to the cross section of an event, with the instantaneous
luminosity, L, acting as the proportionality constant [53] [6] [9].

R = Lσ (3.1)

For two beams colliding, (collider) instantaneous luminosity is defined more explic-
itly as:

L = f · N1N2Nb

4πσxσy
· F(θc, σx, σz) (3.2)

where N1 and N2 are the number of particles in each beam’s bunch (a bunch being a
packet of protons), Nb is the number of bunches, f is the bunch revolution frequency,
σx and σy are the RMS transverse beam sizes in horizontal and vertical directions,
and F is the factor that accounts for luminosity reduction due to the crossing angle
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θc [55],[53], [56], [6], [9]. Luminosity is hence a function of the beam parameters of
an accelerator, such as the LHC, and is subsequently the most important quantity in
collider physics besides energy [55]. Additionally, Lint, Total Integrated Luminosity,
is the integral of L with respect to time, over an entire year. It is measured in units
of inverse femtobarns fb−1, where 1 fb−1 corresponds to 1012 collisions and 1 barn,
b, is 10−28m2 [57].

Table 3.1 details the values of such parameters for the LHC at different years. Figure
3.2 illustrates the evolution of ATLAS delivered luminosity and energy over time.

Run: Run I Run II
Year: Design 2010 2011 2012 2015 2016

Beam Energy (TeV) 7.0 3.5 3.5 4.0 6.5 6.5√
s (TeV) 14 7 7 8 13 13

Protons/Bunch (1011) 1.15 1.0 1.3 1.5 1.1 1.1
Bunch Spacing (ns) 25 150 50 50 25 25

Max Peak L (1034cm−2s−1) 1.0 0.021 0.35 0.77 0.51 1.01
Lint (fb−1) - 0.048 5.5 22.8 4.2 38.5

TABLE 3.1: Different performance parameters of the LHC at different
years. [58], [59]. Note that the centre of mass energy

√
s is twice that

of the beam energy because there are 2 beams colliding.

FIGURE 3.2: Delivered luminosity to ATLAS versus time for 2011-
2018 during stable beams and for high energy p− p collisions [60]

3.2 The ATLAS Detector

The ATLAS (A Toroidal LHC ApparatuS) detector is a multipurpose particle detec-
tor (and experiment) with cylindrical geometry and forward-backward symmetry
with respect to the interaction point [51]. As illustrated in Figure 3.3, the ATLAS de-
tector is comprised of 4 major components; the Inner Detector, the Calorimeter, the
Muon Spectrometer and the Magnet System. These operate alongside the Trigger
and Data Acquisition System and the Computing System [61].
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FIGURE 3.3: The ATLAS detector[61]

The coordinate system of ATLAS is defined by setting the origin at the centre of the
detector at the interaction point. It is a right-handed coordinate system with the z
axis is given by the beam axis and the x − y plane, the transverse plane, running
perpendicular to the beam line [6]. Note that the momenta of particles measured in
the transverse frame are referred to as transverse momenta, pT [62]. The azimuthal
angle φ is measured from the x axis about the beam whilst the polar angle θ is mea-
sured from the z axis, as depicted in Figure 3.4 [62]. From the polar angle, the spatial
coordinate Pseudorapidity, η, is defined:

η = −ln
[
tan
( θ

2

)]
. (3.3)

The half of the detector with positive z-values is named Side A, the negative half
Side C [62].

An axial magnetic field of 2T surrounds the Inner Detector to provide charged par-
ticle "tracking" in the pseudorapidity range of |η| < 2.5 [3]. The combination of a
high-resolution silicon pixel detector, a silicon microstrip tracker, and a straw-tube
transition radiation tracker allow the measurement of particle momenta and ver-
tices and the identification of particle type [51]. The energies of these particles are
measured by the calorimeters. Lead-Liquid Argon (LAr) sampling calorimeters pro-
vide electromagnetic energy measurements in the range |η| < 3.2 whilst hadronic
energy measurements in the range |η| < 1.7 are provided by steel/scintillator-tile
calorimeters [51]. The total coverage is extended to |η| = 4.9 by the presence of LAr
calorimeters in the forward region that measure both electromagnetic and hadronic
energies [51], [3]. The outermost part of the ATLAS detector, the Muon Spectrometer,
surrounds the calorimeter and measures and identifies the muons that pass through
the inner regions (Inner Detector and Calorimeter) undetected [61].

Due to the large collision rate at the ATLAS design luminosity of 1034 cm−2s−1

(roughly 109 collisions per second, corresponding to a data volume of more than
60 million megabytes per second [61]) a three-level Trigger System is employed to
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FIGURE 3.4: The coordi-
nate system of the ATLAS

detector

FIGURE 3.5:
The relationship
between θ and
pseudorapidity

[63]

reduce the number of events selected and stored. Only events with certain distin-
guishing physical characteristics are chosen, reducing the stored event rate to a more
manageable 400 Hz [3].

Finally, the Grid is the name given to the computing system employed at ATLAS.
It consists of a system of 4 "tiers", in which each tier is built from several computer
centres and provides a particular set of services [64].
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Chapter 4

Simulated Samples and Event
Reconstruction

4.1 Monte Carlo Simulation

In this research, the samples used to create the optimised selection criteria are the
theoretical simulated event samples of signal and background events of proton-
proton collisions from Monte Carlo (MC). The MC samples are produced by accurate
models based on the predictions of event characteristics from theory. Within the MC
data sets, the identities of events (i.e. signal or background) are known and thus an
effective optimisation can be created that can then be applied to real LHC data in the
future (for which the identities of measured events will be unknown).

There are 3 steps in MC simulation: Generation - the production of the event from
the matrix element of the initial nucleon-nucleon state using an event generator
interfaced to a parton shower and hadronisation model; Detector Simulation - the
modelling of interaction and propagation of particles through the detector; and Dig-
itization - the conversion of outputs to raw data objects [9] [65]. After this, the same
ATLAS trigger and reconstruction algorithms that would occur for real LHC data
can be applied to the output, resulting in a data sample of total integrated luminos-
ity Lint=66.1 pb−1 (20.2 fb−1) at

√
s = 13 TeV (8 TeV) [9], [3], [6].

The simulation of the ATLAS detector itself is based on the GEANT4 framework [66],
[3]. The signal events, t-channel single top quark events, are simulated via the MC
Next to Leading Order (NLO) POWHEG-BOX generator [67] and the MC PYTHIA8
generator [68]. The background processes, detailed and classified in Table 4.1 are
those that will imitate the experimental signature of the signal events [6]. These
must be properly dealt with (i.e. eliminated) in order to make meaningful analy-
ses. The backgrounds of Wt-channel, s-channel and tt̄ are also simulated via the MC
NLO POWERHEG-BOX and PYTHIA8 generators [3]. The MC Leading Order (LO)
SHERPA generator [69] is used to generate the backgrounds from W and Z boson
production in association with jets and diboson processes (WW,WZ and ZZ). Multi-
jet background production is instead generated using a data driven matrix method
(Not MC) [65].

The above deals with MC data for the SM, that is to say, MC samples without anoma-
lous couplings. Such samples are used for the training of the NN and creation of
optimised selection criteria. The second half of the analysis, an investigation into
the angular observables and unfolding to confirm the potential presence of new
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Process Group Description Generator
Signal
t-channel t-channel single top quark events. NLO

POWERHEG-
BOX, PYTHIA8

Background
Wt-channel
and s-channel

Production of single top quarks via
other modes, including strong and
electroweak interactions.

NLO
POWERHEG-
BOX, PYTHIA8

tt̄ Production of top quarks via top
quark pair production (tt̄)

NLO
POWERHEG-
BOX, PYTHIA8

W+jets Production of real W bosons LO SHERPA

Z+jets Production of single Z bosons or
Dibosons via electroweak interac-
tion

LO SHERPA

Multijet QCD Multijet production in which
one of the jets will be a lepton, lead-
ing to the mismeasurement of the
missing transverse energy Emiss

T

Data Driven
Matrix
Method (Non
MC)

TABLE 4.1: Signal and background processes for t-channel single top
quark events generated by MC generators [6]

physics will not bias the optimisation chosen, deals with MC events with anoma-
lous couplings. MC events with anomalous couplings (in both production and decay
vertices) are generated via the LO PROTOS generator [3]. These samples (with the
exception of data ID 117788) are non SM samples. The details and coupling config-
uration of such simulated samples used in this analysis (specifically Chapter 6) are
shown in Table 4.2. The coupling constants come from the Wtb vertex lagrangian
equation, Equation 2.5, and a range of different coupling configurations have been
used so that general trends can be reliably explored. The emphasis of the configura-
tion of the couplings is placed on a complex gR as this is the coupling linked to CP
violation. Note that only signal t-channel events are used, not backgrounds. This is
because in this part of the analysis, the aim was only to evaluate the sensitivity and
bias to anomalous couplings, not to evaluate the optimisation via S/B etc.

Two centre of mass energies have been used throughout this research:
√

s = 13 TeV
(Run II, 2015 onwards) and

√
s = 8 TeV (Run I, 2010-2012). The NN was initially

set-up, its parameters fine-tuned and trained using MC data without anomalous
couplings at 13 TeV. However, since the production of the 13 TeV MC samples with
anomalous couplings through the whole official chain of the MC production of the
ATLAS collaboration was far beyond the time-line of this research, the 8 TeV MC
simulated samples have been considered instead. The NN was retrained using MC
samples without anomalous couplings at 8 TeV, maintaining the NN set up param-
eters obtained from the initial analysis at 13 TeV, and then used to optimise MC
samples at 8 TeV with anomalous couplings.
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Sample Dataset ID Couplings
Re(VL) Im(gR) Re(gR) Re(VR)

t-channel 117788 1.0 0.0 0.0 0.0
t-channel 117789 0.958 0.23 0.0 0.0
t-channel 117790 0.958 -0.23 0.0 0.0
t-channel 117791 0.993 0.094 0.0 0.0
t-channel 117792 0.993 -0.094 0.0 0.0
t-channel 110509 0.982 0.144 0.0 0.0
t-channel 110510 0.992 0.043 0.0 0.0
t-channel 110511 0.982 0.144 0.0 0.0
t-channel 110512 0.992 -0.043 0.0 0.0
t-channel 110502 1.165 0.0 0.18 0.0
t-channel 110503 1.065 0.0 0.07 0.0
t-channel 110504 0.925 0.0 -0.075 0.0
t-channel 110505 0.867 0.0 -0.131 0.0
t-channel 110505 0.867 0.0 -0.131 0.0
t-channel 110506 0.726 0.0 -0.26 0.0

TABLE 4.2: The signal MC samples with anomalous couplings (with
the exception of ID 117788 which acts as the SM file) generated with

the PROTOS generator.

4.2 The Baseline Selection

As discussed previously, the first "cut" employed with real LHC data is a 3-levelled
trigger. For MC events, an equivalent software based trigger is applied, the first of
which is a single-muon or single electron trigger [9]. In this research, only W-boson
decay modes to an electron (instead of a muon or taon) are considered - the electron
channel of top quark decay. Hence only the single-electron trigger is needed, which
consists of a requirement on transverse energy of ET > 60 GeV or > 24 GeV and the
satisfaction of isolation criteria [70], [71].

After real events at ATLAS filter through the Trigger system and are recorded, this
raw data is "reconstructed" via algorithms into meaningful objects; i.e. the signal and
background objects [9]. Even after this, not all the events recorded are of physical
interest for a certain analysis, and so a series of baseline cuts are applied to the data -
the Preselection Region [9]. The same baseline cuts are applied to the MC simulated
samples and take place before any further, more specific cuts can be applied later on.
The preselection cuts involve a combination of even quality cuts and cuts to reduce
the QCD multijet background. These are summarised in table 4.3 .

4.2.1 ml,b requirement

As well as the Preselection region, a further cut is applied to both the 8 and 13 TeV
MC samples before the main analysis begins. A requirement in ml,b, the invariant
mass of the lepton (l) and b-jet (b), is imposed so that the so called "off-shell" re-
gion of top-quark decay beyond the kinematic limit of m2

l,b = m2
l + m2

w, where mw is
the mass of the w-boson, is excluded [71]. This off-shell region was not well mod-
elled within the MC generator since such effects were not included in the underlying
matrix-element calculation and hence should be excluded [6], [71]. Additionally, the
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Preselection Cut Justification
Single lepton trigger Software based trigger applied to select only W-

boson decay mode to lepton (electron)
1 b-jet Reconstruction requirement for the t-channel

experimental signature
2 jets with pT > 30 GeV and |η| <
3.5

Reconstruction requirement for the t-channel
experimental signature

Exactly 1 lepton with |η| < 2.47 and
pT(l) > 30 GeV

Reconstruction requirement for the t-channel
experimental signature

Primary vertex ≥ 5 tracks Even quality cut.
No jets badly reconstructed Even quality cut.
Emiss

T > 30 GeV Reduce QCD multijet background events
which are characterised by low Emiss

T
mT(W) > 50 GeV Reduce QCD multijet background events

which are characterised by low mT(W)

pT(l) > 40( |∆φ(j1,l)−1|
π−1 ) GeV Reduce QCD multijet background events.

TABLE 4.3: The preselection cuts employed. Note that mT(W) is the
transverse mass of the W boson, pT(l) is the transverse momentum of
the charged lepton (l), ∆φ(j1, l) is the azimuthal angle between l and

the jet with the highest pT (j1) [70], [6].

uppercut in ml,b was carefully chosen to avoid introducing potential biases in mea-
suring the angular distribution cos(θ∗l ), which has a clear dependence on ml,b [6]:

m2
l,b =

m2
top + m2

w

2
[1− cos(θ∗l )] (4.1)

where θ∗l is the angle between the charged-lepton momentum in the W-boson rest
frame and the W-boson momentum in the top-quark rest frame, as described in
Chapter 2. This angle is related to the W-boson helicity fractions FR, FL, F0.

For the 13 and 8 TeV samples, cuts of ml,b < 140 GeV and ml,b < 160 GeV were
employed respectively, as justified in the paper [71]. In figure 4.1, it is observed
that the cuts chosen do not bias the angular distributions as they essentially only
exclude background events, not signal (and hence also serve as an effective variable
to maximise S/B).

4.2.2 Object Reconstruction

Object or event reconstruction involves the conversion of raw data from the LHC
into objects with physical meaning. The same reconstruction procedures are ap-
plied to the MC samples. The objects that are reconstructed in this analysis are the
electrons, the jets (which arise from the hadronisation of the quarks produced in
t-channel production and decay) and the Emiss

T (which is indicative of the neutrino
produced from W boson decay) [6]. These are the experimental signature character-
istic of signal t-channel events.

Electrons candidates are reconstructed from clusters of energy deposited in the elec-
tromagnetic calorimeter with a well measured track, fulfilling strict requirements to
momenta and pseudorapidity [3]. Jets are reconstructed from topological clusters
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FIGURE 4.1: 2D scatter plots of cos(θ∗l ) against ml,b for events at 13
TeV (above) and 8 TeV (Below). Signal events are depicted in red and
have been scaled by a factor of 0.1 for ease of viewing, background
events are shown in blue with scaling of 0.05. The dotted line denotes

the uppercut in ml,b.

using an ANTI-kt algorithm, a successive recombination algorithm which takes a ra-
dius parameter of 0.4 and inverts the parton shower containing the constituents of
a jet according to some distance criteria weighted by relative transverse momenta
[72], [6]. In the case of b-jets, a b-tagging algorithm, which also improves rejection
of c-jets, based on neural networks or boosted decision trees is used. Emiss

T is re-
constructed from the vector sum of energy in the transverse plane deposited in the
calorimeter [3].
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Chapter 5

Training and Application of a
Bayesian Neural Network

The following chapter deals with the selection of a sample enriched in t-channel
single top quark events produced at

√
s = 13 TeV using a Bayesian Neural Network

(NN) as a multivariate (MVA) data analysis. MC simulated samples at
√

s = 13 TeV
without anomalous couplings have been used.

The errors quoted hereafter are statistical errors that account for the MC limited
statistics and their subsequent appropriate propagations. Systematic uncertainties
will not be studied within the time scope of this master thesis, especially since real
data is not used, although their estimation will be necessary in further optimizations
of the whole analysis chain.

5.1 A Bayesian Neural Network

5.1.1 Machine Learning in High Energy Physics

Machine learning, the field of computer science that gives computers the ability
to learn from data without being explicitly programmed [73], is used extensively
within research domains such as high energy physics where there exists copious
amounts of data and a need for efficient yet innovative analyses. With machine
learning techniques, such as neural networks and decision trees, accurate models
and predictions can be built without the need for the a priori knowledge or pro-
gramming of the underlying causal links. The computer instead "learns" solely from
the data and its correlations and develops its own conclusion/relationship via auto-
mated algorithms [74].

Artificial Neural Networks (NN) offer a multivariate approach inspired by the ar-
chitecture of biological neural networks, such as the human brain, and are of the
most commonly used and powerful machine learning methods. Thet consist of an
interconnected network of nodes ("neurons"), individual processing units that re-
ceive information and send it forward to other nodes provided a threshold activa-
tion function is surpassed. The the term "feedforward" refers to a type of NN, such as
the package used in this project, in which the connections between the nodes do not
form a cycle but are instead arranged into several layers: input, hidden and output
[75] [76] [74]. The input layer receives the input data and passes it onto the hidden
layers, of which there may be varying numbers, before it finally reaches the output
layer where the final response of the network is given. The connections between
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each node are assigned a weight that, in combination with the threshold activations
of each node, determine whether that node will transmit ("fire") information for-
ward. These network parameters are typically determined during the training stage
of an analysis, in which the network is exposed to the full data set and "learns" [74].
After training is complete and the network weights are fixed, the NN can be used as
a predictive model or to identify events in new data.

5.1.2 NeuroBayes

NeuroBayes [77], the NN package used in this project, combines a neural network
approach with Bayesian statistics into the activation functions of the nodes in order
to incorporate a priori knowledge into the training to prevent unphysical predictions
[78]. The NeuroBayes NN contains between 10-100 nodes, depending on the number
of input training variables and hidden layers specified in the interface. In this work,
an interface written in C++ has been used. The input samples are incorporated on
this interface in the form of ROOT Trees [1].

The package is divided into 2 parts: NeuroBayesTeacher and NeuroBayesExpert.
The Teacher uses the training data set (i.e. the idealised simulated MC data set) and
its chosen training variables and trains the network [78], exporting the final state of
network and fixed connection weights to a saved file that then forms the input to the
Expert. Note that the number of input nodes used in the NN set up is equal to the
number of training variables + 1 due to the presence of a single bias node, an extra
node that always produces a constant value and aids in the network’s learning of
patterns [76].

The Expert maintains the network set-up from training and can then be used on
other data. Within our analysis interface, the Expert generates a single output NN
value (ONN) for each event within this data set. This single discriminant output,
which takes a value from 0-1, is essentially representative of all the input training
variables and is easily manipulated. A single cut in ONN can be applied to optimise
the sample selection as an alternative to applying individual cuts in each kinematic
variable. This is the fundamental advantage of the MVA NN approach. Figure 5.1
depicts a schematic of the NeuroBayes NN architecture, illustrating the progression
of layers from input to output.

Note that the training variables are the relevant kinematic variables used as the input
to the NN. The choice of such an initial set of variables for training is done regarding
criteria of individual signal discrimination power against background of these vari-
ables with the additional requirement that they should not show a clear correlation
with the observables used in the subsequent measurements that are intended to be
performed with the selected sample via NN.

5.2 Previous Work

Before discussing the current research at hand, the previous work conducted for
optimisation of selection criteria of t-channel single top quark events, namely "cut
based" optimisation, is summarised so that comparisons can be made later on.
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FIGURE 5.1: The NeuroBayes NN architecture [77].

5.2.1 Cut Based Optimisation at 13 TeV

The cut based optimisation, detailed in reference [6], involves a set of selection cuts
in various kinematic variables, carefully chosen with the criterion of not being built
with kinematic properties of one or part of the decay products of the top quark, that
could in principle bias the sensitivity to anomalous couplings subsequently mea-
sured from asymmetries in angular observables proposed in chapter 2. These vari-
ables have been proven not to show correlations with the angular observables we
are interested in measuring. These kinematic variables selected for these cuts (after
application of preselection and ml,b cut) include: mtop, mj,top, ∆ηJ,top and HT (defined
in Table 5.2). Note that ∆ηJ,top is a linear combination ∆ηj,top = |ηtop − ηj| of the
variables ηtop and ηj described in table 5.2.

The final results of this optimisation are shown in Table 5.1, where the overall per-
formance can be judged by the total value for S/B and Significance, as justified in
the theory section. Note that event yields refer to the calculated prediction of the
number of events for a certain integrated luminosity. The column values are the
event yields (with computed statistical error) selected for a particular cut. Note that
the event yields are the predictions for the number of events normalised to an in-
tegrated luminosity, after a particular selection. This is not the same as the total
number of events produced by MC.

5.2.2 Starting Point for NN Training

The current analysis follows on from this previous optimisation by beginning by us-
ing the same 5 kinematic variables as the training variables for the NN, detailed in
Table 5.2. This is done for 2 reasons. Firstly, the variables were chosen using the-
oretical knowledge so that they may not be sensitive or connected to the presence
of anomalous couplings. I.e. it is desired that the variables are not dependent on
the angular distributions in association with anomalous couplings that will be mea-
sured and this is fundamental in order to create an optimisation that will hopefully
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Event yields. (HT(min), mj,top(min))
Process (168, 284)

t-channel 17929± 83
Z-jet, diboson 841± 85

W+jets 13189± 704
tt̄ 12088± 74

Wt s-channel 2052± 33
Multijet 1795± 45

Total 47895± 720
S/B 0.60

Significance 82

TABLE 5.1: Event yields for 13 TeV MC samples after applying the
preselection requirements, ml,b < 140 GeV, 142 < mtop < 418 GeV,
|ηj| > 3.5 − ∆ηj,top and mj,top and HT cuts. The column’s heading
refers to a particular set of lower cuts in mj,top and HT . These event
yields have been normalized to an integrated luminosity of 36.5 fb−1

[6].

not bias the detection and measurement of anomalous couplings in the future. Sec-
ondly, it is helpful to begin with the same variables as before in order to make an ini-
tial comparison and evaluate whether the new method (the NN) has an improved
performance over the previous cut based method, following the basic concept of
control. After this has been confirmed, the potential for adding further kinematic
training variables can be explored.

Kinematic
Variable

Definition

mtop The reconstructed mass of the top quark, built from the invariant
mass of the neutrino, the electron/lepton and the b-jet.

mj,top The invariant mass of the four-momentum sum of the four-
momenta of the reconstructed top quark and the light forward
jet.

ηtop The pseudorapidity of the top quark
ηJ The pseudorapidity of the light jet
HT The scalar sum of the transverse energies of all final state parti-

cles: HT = pl
T + pj

T + pb
T + Emiss

T .

TABLE 5.2: The 5 initial kinematic variables - used in previous cut
based optimisation and as the starting training variables for the NN.
Note that the superscripts on the transverse momenta - l, j and b -
stand for the lepton (electron), the light jet and the b-tagged jet re-

spectively. [6].

The starting point for training the NN involves these kinematic variables after the
application of preselection and ml,b cuts.

It is important to add that for NN training, a high statistics signal and background
simulation sample is needed to ensure the network is trained correctly. In general
this is true for all machine learning or MVA analysis methods. To confirm and
demonstrate that sufficient statistics were employed, table 5.3 displays the actual
MC statistics used (i.e. the raw number of events generated, not the event yields)
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after the preselection and ml,b cuts at
√

s = 13 TeV. These form the input to the NN
training. As can be seen, there is clearly a sufficient number of events for each signal
and background process, with a total number of over 1 million events. Therefore the
amount of statistics is not a problem within this analysis.

Process MC Statistics
t-channel 151264

Z-jet, diboson 62180
W+jets 192163

tt̄ 254507
Wt s-channel 65982

Multijet 368022
Total 1094118

TABLE 5.3: The actual MC statistics (number of generated events)
used as the input to the NN training.

5.3 NN Training with Original 5 Variables

The first stage was to train the NN with the 5 original kinematic variables, Table
5.2, used in previous work to compare whether the use of a NN offers a measurable
advantage over old cut-based methods. The adjustable parameters of the NN were
fixed to the following:

• Number of Hidden Nodes: 14

• Proportion of Training Sample Used: 0.8

Note that these values were the default values supplied and that they will be ex-
plained, explored and optimised properly in the following section (here the aim
was simply to provide a quick confirmation that the NN outperforms the cut based
method).

After training the NN and running the expert with the same MC simulated samples,
output values (ONN) are assigned to every data event. The performance of the NN
can be assessed by a pair of performance plots (Figure 5.2): S/B versus Significance
and Signal Efficiency versus Background Rejection. These quantities are defined by
the following equations:

Sint
i−bin =

N

∑
j−bin=i−bin

Sj−bin (5.1)

Signal− Efficiencyi−bin = Sint
i−bin/Sint

total (5.2)

Bint
i−bin =

N

∑
j−bin=i−bin

Bj−bin (5.3)

Background− Rejectioni−bin = 1− Bint
i−bin/Bint

total (5.4)
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where Sj (Bj) is the amount of signal (background) in the j-bin of the signal (back-
ground) ONN histogram, Sint

j (Bint
j ) is the sum of the bin contents from the j-bin up to

the final bin and N is the total amount of bins of the ONN histogram. This is equiv-
alent to an integral from the ONN value equal to the lower edge of the j-bin up to
ONN = 1. The aforementioned ONN histogram is depicted in figure 5.7.

From the first graph in Fig 5.2, focusing in on the useful part of the graph corre-
sponding to large significance, it is observed that there is a characteristic parabolic
shape for the relationship between S/B and significance. At maximum significance,
S/B is not at maximum. Although it is desirable to aim to maximise both quantities,
there is a compromise to be made here. Table 5.4 details the values of S/B, Signifi-
cance and ONN for each bin in the ONN histogram, figure 5.7. A value for a lower-cut
in ONN must be chosen in order to optimise the selection of the samples. Note that
there is no single set way to choose this value, especially given that there is a com-
promise between significance and S/B. One could, for example, select the point that
yields an S/B value of almost 2 (Highest point in Figure 5.2) but this would result in
an extremely low significance of 23.66, which is undesirable as too much of the data
would have been discarded. In this research, it was decided to choose an ONN value
that maintains the same significance as previous research (Significance = 82, Table
5.1) for the sake of comparison, whilst maximising S/B. Due to the parabolic shape
of relationship, one value of significance corresponds to two S/B values, the larger
of which will be chosen. This led to a chosen cut of ONN ≥ 0.71.

FIGURE 5.2: NN performance plots for training with 5 original kine-
matic variables.

5.3.1 Cut in the Output of NN

The final event yields after the cut in ONN are calculated and displayed in Table
5.5. Firstly, it can be seen that applying the ml,b cut improves the total value of S/B
and significance from the preselection stage - thus justifying the use of this initial cut.
Note that the absolute total number of events decreases since some events have been
discarded due to the cuts. Secondly, we note that by subsequently applying the ONN
cut, both values are optimised even further (significance increasing from 75 (after
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S/B Significance ONN ≥ S/B Significance ONN ≥
0.18 75.34 0.00 0.41 87.93 0.48
0.18 75.34 0.00 0.44 88.31 0.50
0.18 75.34 0.03 0.47 88.52 0.53
0.18 75.34 0.05 0.50 88.93 0.55
0.18 75.58 0.08 0.54 89.08 0.58
0.19 76.00 0.10 0.58 88.70 0.60
0.19 76.45 0.12 0.63 88.04 0.62
0.19 77.02 0.15 0.68 87.07 0.65
0.20 77.67 0.18 0.73 85.81 0.68
0.21 78.49 0.20 0.79 83.62 0.70
0.22 79.36 0.23 0.84 80.61 0.73
0.23 80.29 0.25 0.93 77.52 0.75
0.24 81.20 0.28 1.07 73.86 0.78
0.26 82.23 0.30 1.19 67.78 0.80
0.27 83.10 0.33 1.38 59.26 0.83
0.29 84.01 0.35 1.56 46.04 0.85
0.31 84.93 0.38 1.98 23.66 0.88
0.33 85.81 0.40 0.00 0.00 0.90
0.36 86.51 0.43 0.00 0.00 0.93
0.38 87.30 0.45 0.00 0.00 0.95

TABLE 5.4: Table of S/B, Significance and ONN values after discretisa-
tion of samples into bins. The ONN values are the lower edge values
(on x-axis) for the bin. At this stage a cut of ONN ≥ 0.71 was subse-

quently applied.

just the application of preselection and ml,b requirements) to 83 (after the application
of preselection, ml,b and ONN cut) and S/B increasing from 0.18 to 0.81). Making
comparisons against the previous cut-based work (Table 5.1), it is observed that for
roughly the same total value for significance of 82/83, the NN notably outperforms
the cut-based method, yielding an optimised S/B value of 0.81 as opposed to 0.60.
It is concluded that the new method of NN training and implementation, using the
same 5 kinematic variables, is a better method for data optimization, quantified by
the larger S/B value yielded.

5.4 NN Training with Optimised Parameters

The next stage was to further improve the performance of the NN by investigating
and "fine-tuning" its parameters - specifically the following:

• The Training Variables Used

• The Number of Hidden Nodes

• Testing for Overtraining

5.4.1 The Training Variables Used

The choice of kinematic variables used as training variables for NN training were
optimised by exploring the addition of the following 2 variables:
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Event yields
Process Preselection ml,b NN with ONN ≥ 0.71

t-channel 41154± 127 36988± 120 15259± 78
Z-jet, diboson 10217± 239 5500± 210 519± 55

W+jets 151047± 1748 87948± 1451 8639± 606
tt̄ 119770± 230 80409± 188 7369± 58

Wt s-channel 27580± 123 18061± 98 1193± 25
Multijet 31171± 175 12124± 107 1025± 32

Total 380940± 1796 241030± 1490 34004± 618
S/B 0.12 0.18 0.81

Significance 67 75 83

TABLE 5.5: Evolution of the event yields for 13 TeV MC samples as we
add cuts. Each new column considers the cumulative cuts of the pre-
vious columns. The NN has been trained with the original 5 variables.
These event yields have been normalized to an integrated luminosity

of 36.5 fb−1.

• ∆Pj,top
T : (DeltaPtjtop) the absolute difference between the momenta of the re-

constructed top quark and light forward jet, j. ∆Pj,top
T = |Ptop

T − Pj
T|.

• Ptop
T : (PtTop) the momentum of the reconstructed top quark.

∆Pj,top
T has been suggested as an NN training variable in reference [70] and is used

in combination with Ptop
T in order to check if it adds new information to the net-

work. As before, these additional variables were chosen so as not to be sensitive
to anomalous couplings since they do not involve kinematics of one or part of the
decay products of the top quark. The training of the NN was repeated twice, firstly
with only the addition of ∆Pj,top

T and secondly with the addition of both ∆Pj,top
T and

Ptop
T (and of course the original 5 variables). Figure 5.3 shows the pair of perfor-

mance plots obtained. It is observed that the addition of ∆Pj,top
T greatly improves the

performance, increasing the significance significantly from before for a set S/B. The
addition of Ptop

T to this however offers a negligible effect to the performance - the
graphs of ∆Pj,top

T and ∆Pj,top
T plus Ptop

T are roughly identical. This conclusion is justi-
fied by the calculation of the significance of each training variable - shown in Table
5.6. ∆Pj,top

T has a large significance of 36.26 σ, the third most significant training vari-
able, whilst Ptop

T has a mere 0.14 σ. This can be as expected because the variable Ptop
T

is essentially accounted for within the variable ∆Pj,top
T and hence offers negligible

new information.

The training variables used were then fixed to include the original 5 and ∆Pj,top
T . Ptop

T
was not used.

5.4.2 The Number of Hidden Nodes

The number of hidden nodes/layers in the NN is a further parameter that can be
adjusted from the NN interface. The NN training was repeated for numbers of hid-
den nodes of: 7, 14 (default) and 28. Again, the performance plots for these are
given in Figure 5.4. It is observed that varying the number of hidden nodes has no
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Variable Significance(σ)
mj,top 83.8
ηj 41.21
∆Pj,top

T 36.26
mtop 32.21
HT 20.04
ηtop 17.07
Ptop

T 0.14

TABLE 5.6: Variables used as input to the neural network ordered by
their importance (significance). These values are generated from the

NeuroBayes package.

FIGURE 5.3: Comparison of NN performance when adding new vari-
ables.

effect on the final performance of the NN. This was as expected theoretically, since
the NeuroBayes manual [77] states that, in general, the number of hidden nodes is
not critical due to the presence of "pruning" - an NN computational phenomena that
causes unused nodes to exponentially decay away. Despite all values yielding es-
sentially the same result, the final fixed value chosen was 14. This was because 28
significantly increased the length of computing time, and 7 ran a risk of limiting the
network’s learning capabilities.

5.4.3 Testing for Overtraining

Overtraining is the name given to the phenomenon that occurs within machine
learning (and more generally within data modelling) where the outcome of a model
too closely matches a single given data set and hence fails to accurately fit or pre-
dict further data sets. The statistical model may describe the random error/noise
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FIGURE 5.4: Comparison of NN performance when varying the num-
ber of hidden nodes in the NN.

of a data set instead of finding the general underlying relationship [79]. It is impor-
tant to ensure that the trained NN has not been overtrained. 2 statistical tests are
performed to check for the presence of overtraining.

Firstly the performance of the NN is evaluated when using varying proportions of
the training sample. The parameter RTRAIN, a value between 0-1, is adjusted from
the NN interface and training is redone for values of 0.25, 0.5, 0.8 (default) and 1.0.
Note that although training is only conducted for the proportion RTRAIN, the expert
is always run on 100% of the samples. The performance plots obtained are shown in
Figure 5.5. It is clearly seen that adjusting the proportion of the training sample used
has no effect on the performance of the NN. This implies there is no overtraining
since the same result is obtained regardless of the amount of data needed to train
the network. A fixed value of RTRAIN=0.8 was arbitrarily chosen for the final set
up of the NN.

FIGURE 5.5: Comparison of NN performance when adjusting the pro-
portion of training sample used, RTRAIN.
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The second test was to randomly split the data sample into 2 halves and train sep-
arately on each half, run the expert on the corresponding other half and compare
relative performance. The random splitting was conducted by the creation of a ran-
dom variable with a Gaussian distribution, between -1 and 1, assigned to each event.
This random Gaussian variable was generated via the ROOT "TRandom" function
[1]. The network was first trained only using events with a positive value for the
"RandomGauss" variable, then trained with the negative half. Figure 5.6 shows the
performance plots obtained for each half as well as for both halves - "Data: Normal",
red points. It is observed that the performance for each half is the same and hence
the choice of which events are used for training does not influence the outcome.
Again, no ovetraining is observed. Note that the full sample set (red) points yield a
higher significance by roughly a factor of

√
2. This is as expected since the equation

for significance (Equation 2.7) will scale by a factor of the square root of the fraction
of sample used. It is concluded that there is no overtraining present and that the
trained NN will be a reliable model of general data trends. Again, this can be as
expected as the presence of "pruning" techniques within the NeuroBayes package
reduce the risk of overtraining [78].

FIGURE 5.6: Comparison of NN performance with overtraining tests.

The final set-up for the NN is detailed below and will be fixed for the remainder of
the research (including at 8 TeV):

• Training Variables: mtop, mj,top, ηJ , ηJ,top, HT and ∆Pj,top
T

• Number of Hidden Nodes: 14

• Proportion of Training Sample Used, RTRAIN: 0.8

5.4.4 Cut in the Output of NN

As done in the previous section, a value for a lower-cut in ONN is chosen by studying
the produced ONN table (shown in appendix A) and choosing a value corresponding
to a significance of roughly 82. This led to a chosen cut of ONN ≥ 0.78.
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Figure 5.7 shows the histogram for ONN before and after the cut in ONN . Figures
5.8 to 5.13 show the stack plots (histograms divided into separate components for
each signal and background part, stacked one on top of the other) for all the kine-
matic training variables used, before and after cut in ONN . It can be seen that the
application of the cut maximises the ratio S/B (signal events are shown in blue). The
black points in the stack plots refer to the SM predictions (these are not real data
points) and these are simply the total sum of the signal and background contribu-
tions. Note that figure 5.11 shows a symmetric plot about 0, as expected, because
the t-channel signal events have the forward light jet peaking towards high values
of pseudorapidity (as seen for the spectator quark in the Feynman diagram 2.3).

FIGURE 5.7: Histograms of ONN distributions, before (left) and after
(right) the cut ONN ≥ 0.78 is applied.

FIGURE 5.8: Stack plot of the kinematic training variable mtop before
(left) and after (right) the cut ONN ≥ 0.78 is applied.

Table 5.7, the table for the final event yields obtained with the new optimised ONN
cut, shows that the NN has greatly improved the event selection. For a significance
of around 81/82/83, the cut in ONN after optimised training yields a total S/B of
1.25. This is notably greater than both the cut based method (S/B = 0.60, Table 5.1)
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FIGURE 5.9: Stack plot of the kinematic training variable mj,top before
(left) and after (right) the cut ONN ≥ 0.78 is applied.

FIGURE 5.10: Stack plot of the kinematic training variable ηtop before
(left) and after (right) the cut ONN ≥ 0.78 is applied.

and the previous ONN cut (S/B = 0.81, Table 5.5). Therefore it can be concluded
that the fine-tuning of the NN parameters, most importantly so the addition of the
∆Pj,top

T training variable, has led to an improved selection and that generally NN
application has greatly surpassed that of the previous cut-based optimisation. Not
only this, but the application of the Bayesian NN was in many ways simpler and
more efficient since many separate kinematic variables (the training variables) were
incorporated into a single discriminant output (ONN) that could then be easily ma-
nipulated. This would also serve to minimise systematic errors, should real data be
used in the future. This is another advantage of the NN based optimisation.
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FIGURE 5.11: Stack plot of the kinematic training variable ηJ ("re-
constructed spectator light jet") , before (left) and after (right) the cut

ONN ≥ 0.78 is applied.

FIGURE 5.12: Stack plot of the kinematic training variable HT before
(left) and after (right) the cut ONN ≥ 0.78 is applied.
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FIGURE 5.13: Stack plot of the kinematic training variable ∆Pj,top
T be-

fore (left) and after (right) the cut ONN ≥ 0.78 is applied.

Event yields
Process Preselection ml,b NN with ONN ≥ 0.78

t-channel 41154± 12 36988± 120 11929± 69
Z-jet, diboson 10217± 239 5500± 210 269± 39

W+jets 151047± 1748 87948± 1451 4966± 404
tt̄ 119770± 230 80409± 188 3265± 38

Wt s-channel 27580± 123 18061± 98 587± 17
Multijet 31171± 175 12124± 107 452± 22

Total 380940± 1796 241030± 1490 21468± 414
S/B 0.12 0.18 1.25

Significance 67 75 81

TABLE 5.7: Evolution of the event yields for 13 TeV MC samples as we
add cuts. Each new column considers the cumulative cuts of the pre-
vious columns. The NN has been trained with optimised parameters.
These event yields have been normalized to an integrated luminosity

of 36.5 fb−1.
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Chapter 6

Study of Top Quark Polarisation
and W Boson Spin Observables

The following chapter deals with a study of two of the observables proposed in ref-
erences [5] and [35] in order to evaluate the impact of a selection based on a Bayesian
neural network in the analysis of the Wtb vertex reported at [3]. The NN based opti-
misation from chapter 5 is first revisited for samples at

√
s = 8 TeV and then applied

to the MC samples with anomalous couplings. An investigation into the sensitivity
and linearity of the analysis to the presence of anomalous couplings is then con-
ducted via the computation of forward-backward asymmetries after an unfolding
procedure is performed.

6.1 Repeating Optimisation at
√

s = 8 TeV

The NN was retrained, maintaining the same optimised parameters from chapter 5,
using the

√
s = 8 TeV MC samples of the SM signal and background events (from

the Wtb vertex analysis in reference [3]). The preselection cuts and ml,b < 160 GeV
requirement (Chapter 4) were applied before training. Note that there are fewer total
event yields for the samples at 8 TeV in comparison to those at 13 TeV, matching the
smaller total integrated luminosity of 20.2 fb−1 in the LHC Run I. The full table for
the ONN , significance and S/B values produced are detailed in Appendix A.2.

The previous cut based optimisation for 8 TeV is described in the references [9] and
[3], where the final values (for the electron channel) for Significance and S/B quoted
are 39 and 1.32 respectively. Hence, following the same method as before and choos-
ing to work at a comparable significance of roughly 39, a value of ONN ≥ 0.82 was
chosen for the uppercut in ONN . The final event yields with this ONN cut are detailed
in Table 6.1. The yields after preselection and the ml,b cut for 8 TeV are also detailed.
As with 13 TeV, the use of the NN has greatly optimised the data, yielding a final
value for S/B of 1.95, which is notably higher than the value of 1.32 yielded from the
previous cut based method whilst working at the same significance.

6.2 Optimisation of Samples with Anomalous Couplings

The next stage was to use the pre-trained NN to apply the same optimisation as
above to the 8 TeV MC PROTOS signal samples with anomalous couplings, Table
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Event yields
Process Preselection ml,b NN with ONN ≥ 0.82

t-channel 8685± 26 8363± 25 2472± 14
Z-jet, diboson 2888± 45 1997± 39 49± 4

W+jets 19600± 142 13544± 120 619± 33
tt̄ 19138± 34 15324± 31 390± 5

Wt s-channel 3192± 43 2578± 39 64± 6
Multijet 4315± 37 3154± 32 146± 8

Total 57819± 165 44960± 141 3741± 38
S/B 0.18 0.23 1.95

Significance 36 39 40

TABLE 6.1: Evolution of the event yields for 8 TeV MC samples (with-
out anomalous couplings) as we add cuts. Each new column consid-
ers the cumulative cuts of the previous columns. The NN has been

trained with optimised parameters.

4.2. That is to say, the same training file (i.e. the same network weights and struc-
ture) produced from the training of 8 TeV events without anomalous couplings was
maintained as the input for the NeuroBayes Expert. The Expert was then run us-
ing the samples with anomalous couplings in order to produce ONN values for each
event. The same cut of ONN ≥ 0.82 was subsequently applied to these events. Note
that the purpose of this cut was not to optimise the samples, as the MC background
events are not considered in this exercise, but to reproduce the selection for the sam-
ples with anomalous couplings in order to then conduct tests to determine bias and
sensitivity of entire analysis.

6.3 Unfolding of Angular Observables to Parton Level

At ATLAS (or indeed any detector), the recorded events do not properly correspond
to those of the expected underlying events from theory and this is due to the dis-
torting of the data recorded via detector effects. Such effects include the detector
resolution, selection inefficiencies as well as hadronisation and parton showering of
the particles before detection [9]. For this reason, it is necessary to perform what
is known as an "Unfolding" procedure to the recorded data before comparing the
distributions to theory. The unfolding procedure involves deconvoluting the detec-
tor effects from the recorded data in order to extract back the original parton level
distributions 1.

The simulated MC sample files used in this research contain two main types of his-
tograms generated from PROTOS: reconstruction histograms which display the in-
formation at detector level and truth or generator level histograms which display
the information at parton level. The same detector effects that convolute real data
are also modelled by the MC simulation and applied to the distributions generated
at truth level in order to produce the distributions at reconstruction level. Note that

1In particle physics, partons refer to quarks and gluons. Parton level considers to the level at which
such particles interact, as opposed to particle or detector level - which refer to the effects and products
that occur and are detected after the raw interaction. Parton showers are the cascades of secondary
particles produced when high energy particles interact with matter [80]
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the reconstructed histograms contain the kinematic cuts applied from the optimisa-
tion (preselection requirements, ml,b < 160 GeV, ONN ≥ 0.82) whilst the truth level
histograms do not. Within the scope of this project, the truth histograms in combina-
tion with the reconstructed histograms were used to create an unfolding procedure,
that in principle could then be applied to real data in the future. This unfolding
procedure was subsequently applied to the reconstruction histograms so that com-
parisons can be made and asymmetries can be calculated from the relevant unfolded
angular distributions.

The unfolding was performed on the two angular observables, described in the
Chapter 2, that will be used to calculate the forward backward asymmetries: cos(θl)
(named X in the code) and cos(θN

l ) (named LN in the code). Figure 6.1 shows these
initial angular distributions for the SM MC samples after the preselection, ml,b and
ONN ≥ 0.82 cuts are applied, prior to unfolding. The histograms are distributed into
just 2 bins in order to aid in the subsequent calculations of forward-backward asym-
metries AFB (equation 2.4), which involves grouping the events into those above and
below 0.

FIGURE 6.1: Distributions of the 2 chosen angular observables, cos(θl)
(left) and cos(θN

l ) (right), at reconstruction level for the SM MC sam-
ples after cut ONN ≥ 0.82 is applied and prior to unfolding. The

histograms have just 2 bins.

The unfolding procedure itself involves a matrix inversion combined with an ef-
ficiency correction and is implemented using the ROOUNFOLD package [2] which
uses an iterative bayesian method [3]. This operation takes as an input the recon-
structed (or measured in the case of real data) histogram (Nreco

j ), the SM migration
matrix (Mi,j) and the event selection efficiency (εj) in order to yield the final unfolded

histogram (Nun f olded
j ) in accordance with equation 6.1 [3].

Nun f olded
j =

∑i M−1
i,j Nreco

i

εj
(6.1)

Note that Nhisto
i refers to the number of signal events within the bin i for the cor-

responding histogram. The migration matrices and event selection efficiencies are
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computed from the PROTOS generation of the samples [9]. The unfolding process
also compensates for the optimisation criteria (i.e. the kinematic cuts implemented
by the cut in ONN to the reconstructed histograms etc) via these event selection effi-
ciencies. The migration matrices, also named resolution histograms, are a third type
of histogram provided in the MC sample files: 2-D histograms of the reconstructed
angular distributions against the truth angular histograms. Figure 6.2 shows the
2 migration matrices for each angular observable used in the unfolding procedure.
Only the resolution histograms for the SM files (those without anomalous couplings)
are used as the migration matrices. This is because the unfolding procedure is SM
based but performed onto non SM files (those with anomalous couplings).

FIGURE 6.2: Migration matrices (SM resolution histograms) for the
2 chosen angular observables, cosθl (left) and cosθN

l (right). The his-
togram has been plotted in a style such that the block colour of the
bin (as well as the explicit number of entries stated in the centre) rep-

resents the number of events in that bin.

The number of iterations is a further parameter of the unfolding procedure that must
be specified. The optimum number of iterations was found by investigating the ef-
fects of varying the number of iterations from 0-20 for each angle. The unfolded
forward-backward asymmetry, AFB (unfolded), was computed for each unfolded
histogram for each iteration per angle, with the results displayed in Figures 6.3, 6.4
and 6.5. The optimum number of iterations is seen at the point at which the graph
reaches convergence: the minimum number of iterations required for a stable value
for AFB (unfolded) such that it does not vary with subsequent iterations. This is first
conducted for the single SM sample, figure 6.3, and it is observed that convergence
and agreement with the truth asymmetry is achieved immediately. The graphs also
display agreement with the SM values for Al

FB and AN
FB of 0.45 and 0.00 respec-

tively (Table 2.3). This is as expected and offers an initial confirmation the unfolding
procedure works correctly for samples without anomalous couplings. The same is
then repeated for the samples with anomalous couplings. These samples have been
divided into 2 graphs; one for the samples with a non 0 real component for the cou-
pling gR and one for those with a non 0 imaginary gR. This was done because it
was expected that the results yielded would differ depending on the nature of this
coupling. Here, convergence occurs after 8 and 5 iterations for cos(θl) and cos(θN

l )
respectively. The number of iterations for the non SM samples was subsequently
fixed to these optimum numbers and a final unfolding performed.
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FIGURE 6.3: Unfolded asymmetries for the SM angular distribution
cos(θl) as a function of the number of iterations. The samples with
Re(gR) are shown on the left, those with Im(gR) to the right. Con-
vergence and agreement with the SM truth values are immediately

observed.

FIGURE 6.4: Unfolded asymmetries for the angular distribution
cos(θl) as a function of the number of iterations. The samples with
Re(gR) are shown on the left, those with Im(gR) to the right. Conver-

gence is observed after roughly 8 iterations.

The full angular distributions for these final unfolded histograms, with a fixed num-
ber of iterations, are shown in figure 6.6. In comparison to the initial distributions
prior to unfolding, figure 6.1, the same general shapes of the asymmetries is ob-
served for both. Specifically, cos(θl) contains significantly more events in the range
0 < cos(θl) < 1 (bin 2) than −1 < cos(θl) < 0 (bin 1) whilst cos(θN

l ) displays a more
even distribution across the 2 bins.
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FIGURE 6.5: Unfolded asymmetries for the angular distribution
cos(θN

l ) as a function of the number of iterations. The samples with
Re(gR) are shown on the left, those with Im(gR) to the right. Conver-

gence is observed after roughly 5 iterations.

FIGURE 6.6: Final unfolded histograms of the 2 chosen angular ob-
servables, cosθl (left) and cosθN

l (right) for a fixed number of iterations
(5 and 8 respectively). The graphs of each unfolded sample are over-
layed with the data IDs shown in the legend corresponding to the IDs

given in table 4.2

6.4 Sensitivity and Linearity to Anomalous Couplings in the
Wtb Vertex

After completing the unfolding of the reconstructed histograms with anomalous
couplings and asymmetry calculations, the final stage was to conduct tests to inves-
tigate both the sensitivity and the linearity of the response of the entire analysis to
anomalous couplings. This is an important consideration for when the optimisation
and unfolding processes are to be performed onto real data in the future.
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Firstly, the sensitivity of the response refers to the ability of the analysis to detect
new physics, specifically anomalous couplings. It is important to ensure that the
application of the optimisation to real data will not hinder or prevent the detection
of potential anomalous couplings. The sensitivity can essentially be quantified by
the uncertainties of the unfolded asymmetries. Small uncertainties are desirable be-
cause large uncertainties would result in it being impossible to distinguish between
a measured asymmetry that is in accordance with the SM and one which is indica-
tive of BSM anomalous couplings. Figures 6.7 and 6.8 illustrate the relative errors
per sample (| σAFB

AFB
|). Note that here the errors provided are solely statistical and that

in the case of real data, systematic errors would have to be incorporated into the er-
ror calculations as well. Therefore this method is an initial estimation. As seen in the
graphs, the relative errors are in general fairly small, which confirms a good sensi-
tivity to anomalous couplings. For the angular distribution cos(θN

l ), only the graph
with the samples with Im(gR) are displayed and this is because there is no depen-
dency (and hence no sensitivity) between Re(gR) and AN

FB, as explained in reference
[5]. cos(θN

l ) is primarily dependent only on Im(gR).

FIGURE 6.7: Relative statistical uncertainties (| σAFB
AFB
|) in AFB unfolded

for Re(gR) (left) and Im(gR) (right) for the angular observable cos(θl).

Secondly, the linearity of the response refers to the relationship between the amount
of new physics (anomalous couplings) measured and the amount of new physics ac-
tually present. The desired linear response would mean that the detection and mea-
surement of anomalous couplings (after the applied optimisation via use of NN) re-
turns the exact quantity and configuration of anomalous couplings present. For this
it is important that the training of the NN is independent of the presence of anoma-
lous couplings and will not result in a bias of their detection. This linearity can be
investigated for the non SM MC samples by plotting graphs of their unfolded asym-
metries against truth asymmetries, as shown in figure 6.9. Perfect linearity occurs
when the unfolded asymmetries correspond exactly to the truth events - as repre-
sented by the addition of the green line, AFB (unfolded) = AFB (truth). Although a
similar linear trend (with a positive correlation) is observed for both angular observ-
ables, there are clear deviations from the perfect linearity in which the error bars of
multiple points do not overlap the green line. Note that for cos(θN

l ), the samples
with a non 0 value for Im(gR) (the red points) are the samples that display a simi-
lar linear trend, whilst those with non 0 Re(gR) (the blue points) show no variation.
This is because, again, there is not a theoretical dependency between Re(gR) and
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FIGURE 6.8: Relative statistical uncertainties (| σAFB
AFB
|) in AFB unfolded

for Im(gR) for the angular observable cos(θN
l ).

cos(θN
l ) but there is for Im(gR).

FIGURE 6.9: Linearity tests, graphs of AFB (unfolded) Vs. AFB (truth),
for the angular observables cos(θl) (left) and cos(θN

l ) (right). The er-
rors in AFB were calculated via propagation of the statistical errors
provided for the bin contents of the relevant histograms. The blue
points represent the samples with Re(gR) and the red Im(gR). The
green line, AFB (unfolded) = AFB (truth), represents perfect linearity.

These deviations from linearity are further illustrated in figures 6.10 and 6.11, graphs
representing the relative difference between the truth and unfolded AFB values,
| AFB(un f olded)−AFB(truth)

AFB(truth) | for each sample. It is observed that many of the samples
yield notable deviations (the relative difference in AFB is not 0) but that the largest
deviations from linearity come from the samples with Re(gR) for cos(θN

l ).

It can be concluded that the optimisation and analysis used in this research is sen-
sitive to the presence of anomalous couplings but exhibits deviations from a linear
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FIGURE 6.10: Deviations from linearity for the angular observable
cos(θl). The graphs show | AFB(un f olded)−AFB(truth)

AFB(truth) | vs the coupling
value, Re(gR) (left) and Im(gR) (right).

FIGURE 6.11: Deviations from linearity for the angular observable
cos(θN

l ). The graphs show | AFB(un f olded)−AFB(truth)
AFB(truth) | vs the coupling

value, Re(gR) (left) and Im(gR) (right).

response. Although not desirable, there are steps that can be taken to correct for
these deviations, as described in chapter 7.
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Chapter 7

Conclusions

7.1 Conclusions

In this project, a review of the relevant theoretical framework, the current status of
research, the analysis tools used and the experimental analysis conducted has been
provided. An evaluation of the extent to which the aims of the project detailed in
Chapter 1 have been met is provided below.

Firstly, it is concluded that a new and improved optimised selection of t-channel
single top quark events has been achieved via use of a Bayesian neural network:
the NeuroBayes package. The parameters of the NN were explored to obtain an
optimum NN performance, as evaluated by the corresponding performance plots
(e.g. figure 5.3) and a single discriminant output, ONN , was correctly manipulated
to apply a single cut to the sample in order to maximise S/B and significance. The
final event yields of the optimised selection greatly outperform those yielded from
the previous cut based method, as quantified by a greater value of S/B for a similar
working significance. For example, at

√
s = 13 TeV (chapter 5), after a cut of ONN ≥

0.78, a value for S/B of 1.25 was obtained for a significance of 81 and this was notably
larger than the S/B value of 0.60 yielded for the previous cut based method at a
comparable significance of 82. Furthermore, not only does the NN based method
offer the advantage of an improved optimisation, but also the use of the single cut
in the discriminant ONN allows for an easier and simpler procedure as opposed to
applying a series of separate cuts in multiple variables.

Secondly, it is concluded that, at first glance, this new optimised selection provided
maintains the sensitivity of the analysis to the presence of anomalous couplings, as
justified in a quantifiable way by small the relative statistical errors of the unfolded
asymmetries. This evaluation will be updated when real data is used via the addi-
tional incorporation of experimental systematic errors. However, perfect linearity
of the response to anomalous couplings was not found and instead clear deviations
were observed. This is a problem that must be corrected for in order to make accu-
rate measurements of the exact quantities of potential anomalous couplings in the
future.

7.2 Future Work

There are various opportunities for future work, in both the short and long term,
that can be completed, as discussed below. Note that these strategies are outside the
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time scale of this thesis.

Firstly, the use of other multivariate analysis or machine learning techniques for the
optimisation of the selection of t-channel single top quark events could be inves-
tigated. Primarily, the use of a Boosted Decision Tree (BDT). This computational
approach involves a succession of binary decisions (i.e. yes/no, left/right), using a
particular discriminating variable per decision, that continuously divide the events
into branches until a final outcome is reached [81]. This process classifies the events
into signal or background. The discriminating variables are comparable to the kine-
matic training variables used for the NN. Not only could this approach potentially
yield better results, i.e. a larger value for S/B, but could also perhaps yield angular
distributions that, when unfolded, maintain the linearity of the response to the detec-
tion of anomalous couplings. Additionally there are other neural network packages
that could be explored.

The use of the neural network could be further developed by exploring different
methods for choosing the cut in ONN . This thesis has only presented one such way,
of maintaining a comparable working significance to that of the previous work and
choosing an ONN cut that maximised S/B. Instead, a method of fixing S/B and max-
imising significance could be adopted and compared. Regarding the whole picture
of the analysis, once real data is used and systematic uncertainties introduced, the
choice of ONN must also be explored to minimise these uncertainties. As stated pre-
viously, there is not just one obvious way to make this choice, and the evaluation of
the final result also depends on how one decides to measure the performance.

In order to solve the deviations from linearity, there are different strategies that could
be followed. Firstly, an investigation into whether a particular training variable (or
variables) is causing a bias can be conducted via the systematic elimination of each
NN training variables, the retraining of the network and the comparison of the re-
sult. If, after this, linearity is obtained, the kinematic variable(s) responsible can be
permanently excluded from the NN training (although this may come at the expense
of a less optimised selection). The elimination of the preselection cuts and the ml,b
requirement should also be investigated in case these are causing a bias. Secondly,
instead of preventing the deviations from linearity in unfolded AFB values, they
could be corrected for via an iterative method with Lagrangian interpolation using
the MC simulated samples with anomalous couplings. This method is described in
reference [3]. Thirdly the unfolding procedure could be performed to particle level
instead of to parton level, as done in the fiducial t-channel cross section measure-
ments at 8 TeV of reference [71].

After the deviations from linearity are corrected for, the analysis can finally be ap-
plied to real data, which is the overall aim of the entire analysis. Using real data
of proton-proton collisions from the LHC, collected at ATLAS at an energy of 13
TeV (Run II, ongoing currently), the optimisation via the bayesian neural network
can be applied to the data to select t-channel events. To do this, the same training
file/network configuration will be maintained from the training of the simulated
MC events but the Expert (NeuroBayes package) alone will be run on the real data.
Then, after the production of ONN values for the data, the same optimised cut used
for the MC samples, i.e. ONN ≥ 0.78 for 13 TeV, will be applied to the real data. Once
optimised, the unfolding procedure can be applied to the data and the asymmetries
calculated. From these, the values for anomalous couplings can be determined (i.e.
via use of the TOPFIT program [41]), and hence the search for physics beyond the
SM is facilitated.
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Appendix A

ONN Tables

S/B Significance ONN ≥ S/B Significance ONN ≥
0.18 75.34 0.00 0.49 91.82 0.50
0.18 75.34 0.00 0.53 92.18 0.53
0.18 75.34 0.03 0.57 92.40 0.55
0.18 75.35 0.05 0.62 92.55 0.58
0.18 75.70 0.08 0.67 92.40 0.60
0.19 76.41 0.10 0.73 92.18 0.62
0.19 77.26 0.12 0.78 91.21 0.65
0.20 78.20 0.15 0.82 89.47 0.68
0.21 79.18 0.18 0.91 88.79 0.70
0.22 80.30 0.20 1.02 87.75 0.73
0.24 81.44 0.23 1.12 85.27 0.75
0.25 82.66 0.25 1.22 82.09 0.78
0.26 83.74 0.28 1.34 78.01 0.80
0.28 84.76 0.30 1.48 72.41 0.83
0.30 85.76 0.33 1.70 65.60 0.85
0.32 86.64 0.35 1.89 55.74 0.88
0.34 87.58 0.38 2.63 42.87 0.90
0.36 88.51 0.40 4.02 22.03 0.93
0.39 89.47 0.43 0.00 0.00 0.95
0.42 90.41 0.45
0.46 91.30 0.48

TABLE A.1: ONN values for optimised NN Training at 13 TeV
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S/B Significance ONN ≥
0.23 39.44 0.00
0.23 39.44 0.00
0.23 39.44 0.03
0.23 39.45 0.05
0.23 39.60 0.08
0.24 39.98 0.10
0.25 40.45 0.12
0.26 40.97 0.15
0.27 41.54 0.18
0.29 42.18 0.20
0.30 42.77 0.23
0.32 43.38 0.25
0.34 43.90 0.28
0.37 44.42 0.30
0.39 44.98 0.33
0.42 45.55 0.35
0.45 46.08 0.38
0.49 46.66 0.40
0.53 47.12 0.43
0.58 47.56 0.45
0.62 47.94 0.48
0.67 48.22 0.50
0.72 48.39 0.53
0.77 48.44 0.55
0.83 48.55 0.58
0.90 48.65 0.60
0.97 48.46 0.62
1.05 48.19 0.65
1.13 47.80 0.68
1.23 47.27 0.70
1.37 46.69 0.73
1.50 45.64 0.75
1.64 44.15 0.78
1.79 42.36 0.80
1.99 39.85 0.83
2.25 36.68 0.85
2.52 32.23 0.88
3.25 26.24 0.90
5.96 15.84 0.93
0.00 0.00 0.95

TABLE A.2: ONN values for optimised NN Training at 8 TeV
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