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Abstract

In this thesis, an interpretation of an ATLAS single top-quark t-channel cross section
measurement to constrain the top-quark involved CKM matrix elements,jVy,j, jVig] and
iVisj, as well as feasibility studies for a dedicated measurement are presented. The data
used in this 6hesis corresponds to the full Run 2 dataset from proton-proton collisions at
the LHC at = s= 13TeV recorded by the ATLAS experiment. For the interpretation, all
three di erent top-quark production modes and decay modes are considered. For the rst
time in ATLAS, single top-quark t-channel events with top-quark decays to light quarks
are simulated. 2D pro le likelihood scans are performed to constrain the CKM matrix
elements at95% CL: |y jVip] < 1:048 fy Vil < 0:133 and f |y jVisj < 0:306, with
fLy being the left-handed form factor. A two-step neural network approach is applied in
feasibility studies to improve sensitivity to the relevant CKM matrix elements: the rst
network separates signal events from background events, while the second distinguishes
between di erent signal processes.

Furthermore, a calibration of the charm mis-tag rate of the avor tagging algorithm in
Run 2 usingW + c-jets is presented, exploiting semileptonia-hadron decays by identifying
jets with a muon inside. Likelihood ts are used to derive data-to-MC scale factors for jets
with 20< pt < 140CeV. The derived scale factors are found to be mostly within unity
and reduced uncertainties for jets with lowerp; are observed compared to the standard
calibration in ATLAS. An extrapolation was done to generalize the results to allc-jets.

Kurzfassung

Diese Dissertation befasst sich mit einer Interpretation des Wirkungsquerschnitts der Einzel-
Top-Quark-Produktion im t-Kanal zur Bestimmung der CKM-Matrixelemente jVipj, jViq]
und jVisj und Studien, welche explizit einer direkten Messung dieser CKM-Matrixelemente
gewidmet sind. Alle Analysen in dieser Arbeit basieren auf dem vollstandigen Run 2
Datergmsatz, aufgezeichnet mit dem ATLAS Detektor am LHC bei einer Schwerpunktsenergie
von = s= 13TeV. Erstmals wurden in ATLAS dazu explizit t-Kanal Ereignisse simuliert,
in denen das Top-Quark in leichte Quarks zerféllt. 2D-Likelihood-Scans werden in drei
verschiedenen Szenarien durchgefuhrt, durch welch@5% CL Grenzen gesetzt werden:
fLv V) < 1:048 fy Vgl < 0;133 und fy jVisj < 0; 306 wobeif,, der linkshandige
Formfaktor ist. Dartiber hinaus wurden Machbarkeitsstudien unter Verwendung neuronaler
Netze durchgefiihrt, um die Sensitivitat fir diese CKM-Elemente zu erhéhen.

Weiterhin wird eine Kalibrierung der Charm-Fehlerkennungsrate des Flavor Tagging
Algorithmus in Run 2 unter Verwendung von W+ c-Jets vorgestellt. Dabei werden
semileptonischec-Hadron-Zerfalle verwendet, bei denen ein im Jet vorkommende Myon
zur Identi kation genutzt wird. Eine Likelihood Anpassung wurde angewendet, um
Daten-zu-MC-Skalierungsfaktoren fir Jets mit 20 < p; < 140GeV zu erhalten. Die
berechneten Skalierungsfaktoren stimmen gréytenteils mit eins Gberein und es werden
geringere Unsicherheiten fir Jets mit kleinerenpy beobachtet im Vergleich zur Standard-
Kalibrierung in ATLAS. Eine Extrapolation wurde durchgefiihrt, um die Ergebnisse fur
alle c-Jets zu verallgemeinern.






Nothing in this world that's worth having comes easy.
Dr. Bob Kelso, Scrubs

There's always one more way to do things and that's your way
and you have a right to try it at least once.

Waylon Jennings
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Introduction

Particle physicists aim to understand and describe the fundamental constituents of
matter and their interactions. The most successful theoretical framework describing
these interactions is the Standard model of particle physics (SM). While the SM has
been heavily scrutinized and is able to successfully explain a wide range of experimental
results, it is not regarded a complete theory, as it does not account for phenomena such
as dark matter, neutrino masses, or the gravitational interaction. Therefore, it is still
tested with increasing precision to search for possible deviations from predictions that
could hint at a more complex theory which could involve new particles. In Chapter 2, a
brief overview of the SM including the elementary particles and fundamental forces are
given. A more detailed overview in this chapter is given to avor changing interactions
and the Cabbibo-Kobayashi-Maskawa (CKM) matrix, as well as the top-quark. Both
of these topics are the primary focus of this thesis. The CKM matrix elements, which
are experimentally accessible, are parametrized in the SM by three mixing angles and
one complex phase. These three angles and the phase are so-called free parameters of
the SM, i.e. parameters which need to be measured, as there is no theory prediction.
Constraining those parameters helps to probe the SM and additionally provides crucial
input for theoretical models, enabling more precise tests of potential deviations from the
SM. The top-quark plays a crucial role, particularly as it is the heaviest particle in the
SM, and therefore assumed to be a key particle in the search for Beyond the Standard
model (BSM) physics.

In order to experimentally test the SM, data from hard scattering experiments are analyzed.
At the Large Hadron Collider (LHC), proton-proton collisions provide such a unique
environment. Four main experiments are utilized to record the data of these collisions.
The ATLAS detector is one of these experiments. The recorded data used in this thesis
correspond to the full Run 2 data set, recorded with the ATLAS detector between 2015
and 2018. This data set allows for highly precise measurements of di erent SM processes
as well as searches for BSM physics. The LHC, as well as the ATLAS detector with its
di erent components is described in Chapter 3. The reconstructed objects corresponding
to particles originated in the collisions are described in Chapter 4, the used simulations
and data samples are explained in Chapter 5.

Theoretical calculations and predictions as well as the measurement itself and the used
analysis techniques introduce systematic uncertainties, which need to be accounted for. A
description of all uncertainties incorporated in the measurements presented in this thesis
are given in Chapter 6.

The work in this thesis focuses on two key aspects of Run 2 data analysis: Flavor tagging
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and top-quark physics.

Flavor tagging plays a crucial role in identifying so-called heavy- avor jets. Jets are physics
objects originating from quarks or gluons, which are reconstructed in the detector. The
jets originating from heavy- avor quarks - mostly bottom quarks, but also charm quarks -
are of particular interest, as these can be distringuished from other jets and are essential
for many physics analyses. Therefore, dedicated avor tagging algorithms are developed.
As the development employs Monte Carlo (MC) simulated events, it is crucial to calibrate
these algorithms using data events. In the ATLAS experiment, several calibrations are
done with di erent approaches and goals. The tagging e ciency, i.e. the number of
correctly tagged jets divided by all identi ed jets in an event, is important to be known.
Another important measure is the mis-tagging e ciency, i.e. the tagging e ciency for non
bjets. A set of calibrations is used to estimate the tagging e ciency of di erent jet avors.

In this thesis, a charm-quark mis-tag calibration for the utilized avor tagging algorithm

in Run 2 is presented in Chapter 7. At the time of writing this thesis, a public note of the
ATLAS experiment for this calibration is planned.

Flavor tagging is especially relevant for top-quark analyses, as the top-quark primarily
decays into a bottom quark. Of particular interest in this thesis are also the top-quark
decays into a down quark or a strange quark, as these decays are very rare compared to
decays into a bottom quark. The corresponding CKM matrix elements are small, thus a
precise determination is needed in order to probe the properties of the CKM matrix in the
SM. Due to the properties of the top-quark, direct measurements of top-quarks decaying
into down quarks or strange quarks would require less theoretical assumptions than the
current best measurements of these CKM elements, using-hadron decays. Nevertheless,
a direct measurement in the environment of the ALTAS detector is very challenging. Hence,
an interpretation of already existing measurement is performed rst, using results from
the measurement of the top-quarkt-channel cross section measurement performed by the
Wuppertal group.A parametrization of all events is used in a pro le likelihood t setup in
order to obtain limits on all top-quark involved CKM matrix elements using three di erent
scenarios. This interpretation is presented in Chapter 8. The results of this work are part
of the publication of the single-top-quark t-channel analysis, were published in Ref. [1].

Building on the results and ndings during the di erent steps of the interpretation, a
proof-of-concept analysis is developed to further investigate potential improvements in
precision measurements of the top-quark involved CKM matrix elements. An optimized
event selection is developed to target all di erent top-quark production and decay processes.
In order to distinguish between the signal events and the background events, a machine
learning based approach using a feed-forward neural network (NN) is utilized. Additionally,
to further enhance the precision, further NN studies are performed to distinguish between
the di erent top-quark t-channel processes. Finally, a pro le likelihood t, independent of
speci ¢ scenarios used in the previous interpretation, is employed to assess the feasibility
of such a measurement. The studies of the proof-of-concept analysis are explained in detail
in Chapter 9.

The overall conclusions of the work presented in this thesis is written down in Chapter 10.



Brief introduction of the Standard
Model of particle physics and the role
of the top-quark

The scienti c eld of particle physics explores the fundamental building blocks of the
universe and the fundamental interaction between these. Starting in the early 20th century,
the application of quantum physics became necessary as classical concepts were no longer
able to describe all phenomena observed in experiments. Based on an increasing number
of experimental discoveries including those of subatomic particles, a theoretical framework
was developed that is known today as SM. The SM comprises the mathematical formulation
of the known fundamental building blocks, the elementary patrticles, their properties and
consequently their interactions. The SM is one of the most thoroughly tested and validated
theoretical frameworks in physics. Although many experiments have successfully tested its
predictions and demonstrated reproducible observations, it is not regarded as a complete
theory. Thus, the goal of particle physics remains one comprehensive fundamental theory,
describing all aspects of the elementary particles and all of their interactions. The analyses
presented in this thesis contribute testing and improving the SM in order to advance the
understanding of particle physics.

2.1 Overview of the Standard Model of particle physics

Symmetries play a fundamental role in physics and the mathematical description of it, as
symmetries are related to conserved quantities as established by Noether's theorem [2].
In the context of quantum eld theory (QFT), symmetries are naturally described by
mathematical structures, the groups In particle physics, groups form the basis for the
description of the fundamental interactions, which are associated with gauge symmetries.
The theory is required to be invariant under local symmetry transformations, so-called
gauge transformations of the elds, hence the corresponding groups are gauge symmetry
groups. Further, gauge transformations form a Lie-group, often referred to as symmetry
group of the theory. Its generators correspond to the independent directions in the
transformation space and de ne the structure of the group. For each generator of a gauge
group, a corresponding eld, called thegauge eld inherently arises. These gauge elds are
also included in the Lagrange densityL ( (x); @ (X)), also referred to as the Lagrangian,
of the QFT to ensure its gauge invariance Consequently, the Lagrangian, which describes
the dynamics and kinematics of a eld (x), is invariant under gauge transformations,
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however it restricts the number of potential terms permitted in the Lagrangian. Due

to the requirement of local gauge invariance, interactions between elds related to the
symmetry group occur. Hereby, gauge elds give rise to mediator particles of the respective
interaction. Additionally, requiring gauge invariance ensures therenormalizability of the
theory under the restriction, that the Lagrangian only includes interactions between three
(fermion or boson) or four (boson) elds, respectively. A QFT is called renormalizable if

all physical observables, e.g. cross sections or decay rates, can be uniquely determined
from a nite number of measurements of a nite set of observables.

The SM is formulated as a renormalizable QFT [3, 4] with a gauge structure de ned
by three gauge groups, which represent the strong, electroweak interactions between
elementary particles: SU3)c SU(2), U(1)y. Similarly to the mediator particles, each
elementary particle corresponds to a eld in the Lagrangian of the SM. The transformation
properties of these elds under gauge symmetries, determined by di erent charges, also
called quantum numbers of each eld, specify which interaction each particle participates
in. The elementary particles in the SM are fermions with spinl=2, the mediators of the
three interactions are vector bosons, i.e. spid particles.

The gauge symmetry groupSU(3)c [5 8] is the underlying structure for quantum chro-
modynamics (QCD), which describes the strong interaction. The indexC denotes the
guantum number indicating the color charge. Historically, its three values are referred to as
red, blue and green. The SM contains six elds which transform as triplets undeSU(3)¢
transformations and thus carry color charge and are subject to the strong interaction.
These elds are referred to agquarks In contrast, leptons do not interact due to the strong
interaction, as the corresponding elds transform asSU(3) singlets. The gauge eld of
the SU(3)c corresponds to eight kinds of vector bosons, thgluons Since the gluon eld
belongs to the adjoint representation of the group, i.e. it transforms under theSU(3)¢

in the same way as its generators, gluons themselves carry color charge. In addition, the
SU(3)c is a non-abelian group, hence gluons also interact with themselves.

The strong interaction preserves the charge conjugation-symmetnyC, i.e. the interaction

is not altered when the electric charge of a fermion is reversed. Furthermore is also
preserves the parity symmetry,P, ensuring that the interaction remains invariant under
the inversion of the spatial coordinates of a particle. In the Lagrangian of the strong
interaction, CP-symmetry is not necessarily broken, however, experimental observations
suggest that any potential violation is extremely small or even absent.

The electroweak sector of the SM is described by the underlying product of the symmetry
groups SU(2),  U(1)y [9 12]. Hereby, the gauge groupSU(2), is the gauge group for
the weak interaction. The index L indicates that the three gauge bosons of th&U(2), ,
W 1; W, and W3 only couple to left-handed fermions. Left-handed fermions are eigenstates
of the chirality operator, ® with an eigenvalue of 1, while right-handed particles have
an eigenvalue of+1. For massless fermions, the chirality coincides with the helicity, i.e.
the projection of the spin of the particle onto the direction of motion. There are three
doublets transforming under the SU(2),, L;. = ( ‘;‘)l ;1 =1;2;3, each containing a
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massive left-handed lepton, *, and a corresponding left-handed massless lepton, called
neutrino, -. In addition, there are right-handed singlets for the massive leptons; g,
however no right-handed neutrinos are included in the SK¥. For quarks, there are three
SU(2), doublets, Q;. = (uy; dL)I ; 1=1;2;3, consisting of a left-handed up-type quark,
u_, and a left-handed down-type quark,dE. Further, there are six singlets, gz, each
describing a right-handed up- or down-type quark.

All particles that transform as SU(2), doublets carry a quantum number, the weak isospin
I'V', which is corresponding charge of the weak interaction. It is evident from the doublet
structure, that these particles have a weak isospin of V = % with the third component

being I},N =+ % for the upper component, while for the lower component it isIéN = %
Consequently, for the particles in SWY2), singlets, | W=o applies.

The U(1)y denotes the symmetry group, which in combination with theSU(2), , determines
the electromagnetic interaction. The gauge boson of thé&J(1)y symmetry group is the B,
which couples to theweak hyperchargeY,y, . Contrary to the strong interaction, the weak
interaction violates both, the charge conjugation-symmetry and the parity symmetry. In
the SM Lagrangian, the electromagnetic part isCP-symmetric.

In the most general possible Lagrangian of the SM, free parameters calledupling constants
for each interaction occur. These parameters determine the strength of the interaction.
The coupling constant for the strong interaction is denoted agys, while the corresponding
coupling constants for the SU(2), and U(1)y are given by g0 and g, respectively. In
contrast to their nomenclature, the coupling constants do in fact depend on the energy-
and momentum-scale at which the interaction occurs. Due to the impose&U(3): gauge
invariance, g increases for small energy- or momentum scales, i.e the interaction strength
between two color charged particles increases largely. While there is no mathematical proof,
this behavior qualitatively explains the existence of color-neutral boundstateshadrons
build by two or three quarks, and the con nement of quarks and gluons inside these
boundstates. Con nement further describes the e ect when separating two color-charged
particles, the energy added to the system leads to the creation of quark-antiquark pairs.
As a result, instead of two separate color charges, multiple color-less hadrons are formed.
Subsequently, g; decreases with increasing energy scale. Accordingly, the interaction
strength between two color charged particles becomes smaller the smaller their distance.
Consequently, at su ciently high energies, quarks and gluons can be treated as free
particles. This characteristic is calledasymptotic freedom[6, 7]. An important implication

of this phenomenon is that pertubation theory, used in calculations for the QCD, is valid
only for asymptotic free quarks and gluons. Both of these phenomena have therefore
implications for high energy particle physics experiments. The e ect of asymptotic freedom
also exists mathematically in other non-abelian gauge theories, such as the &), .

Due to the SU(2),.  U(1)y symmetry of the electroweak interaction, the aforementioned

'More on particle masses in the last paragraph of this chapter.
2Right-handed chirality states of neutrinos have not been observed, hence they are not considered a part
of the SM in order to stick to a minimal formulation of the theory.
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four gauge bosonssu(2), , W,;W,, W3 and B, are massless in the SM formulated thus
far. Moreover, the SM Lagrangian formulated thus far, does not include direct mass terms
for fermions as well, as these would violate the gauge invariance. However, this presents
a contradiction with experiments which measured massive fermions and massive vector
bosons.
A central aspect of the SM to solve this contradiction is the concept ofspontaneous
symmetry breaking This principle follows from the Brout-Englert-Higgs mechanism [13
15], which introduces another eld, the Higgs eld, ", into the SM Lagrangian. The
Higgs eld is a scalar boson eld, i.e. it has spin0, with a hypercharge ofY = % An
important feature of the Higgs eld, is displayed by its transformation as aSU(2), doublet:
=( " O)| . As both scalar elds, * and ° are complex elds, this yields in four
degrees of freedom. Further, when the Higgs potentialV ( ), is constructed such that it
leads to a nonzero vacuum expectation valuey, the SU(2), U(1)y symmetry is brokert.
Since this e ect is not caused by a term in the Lagrangian, it is called spontaneous
symmetry breaking. Of the four degrees of freedom, three correspond to three massless
Goldstone bosons, while one real scalar eld corresponds to another particle, the Higgs
boson, h®. The three Goldstone bosons are not observed, since together with th& and
B bosons they give rise to the masses of the physics and Z° bosons. Addtionally,
the Lagrangian with the Higgs eld is characterized by two free parameters, and . The
former is a coupling constant for self-interactions of the Higgs boson, while? describes
the form of the Higgs potential. Both are free parameﬁe@f the SM and connected to

the non-vanishing vacuum expectation value viav = 2, Similarly to the vacuum
expectation vaIHe the mass of the Higgs boson is a free parameter of the SM, as the

relation m o = 2y 2 applies. The ATLAS and CMS experiments, which observed the
Higgs boson for the rst time in 2012 [17, 18] have measured both values to be 246 GeV
and m,, 125CeV.

A consequence of the Broud-Englert-Higgs mechanism, theass eigenstatesi.e. physical
bosons, emerge from a superposition of thimteraction eigenstates the aforementionedW
and B bosons. Mass eigenstates correspond to the physical particles with a well-de ned
mass which propagate freely. In contrast, interaction eigenstates describe how particles
couple to the fundamental interactions. As visible in Equations(2.1) (2.2) (2.3), both
states are not required to coincide, and thus superpositions of interaction eigenstates can
create a mass eigenstate. In the electroweak sector of the SM, the particles observed
experimentally are theW bosons, thezZ® boson and the photon,

W = pl—z\/\‘ll iV (2.1)
Z=cos( w)W3 sin(y)B; (2.2)
=sin( w)W3+cos( w)B: (2.3)

Here, , denotes the electroweak mixing angle, also referred to Weinberg angle [10]. It is
0
dened astan( ) = % The masses of theV  boson and thez° result in Myy 9—2" and

®Note, the Lagrangian is still invariant under SU(2), U(1)y, but the physical elds do not re ect the
symmetry. See Ref. [16]
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my = @ respectively, while the photon remains massless. The photon mediates
the electromagnetic interaction in the SM, as it couples to the electric chargeQ, of a
particle. The electric charge of a particle is connected with its weak isospin and the weak
hypercharge, by the relationQ = TQN + Yy . Up-type quarks have an electric charge of
Q=+ % whereas down-type quarks have an electric charge € = 13. The massive
leptons in the SM carry an electric charge ofQ = 1, in contrast the neutrinos do not
carry an electric charge.

For both, the vector bosons and the fermions, mass terms occur in the SM Lagrangian after
the Higgs eld acquires a vacuum expectation value, thus quarks, leptons and mediator
bosons gain mass via interactions with the Higgs eld. In the SM, the interactions between
fermions and scaler elds, such as the Higgs eld, is the so-calleMukawa-interaction.
The masseps of the fermions are proportional to the value of the coupling constanky :
m; = h;v= 2. However, neutrinos remain massless, as the formulation of mass terms in the
SM Lagrangian requires the existence of right-handed chirality states. For every fermion in
the SM, there exists a corresponding anti-fermion with reversed electric charge and opposite
quantum numbers under the interactions, while the mass, spin, and overall interaction
strength remain the same. A schematic overview of all fermions and bosons including
important properties and the interactions they are subject to or mediate, respectively, is
given in Figure 2.1.
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Figure 2.1: Schematic overview of the particles of the SM. The leptons and quarks are
sorted by their third component of the weak isospin. The mass values are
taken from Ref. [19]. Grapic adapted from Ref. [20].



2.2 Flavor changing currents and the CKM matrix

The two types of fermions in the SM, the leptons and the quarks, are each ordered in three
generations. For the leptons, each generation consists of one electricly charged massive
lepton and its corresponding neutrino. The rst generation includes the electron ¢) and
the electron neutrino ( -), while the second generation contains the muon () and the
muon neutrino (). Lastly the third generation consists of the tau lepton ( ) and the tau
neutrino ( ).

Quarks are classi ed into six avors, split into three up-type quarks, speci cally the
up-quark (u), the charm quark (c) and the top-quark (t), and three down-type quarks,
namely the down-quark (), the strange quark (s) and the bottom quark (b), with one
guark of each type forming a generation. The up-quark and down-quark build the rst
generation, the charm quark and strange quark the second generation, and the top-quark
and the bottom quark the third generation.

The hierachy of these fermion generations is arranged by the mass values of the fermions,
with the lightest ones populating the rst generation and the heaviest ones the third
generation. All fermion masses are free parameters in the SM and hence, need to be
measured experimentally. The determined masses follow the sequencer, < m. <
my;mg<mg<mpandm,<m <m [19]. Regardless of the avor, all fermions across
di erent generations interact identically in the SM, hence this phenomenon is referred to as
avour universality of the SM. In addition, interactions between fermions across di erent
generations are realized viadharged currents These interactions, especially between quarks,
and their implications are discussed in the following chapter.

2.2 Flavor changing currents and the CKM matrix

The weak interaction in the SM uniquely allows for transitions between di erent generations
of fermions. These interactions occur by charged current interactions mediated by the
W bosons. The avor changing nature of the charged current interactions is a direct
consequence of the weak isospin structure: The weak interaction acts &U(2), fermion
doublets, in such a way that the charged current is associated with the ladder operators
I =1, il,, inducing a transition of the weak isospin projectionl; by 1, respectively,
and thus, changing the avor of the fermion.

As discussed in the previous section in the context of the electroweak interaction, the mass
and interaction eigenstates of particles do not necessarily align. In the case of the quarks,
both, their masses and mixing between certain quark eigenstates arise from the Yukawa
interactions. The relevant part of the SM Lagrangian describing the Yukawa interaction

between quarks and the Higgs eld before the spontaneous symmetry breaking is given by

0 1

X - —_
Lgeks = @ viQl dlg+ Y'QlL ulg+hcA: (2.4)
i

Speci cally, the Yukawa interaction is represented by the3 3 complex matricesY“;d,
the Higgs eld is denoted as and =i isthe2 2 antisymmetric tensor, with  being
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the Pauli matrices. The left-handed quark doublets in the weak eigenstate basis are given
by Q| , whereasdg and ug correspond to the right-handed up- and down-type quark
singlets, respectively. After spontaneous symmetry breaking, with acquiring its vacuum
expectation value, the Lagrangian yields mass terms for the quarks:

v X - -
L Juarks = P Yid. di g+ Yi'ul ulg + he. (2.5)

1)
These terms result in the quark mass matricesit ud p"—EY“;d. The Yukawa matrices and
thus the mass matrices are in general not diagonal - in fact, in the SM both matrices are not
diagonal. Thus, the physical states of the quarks observed need to be obtained by singular
value decomposition ofY “" using unitary transformations, V,\; V\*; V" V! 2 U(3):

u V

M giag. = %VL“YUVF‘;V; (2.6)
d V |, dy dy,dy.

M diag. = %VLY Vs (2.7

Hereby, V| are independent unitary matrices, i.e. Vqi VgY = 1. The mass matrices

v uid are independent and, in general, cannot be brought to diagonal form simultaneously
with one matrix, but four di erent unitary matrices are needed which each corresponding
to a quark eld of the weak interaction. Transformation of each quark eld into a new base,
the mass eigenstates, is given by™**® = V"ul and d™** = v%d_ , respectively. The
most terms of the SM Lagrangian is symmetric under this quark eld transformation and
the newly introduced transformation matrices, VF‘jf, cancel out because of their unitary
properties. The charged current Lagrangian of the SM, however, is not symmetric under
the quark eld transformation:

Lee = p% wVE WV v WV (2.8)
— g — + \y Uy dy - dy suy
= p=(m. W VL VYa +d W VIV w) (2.9)
2 | —{z} [={z=}
Vekm chKM
The matrix Vckm IS the CKM matrix [21, 22]:
1
Vud Vus Vub
Verm = @Vgg Ves Vo (2.10)
Ve Vis Vi

Hence, each elemenVcky .y connects a left-handed up-type quark of the-th generation
with a left-handed down-type quark of thej -generation. Thus, the quark eld transformation
introduces transitions between di erent generations. In the SM, conventionally, the weak
interaction eigenstates correspond to the mass eigenstates for the up-type-quarks. The
CKM matrix is then utilized to obtain the eigenstates to the weak interaction for the
down-type quarks, (do; % b%' , from the corresponding mass eigenstategd; s; b)I :

i 01
d d

@SOA = VCKM @SA (2 A 1)
b’ b
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Each element of the CKM matrix corresponds to an imaginary number, all of these being
free parameters of the SM which values can be measured. All matrix elements are labelled
according to both quark avors instead of the generation index.

As a unitary 3 3 matrix, the CKM matrix is determined by nine real parameters and
nine imaginary parameters. From the unitarity condition, Vew Vi = 1, follows that
all lines and all columns need to be orthonormal:
X X
= \/” \/ik = jk! and \/” ij = ik for all J, k, (212)
i i

with V; being the CKM matrix element of the i-th line and j -th column, and V;, being the
complex conjugated CKM matrix elements. As a result of these conditions, six real (phases)
and three complex (angles) unitary constraints are imposed on the matrix elements. These
nine constraints reduce the total number of independent parameters from eighteen to nine.
Another ve parameters can be absorbed by relative quark phases: Since there ale = 3
quark generations in the SM, there are2 N = 6 freely de nable phases for the quark
elds. i.e. quark elds can independently be rede ned by multiplying them with complex
phase factors. Each quark eld has a corresponding complex phase that can be freely
chosen, e.g.u ! e (“)uL. However, one global phase for all quark elds exists with
Vi = e 0 (')Vij . This global phase does not have any physical signi cance as it cannot
be observed and thus, can be factored out, leaving N 1 =5 independent phases.
Consequently, the number of free parameters of the CKM matrix further reduces from
nine to four free parameters.
Therefore, the CKM matrix can be parametrized by three mixing angles and one phase. A
conventional parametrization choice is given by (2.13) [23]:

0 10 10

1 0 0 Ci3 0 S13€ Cio S12 0
Vem = @0 3 s, ,A@ 0 1 0 A@ s, cp
0 Sy3 Co3 SlSel 0 Ci3 0 0 1
0 : 1
C12C13 . S12C13 - S13€
= ED S12C23  Cc2S23513€  CioCp3  S12523S13€ 523013X : (2.13)
$12S23  C12C23S13€ C12S23  S12C23513€  Cp3Cia

The complex phase is denoted as, the three mixing angles, 1,, 13 and ,3 appear in
sj =sin j andg; =cos j, respectively.

Historically, before a third quark generation was considered, a mixing of the weak eigenstates
of the rst two quark generations was proposed by Cabibbo [21].

d _ cosc sin. d

sO sin c cosc s (2.14)

The Cabibbo angle, , describes the mixing in this rotation matrix and determines
its structure. With the extension to three quark generations, it was observed that the
hierachical structure of the elements was retained, and further, that all CKM matrix
elements exhibit a certain pattern. While the diagonal elements were measured to be

10
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close to unity, the o -diagonal elements decrease in magnitude with increasing distance
between the generations, i.e. with increasing distance from the diagonal. The Wolfenstein
parametrization has become a convenient parametrization of the CKM matrix to re ect
its hierachy [24]. In the Wolfenstein parameterization, the CKM matrix is expressed in
terms of four real parameters, ;A; and , which are de ned from [24 26]

= spy) A 2= sy (2.15)
5131—:‘i ; (2.16)

AS(+i)

with the parametrization being expanded in orders of . Thus, the Wolfenstein parametrization
of the CKM matrix is used as an approximation of the standard parametrization in
Equation (2.13). In equation (2.17), the traditional form of the Wolfenstein parameterization,
up to the order 3, is given®:

0 1

N

1 - A S )
Vokm = @ 1 7; A2 K+0O(%Y: (2.17)
A 3a i) A 1

Both, the Wolfenstein parametrization (2.17) and the standard parametrization (2.13)
contain the complex phase which is responsible foEP -violating phenomena in avor-
changing interactions. In fact, the extension to three generations was necessary in
order to explain observedCP-violation in the SM, as with only two generations of
quarks, CP-violation is not allowed due to the absence of a complex phase. In the
standard parametrization exhibits the CP-violation, while equivalently in the Wolfenstein
parametrization the rates of CP-violation correspond to and

A phase-convention-independent quantity directly related to the CKM matrix and its
parameters is the Jarlskog invariantd [27]. It is de ned as

, 652
= $12513523C12Cp3C13SIN = A (2.18)

and serves as a measure @P violation. A vanishing of J would correspond to the

absence ofCP-violation. In addition, J is directly related to the di erences of the quark
. u:;d .

masses. The commutator algebra of the mass matricef ", yields

h i
C= M MNMgMY = M MM Ny M gN e s (2.19)

with C 6 0 sinceM 4 and N, cannot be diagonalized simultaneously. For its determinant
follows that %
det(C) /J mﬁk mﬁ mjz;k mj2;| ; (2.20)

k>
with m;; being the entries of the mass matrices. In the case that two quarks are degenerate
in their masses, the determinant would vanish. Analogously, the determinant would vanish

“The Wolfenstein parametrization is exact at high enough orders. Furthermore, it ensures unitarity to all
orders in

11
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if all quarks would have no masses Consequently, an analogous mixing in the lepton
sector is not realized, since neutrinos are massless in the SM.

Experimentally, J is determined to be at the order ofO 10 ° [19]. Hence, theCP-
violation is considered small in the SM.

2.2.1 Determination of CKM matrix elements

Precise measurements to determine the magnitudes of the CKM matrix elements are
essential to verify SM, as all CKM matrix elements are free parameters of the SM. Further,
the fundamental parameters, and the three mixing angles, ;,, 13 and »,3 are obtained
using the measured CKM matrix elements. Experimentally, the entries of the CKM matrix
are determined through measurements of quark transition rates and ratios.

The most precise determination for the CKM matrix elements is obtained using a global
t to all available measurements®. The t results for the Wolfenstein parameters, which
are used by state-of-the-art MC generators (see Chapter 5) are [19]

=0:22501 0:00068 A = 0:826'Q318 :
=0:1591 0:0094 =0:3523%,3973 : (2.21)

The magnitudes of all nine CKM matrix elements is determined as [19]

0 0:0000901
0:97435 0:00016 022501 0:00068 0003732%390052

iVekm | = @0:22487  0:00068 097349 0:00016 004183%:9048 A (2.22)
. 0:00019 . 0:000 . 0:000029
0:00858 5iooory  0:0411T %0006 0:999118 000054

Hereby, the o -diagonal CKM matrix elements investigated in this thesis, V,q and Vs, are
measured inB°-B° mixing processes, which are dominated by Feynman box-diagrams
including virtual ! top-quarks, and by loop-mediated kaon andB-meson decays, also
including virtual top-quarks. Hence, theoretical uncertainties in the description of hadronic
e ects in these processes limit the accuracy of the current determinations [19]. On the
other hand, single-top-quark and top-quark pair cross section measurements are utilized to
obtain Vy,. The di erences arise from the properties of the top-quark, which are examined
in the following chapter.

2.3 Properties of the top-quark

The top-quark belongs to the third generation of quarks in the SM, which was predicted in
order to explain the observed phenomena of avor-changing interactions an€ P -violating

>This relation is also consistent with the requirement of three quark generations in the SM since just two
existing quark generations would again lead to C = 0 and therefore no CP -violation.

®And imposing SM constraints, i.e. unitarity

"Particles not produced on the mass-shell are called virtual.
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processes. The hypothesis of a third generation was reinforced when the bottom quark was
discovered in 1977 [28], providing the rst experimental evidence for a third generation
of quarks. Its weak isospin partner, the top-quark, was discovered nearly two decades
later, in 1995, at the Tevatron at Fermilab in proton-antiproton collisions by the D@ [29]
and CDF collaboration [30]. The left-handed top-quark in the SU(2), doublet has an
electric charge ofQ = 2=3 and a projection of the weak isospin ofl; = +1 =2, whereas the
right-handed top-quark is evidently an SU2), singlet.

It is the heaviest elementary particle measured to date with its mass being 40 times
larger than the mass of theb-quark, the second heaviest particle in the SM. At Tevatron,
the CDF and D@ experiments measured its mass, as well as currently the ATLAS and
CMS experiments. The average top-quark mass value from the latter two experiments,
combining several measurements, yieldsy, = 172:52 0:14 (stat.) 0:30 (syst.) GeV [19].
The measured mass corresponds approximately ta, ' p"—é i.e it is the only particle in
the SM which Yukawa-coupling is on the order of unity. Further, sincem, is larger than
the W-boson mass, the top-quark is the only quark that decays into &V-boson on mass
shell and another down-type quark.

As indicated in the previous chapter, it was found that the top-quark nearly exclusively
decays into ab-quark. Thus, its decay width , is expected to be characterized primarily
by the t! Whbdecay. The decay width of the top-quark at Next-to-leading order (NLO)
accuracy is given by [31]

! B I
2
Gem? mey ma, 25 22 5
= Lo W g4 W g 2S5 2 2 2.23
‘82 m? m? 3 3 2 (2.23)

Using the world average for theW-boson massm,y, = 80377 12MeV [19], andGg =
1:1663788(6) 10 >GeV 2 [19], the top-quark decay width yields , = 1:326 GeV [19] with
a theoretical precision of better than 1%. For the calculation, a top-quark mass reference
value of m; = 172:5GeV is inserted. A direct measurement of the top-quark decay width
was done by the ATLAS experiment, resulting in = (1:9 0:5) GeV=¢*.

The corresponding lifetime of the top-quark is = % 05 10 **s. Consequently, this

lifetime is too short for strong interactions to alter the properties of the top-quark or
con ne it within a hadron. As a result, the top-quark is the only quark that e ectively
remains free during its existence. This property distinguishes the top-quark from all other
quarks in the SM, which form hadrons prior to their decay.

In the proton-proton collisions at the LHC, top-quarks are produced mainly in pairs (t).
The production cross section is measured by both, ATLAS and CMS, with the most
precise measurements to-date resulting iny =829 1(stat.) 13(syst) 8(lumi.)
2(beam)pb [32] and ; = 791 1(stat.) 21(syst) 14 (lumi)pb [33], respectively.
These results are in agreement with theoretical predictions at next-to-next-to-leading order
(NNLO)+next-to-next-to-leading logarithmic (NNLL) [34] resummations. In contrast,
single-top-quark production in the t-channel, tW -channel ors-channel cross sections yield
in smaller values. For the s-channel production the most recent measurement at the
LHC from ATLAS measured ¢ chan = 8:2+32§g pb [35], for the tW -channel CMS measured
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2.4 The top-quark and physics beyond the Standard model of particle physics

w =79:2 O:9(stat.)+78§S (syst) 1:2(lumi.) pb [36]. All results are again in agreement
with theoretical predictions of the SM. The most recentt-channel cross section measurement
in ATLAS was done by Joshua Reidelstiirz et.al [1] and an overview is given in Chapter 8.1.
This measurement was utilized in order to obtain a measurement, not just ofVy,j, but also
jViq] and jVij. Due to the unique property of its short lifetime, this direct measurement
of CKM matrix elements involving the top-quark is particularly well-motivated. Since the
top-quark does not hadronize, it decays solely by the electroweak interaction, allowing
in principle for a direct extraction of the top-quark involved CKM elements without
additional hadronic uncertainties. The average value ofV,,j calculated using ATLAS
and CMS single-top-quark measurements is estimated to bp/y,j = 1:007 0:030 with a
world average using also measurements at the Tevatron resulting iVy,j =1:01  0:027.
Therefore, due to the unitarity assumption in the SM, the values ofVy and Vs are much
smaller, and thus are not likely to be precisely measured from top-quark decays. As
discussed in the previous chapter, determinations 0¥,y and V,s are primarily obtained
from B°-B° mixing. However, these measurements rely on theoretical assumptions to
account for hadronic e ects, which introduce uncertainties that limit the precision of the
extracted CKM elements. A direct measurement ofV,y and V5 in top-quark decays would
thus provide an alternative approach, reducing model dependencies and improving the
understanding of avor transitions in the SM. The work presented in this thesis contributes
to this e ort.

2.4 The top-quark and physics beyond the Standard model
of particle physics

Despite the great success of the SM in describing fundamental particles and their interactions,
it is not considered a complete theory. Numerous unanswered questions arose from
experimental observations during its origin and construction in the last decades and some
questions still remain. In the search for a more profound theoretical framework describing
particles and their interactions, extensions of the SM, BSM theories, are explored. Some
of the most signi cant open key questions to date concern the nature of dark matter,
which is estimated to be responsible for abouR7% of the energy content in the universe.
Observations regarding the motion of galaxies and galaxy clusters suggest that most matter
in the universe is not visible and does not interact via any force described by the SM. Dark
matter is theorized to be a form of exotic matter that interacts primarily through gravity,
which is also not included in the SM, and possibly the weak force. There exist multiple
BSM theories providing frameworks for the description of dark matter. Prominent samples
are supersymmetry models [37 39], which proposes that for every known particle, there
exists a partner particle with di erent spin properties, aim to provide a framework to
describe dark matter.

Further, the SM does not explain the reason for the observed matter-antimatter asymmetry
in the universe, with an observed predominance of matter over antimatter in the universe.
While the SM does predict and explain CP-violation, the amount of it predicted is
insu cient to account for the observed asymmetry.
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Similarly, the discovery of neutrino oscillations, i.e. the mixing of di erent neutrino avors,
is observed. Hence, neutrinos are expected to have mass. The SM, however, does not
include any mechanism for neutrinos obtaining mass.

The top-quark plays a pivotal role in many areas of particle physics, not only due to its
unique properties within the SM but also because of its potential implications for BSM
physics.

One of the most signi cant properties of the top-quark is its coupling to the Higgs boson,
as it is the largest among all particles in the SM. This large coupling implies that the top-
guark has a crucial role in further understanding the mechanism of electroweak symmetry
breaking. In particular, two keys aspects of BSM physics include the top-quark.

First, the top-quark is crucial in the hierachy problem in the SM, which arises from large
guadratic radiative corrections to the Higgs boson mass. The dominant contribution to
these corrections comes from top-quark loops due to its large Yukawa coupling. In the
SM, these corrections push the Higgs mass toward much higher energy scales, than the
experimentally observed value. Large adjustments of the theory's parameters, due the need
for a cancellation between large quantum corrections and an assumed bare Higgs boson
mass to achieve the measured mass, is regarded highly unnatural. Therefore, additional
mechanisms or symmetries, such as supersymmetry or compositeness [40], are suggested
in order to stabilize the calculations by introducing additional particles that cancel these
corrections.

Second, the large coupling strength between the top-quark and the Higgs boson makes it a
sensitive probe for new physics at higher energy scales than the SM. Many BSM theories
predict deviations in Higgs-top-quark interactions, such as modi cations of the top-quark
Yukawa coupling or the presence of additional Higgs-like states [41 44]. Furthermore, new
particles associated with the electroweak symmetry breaking could preferentially couple to
the top-quark due to its large mass, leading to measurable e ects in processes involving
top-quark-Higgs interactions.

These examples highlight some of the most pressing challenges in theoretical particle physics
and demonstrate why investigating the top-quark's properties and its interactions in and
beyond the Standard Model is essential. Examining processes involving the top-quark,
leads to a more complete understanding of the universe and its fundamental forces.
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The ATLAS Detector at the Large
Hadron Collider

In order to probe the SM at the highest accessible energies and with increasing precision,
large-scale experiments were build and developed. Particle accelerators play a central
role in these experiments. They enable high-energy particle collisions that are necessary
to recreate conditions similar to those of the early universe and therefore to investigate
fundamental interactions predicted by the SM. Over the past decades, increasingly powerful
accelerators were constructed to extend the accessible energy frontier. The largest particle
accelerator to date is the LHC [45 47] at European Organisation for Nuclear Research
(CERN). Among these, the ATLAS detector was designed to investigate a wide range of
physics processes, performing precision measurements as well as searches for BSM physics.
In this chapter, rst the LHC is introduced and afterwards, a detailed overview of the
ATLAS detector is provided with a focus on its key components and capabilities.

3.1 The Large Hadron Collider

The LHC is a circular accelerator with a circumference o27 km. It is situated in the
former Large Electron Positron Collider (LEP) tunnel at CERN. As successor of LEP,
the LHC was built to study particle interactions using proton-proton collisions. For this
reason, LHC can accelerate proton beams up t6.8 TeV. Further, the LHC is used to
accelerate lead ions up to 2.51TeV. In Figure 3.1, the LHC is shown as part of the
CERN accelerator complex. The protons are obtained by ionizing hydrogen gas and
then accelerated in several steps. First, a linear accelerat%l(LinaCZ) gets the protons to
50 MeV. As a second step, the protons are injected into the Proton Synchrotron Booster
(BOOSTER), which accelerates them to an energy ofl..4 GeV and splits them into bunches.
Each proton beam consists of more than 2500 bunches, witho' protons per bunch [49].
The used bunch spacing i25ns Afterwards, the proton bunches are sequentially injected
in the Proton synchrotron (PS), which accelerates them to25 GeV, and the Super proton
synchrotron (SPS), which increases their energy further ta450 GeV. At this point, the
protons are injected into two separate beam pipes in the LHC. The beams circulate in
opposite directions. Superconducting magnets are used to hold the protons on their tracks,

'In addition, runs with xenon and oxygen nuclei were performed.
%Linac2 operated until the end of Run 2 in 2018. For Run 3 it was repaced by Linac3 in 2020, which can
accelerate the protons to 160 MeV.
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The CERN accelerator complex
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Figure 3.1: Overview of the CERN accelator complex [48]. All pre-accelerators are shown,
as well as the experiments at the four interaction points and smaller experiments
at CERN.

whereas superconducting cavities either keep the beams at a given energy or increase
the energy slowly. Between 2015-2018 (Run 2) the reached centre-of-mass energy in
proton-proton collisions was 13 TeV.

There are four interaction points (IPs), where the beams, either proton-proton, lead-lead
or proton-lead, are brought to collision. At each, one of the large LHC experiments is
located: ATLAS [50], CMS [51], LHCb [52] and ALICE [53]. The ALICE detector focuses
its physics program on heavy-ion involved collisions to investigate high-density QCD states,
e.g. the quark-gluon-plasma, while LHCb is build to precisely measure the properties of
hadrons containing ab-quark. On the other hand, ATLAS and CMS are multi-purpose
detectors, build to measure a variety of phenomena.

Due to the bunch spacing, the LHC was operated at a crossing rate @0 MHz. The event
rates, dN=dt, are determined by the instantaneous luminosity,L s :

dN
ot = Linst (3.1)

with  being the cross section of the physics process of interest in the collisions aNdthe
number of originating events of that process.

The LHC was rst operated from 2009 to 2013 (Run 1) at a centre-of-mass energy gf§ =

7 TeV and 8 TeV, achieving a peak instantaneous luminosity ot ;,s; = 8 10%%cm °s ! [54].
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In Run 2, the achieved peak instantaneous luminosity was increased tbj,q¢ = 2:1
10*cm 2s ! [55]. Taking the integral over Equation 3.1, leads to the integrated luminosity:
z
Lint =  Linstdt: (3.2)

The integrated luminosity recorded by the ATLAS experiment in Run 2 amounts to
Ly =140:1 1:2fb * [56].

Currently, the LI—bC continues with Run 3, since 2022 and until the end of 2025. Data
are collected at' s = 136TeV. The integrated luminosity is expected to be up to
200b 1 [57].

3.2 The ATLAS Detector

The ATLAS detector [50] is built around one of the collision points of the LHC and
nominally forward-backward symmetric with respect to the IP. It covers nearly the entire
solid angle around the collision point, excluding the beam pipe and gaps in the detector
construction, used for support structure and detector infrastructure. With a length of
approximately 46 m and a diameter of approximately 25m, the ATLAS detector is the
largest detector at the LHC. A schematic view of the structure is shown in Figure 3.2.
Because of its geometry, the ATLAS detector is commonly described using a cylindrical
coordinate system, in which the beam pipe is de ned as the-axis. The origin of this
right-handed coordinate system is the nominal IP in the centre of the detector, with the

25m

Tile calorimeters
LAr hadronic end-cap and
, forward calorimeters
LAr electromagnetic calorimeters
Muon chambers Solenoid magnet | Transition radiation tracker

Semiconductor fracker

Torold magnets

Figure 3.2: Cut-away view of the ATLAS detector [50]. The overall dimensions of the
detector are shown, as well as the arrangement of its subdetectors.
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X-axis pointing torwards the centre of the LHC ring and the y-axis standing vertically
on the x y-plane, pointing upwards. Hence, the radial coordinater and the azimuthal
angle around thez-axis, , are used as coordinates in the transverse plane ( y plane).
The polar angle with respect to the beam axis, , is used to de ne the pseudorapidity
= Intan 5 . In the relativistic limit that particle masses are negligibly small with
respect to their momenta, approaches the true rapidity y, which is a Lorentz invariant
measure. Thus, di erences between two pseudorapidities are Lorentz invariant under
boosts in z—dirqﬁ:tion. The angular distance between two objects in the -plane is

givenby R= ( )?>+( )2 The transverse momentum of a particle is calculated by

projecting the momentum of a particle to the transverse plane:pr = p,2< + p§

In order to study the properties of particles generated in the proton-proton collisions,
the ATLAS detector consists of several detector parts, all arranged in layers around the
collision point. Each sub-detectoris designed to ful ll speci ¢ tasks in measuring the
properties of each type of particles, as individual particles leave distinct signatures in the
di erent detector components. The sub-detectors are described in detail in the following.

3.2.1 The Inner Detector and tracking system

The innermost part of the ATLAS detector is the Inner Detector (ID) [58, 59], which
itself is surrounded by a superconducting solenoid magnet [60]. The magnet eld of
the solenoid is2T. The ID is measuring the trajectories of charged particles and has
a coverage off j < 2.5. The tasks of the ID are pattern recognition, momentum and
vertex measurements, and electron identi cation. The momentum of charged patrticles is
determined from the bending of their trajectories due to the applied magnetic eld, with
particles having a smaller momentum undergoing a stronger bending than particles with
higher momentum. The general tracking resolution is , =pr = 0:05% 1% The ID
consists of three independent but complementary parts: The pixel detector [61, 62], the
Silicon Microstrip Tracker (SCT) [63] and the Transition Radiation Tracker (TRT). The
schematic layout in Figure 3.3 shows the arrangement.

The system of the ID closest to the IP is the pixel detector, which is arranged in three
layers cocentrically around the IP in the barrel region and in two end-caps each consisting
of three disk layers perpendicular to the beam axis. There are 1744 silicon pixel sensors
build in the pixel detector with 47232 pixels on each sensor. These pixel sensors measured
the ionization energy deposited by charged particles from the proton-proton collisions.
The pixel detector has approximately 80.4 million readout channels. The nominal pixel
size is50 400um?, which is prede ned by electronics design limitations. All pixel layers
are segmented inR and z, thereby the intrinsic resolution in the barrel region is 10um
in R and 115um in z, and for the end-cap region it is1Oum in R and 115um in R.
An additional layer, the Insertable B-Layer (IBL) [64, 65] was inserted as the innermost
layer of the ID before Run 2 of the LHC. It consists of 14 staves which hold 20 pixel sensor
modules each.

The IBL has approximately 12.4 million readout channels. The size of the silicon pixel
sensors is reduced t&0 250pm2 compared to the pixel detector. Hence, it provides
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21m

End-cap transition radiation fracker
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Figure 3.3: lllustration of the layout of the ID [50]. The cut-away view shows the overall
dimensions, as well as all sub-systems in a cut-away view.

an additional high-precision measurement per track Ifit), which improves the impact
parameter measurement and also primary and secondary vertex reconstruction. These
improvements directly translate into the performance of the ATLAS avour-tagging
algorithms. A detailed description of avour-tagging in ATLAS is given in chapter 4.5.2.
The SCT is placed around the pixel detector. It consists of eight strip layers, which are
crossed by each track, ordered in four cylindrical layers around the barrel. Additionally,
the two end-caps contain nine disk layers each. A total of5912sensors are built into the
SCT, with each sensor comprising/68 active silicon strips, corresponding to approximately
6:3 million readout channels. The SCT uses stereo strips, which are o set b0 mrad. In
the barrel region, one set of strip modules per layer is parallel to the beam direction. In
contrast, in the end-cap regions, one set is arranged radially to the beam pipe. Similar to
the pixel detector, all SCT layers are segmented iR and z. The intrinsic resolution

in R is 17um for both, barrel and end-cap region. The resolution inz is 580um in the
barrel region, and for the end-cap discs it i9580um in R. This layout covers the whole
ducial coverage of the ID, yielding in at least four additional hits per track.

Surrounding the SCT forj j < 2.0 is the TRT, which consists of 4 mm diameter straw
tubes. These straws are either lled with a xenon-based gas mixture, or in case of straws
belonging to modules with large gas leaks in Run 1, are lled with an Argon based gas
mixture [66]. In general, the TRT operates as a drift chamber, with particles depositing
energy in the active gas. In the barrel region52544straws are aligned parallel to the
z-direction, whereas in the end-cap region two sections witlh22880strays each, are aligned
perpendicular to the beam axis, pointing outwards in the radial direction. The barrel
region of the TRT consists of 73 layers of straw tubes, which are arranged in three clindrical
rings, while both end-cap sections are composed of two sets of identical but independent
wheels. The 350848 readout channels of the TRT also allow for a drift-time measurement
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in each channel. The TRT can only provideR information with an intrinsic resolution
of 130um per straw. Although the TRT has lower precision compared to the silicon sensors
in the pixel detector and SCT, its measurements enable continuous tracking and primary
vertex reconstruction, with each charged track causing an average &6 hits®, signi cantly
contributing to the momentum measurement due to this large number of hits compared
to the pixel detector and SCT and the longer measured track lengths due to the straw
tube hits at the outer radius. Further, the detection of transition-radiation photons in
the gas mixtures of the straw tubes enhances the electron identi cation complementary to
that of the electromagnetic calorimeter over a wide range of energies (see Chapter 3.2.2).
Other than the SCT and pixel detector, which are cooled down to approximately 5 to
10 C in order to maintain an adequate performance after radiation damage, the TRT is
operated at room temperature.
In Figure 3.4, the radial position R and the jzj of all sub-systems of the ID is shown.
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Figure 3.4: Plan view of the layout of a quarter of the ATLAS inner tracking detector with
the IBL layer [65].

Overall, combining the precision tracking measurements of the pixel detector and SCT
at small radii from the IP with the measurements by the TRT at a larger radius yields

in a very robust pattern recognition and high precision in both, theR direction and
z-direction. The tracking measurements from the inner detector system are corresponding
to the precision measurements of the electromagnetic calorimeter, which is described in
the next Section about the ATLAS calorimeter system.

*For charged tracks with pr > 0:5GeV and j j < 2.0 at least 36 straw tubes are traversed, while in the
barrel-end-cap transition region (0:8< j j < 1:0), at least 22 straws are crossed.
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3.2.2 The calorimeters

The ATLAS calorimeter system [67] is composed of a liquid-argon (LAr) electromagnetic
(EM) calorimeter and a hadronic calorimeter, consisting of a LAr hadronic end-cap
calorimeter (HEC), a LAr Forward Calorimeter (FCal) and a scintillator tile calorimeter [68
72]. Figure 3.5 gives an overview over the arrangement of these four components.

Tile barrel Tile extended barrel

LAr hadrenic
end-cap (HEC)

LAr electromagnetic

e
LAr electromagnetic
barrel

LAr forward (FCal)

Figure 3.5: lllustration of the layout of the ATLAS calorimeter system [50]. The cut-away
view shows the EM calorimeter and hadronic calorimeter sub-systems in a
cut-away view.

Each calorimeter is a sampling detector, i.e. they consist of alternating layers of dense
passive material, which induce particle interactions particle showerg, and active material,
which detect ionization particles or photons, produced by the shower particles. An
important aspect of the calorimeter design is to contain these electromagnetic and hadronic
showers inside the calorimeter, in order to limit thepunch-through4 into the muon system.
Hence, in the EM calorimeter the total thickness is at least22 radiation lengths, Xy, and 24
X in the barrel region and in the end-caps, respectively. Both, the EM calorimeter and the
hadronic calorimeter, cover the rangg j < 4:9 around the beam axis. The pseudorapidity
ranges of each component are listed in detail in Table 3.1.

The geometry of both calorimeter systems also provide a full azimuthal symmetry.

The EM calorimeter is the innermost calorimeter. It is a lead-LAr detector, with lead as
passive material and LAr as the active layer material. The thickness of the lead absorber
plates is optimized with respect to the energy resolution, which is g =E = 10%= E 0:7%.
The EM calorimeter is divided into a barrel part, coveringj j < 1:475 and two end-cap

“Energy depositions going from the hadronic calorimeter into the Muon spectrometer (MS) are called
punch-through contributions.
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Table 3.1: Number of layers and thegj | coverage of each calorimeter sub-system [50].

Barrel End-cap
Layers Coverage Layers Coverage
EM calorimeter
Presampler 1 j j< 152 1 15<jj< 18
3 j j< 135 2 1375<j j< 1.5
Calorimeter 2 135<j j< 1475 3 15<jj< 25
2 25<jj< 32
Hadronic calorimeter
LAr hadronic end-cap - - 4 15<jj< 32
LAr forward calorimeter - - 3 31l<jj< 49
Barrel Extended barrel
Hadronic tile calorimeter 3 jJ<10 3 08<jj< 17

regions, coveringl:375< j j < 3:2, with the barrel calorimeter consisting of two identical
half-barrels, while the end-cap calorimeter is divided into an outer wheelX:375< j j < 2:5)
and an inner wheel 5< j j < 3:2). Over the pseudorapidity region matched to the ID
and aimed for precision measurementsj (j < 2:5), the EM calorimeter is segmented in
three sections in depth, and its ne granularity bene ts the measurements of electrons
and photons. For this, each layer in the range of j < 1:4 is segmented into

regions of sized0:003 0:1, 0:025 0:025and 0:05 0:025 respectively. Furthermore, in
the regionj j < 1:8, the EM calorimeter is complemented by a presampler detector, which
provides information about the energy loss of particles in front of the EM calorimeter. The
presampling detector consists of one active LAr layer.

The tile calorimeter is the rst part of the hadronic calorimeter and is located directly
outside the EM calorimeter envelope. It consists of one barrel and two extended barrels,
which cover the regionsj j < 1.0 and 0:8< j j < 1.7, respectively. Each barrel consists
of 64 modules, made of scintillating tiles as the active material and steel as absorbing
medium. There are5760readout channels in the barrel and4092 readout channels on
each side of the extended barrels, all collecting the scintillation light using wavelength
shifting bres into two separate photomultiplier tubes.

The LAr HEC is situated directly behind the end-cap EM calorimeter and provides an
extension to larger pseudorapidities {:5< j j < 3:2). It is composed of two independent
wheels per end-cap, each constructed fror82 identical wedge-shaped modules. Each wheel
is segmented into two layers in depth, resulting in a total of four layers for each end-cap.
Copper plates are used as the absorbing parts of the detector. The gaps between these
plates are lled with liquid argon as active material.

Finally, the LAr FCal is situated between the beam pipe and the HEC. It provides both,
electromagnetic and hadronic energy measurements. Hereby, it provides coverage over
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3.2 The ATLAS Detector

1< jj< 49. It consists of three layers in each end-cap, with each layer featuring a
metal matrix with longitudinal channels consisting of concentric rods and tubes, which are
parallel to the beam axis. The rst layer is optimized for electromagnetic measurements,
while the other two are optimized predominantly for hadronic measurements. Therefore,
the rst layer uses copper as absorber material, the other two tungsten. LAr is used as
active medium in the gaps between each rod and tube in aB layers.

The resolution of the hadronic calgrimeter is g=E =50%= E 3% in the barrel and
end-cap parts, and ¢=E =100= E 10%in the forward region. The thickness of the
entire calorimeter system yields an interaction length () of 9:7 in the barrel region and
10 in the end-cap region. Together with the large -coverage, this thickness also provides
a precise measurement of missing transverse momentur& §'°°).

3.2.3 The Muon Spectrometer

The MS [73, 74], the largest ATLAS sub-detector, surrounds the whole calorimeter. Its
design facilitates the detection of charged particles that exit the barrel and end-cap
calorimeters, measuring their momentum in the pseudorapidity range of j < 2:7. Further,

it is also designed to trigger on these particles in the range gf j < 2:4. The conceptual
layout of the MS is shown in Figure 3.6. The MS consists of four chambers, two are used
for precision tracking and two are used for triggering. In the barrel region, these chambers
are aligned in three concentric cylindrical shells surrounding the beam axis, while in the
two end-cap regions and in the transition region inbetween, they are organized in large
planes (vheelg perpendicular to the z-axis. Monitored Drift Tubes (MDT) are used for
precise measurements of the muon tracks over a range joff < 2:7. They consist of three to
eight layers of drift tubes, which provide an average resolution of abou85um per chamber
in z direction, with 20 measurements per track in the barrel and the end-cap region each.

Thin-gap chambers (T&C)

- 3 Cathode strip chambers (C5C)
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Figure 3.6: Cut-away overview of the ATLAS muon system [50].
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Within the forward region of 2.0 < j j < 27, the Cathode strip chambers (CSC) are
implemented in the innermost plane. They have a higher granularity than the MDT,
thereby withstanding the larger rates and background conditions. CSC are multiwire
proportional chambers with cathode planes segmented into strips in orthogonal directions,
which average a resolution o#0pm in R and 5mm in . Additionally, 4 measurements
per track ensure a timing resolution of7 ns

Since the measurement of charged particle tracks is based on magnetic re ection, three
large superconducting air-core toroid magnets are build in the MS. A large barrel toroid [75]
generates the magnetic eld for the rangej j < 1:4. Two smaller end-cap toroids [76]
are inserted into both ends of the barrel toroid, providing the magnetic eld between
1.6 < j j< 27. In the transition region (1.4 < j j < 1:6), a combination of barrel and
end-cap elds is used. Each of the three toroids consists of eight coils assembled radially
and symmetrically around the z-axis. This con guration o ers the bene t of a magnetic
eld that is mostly orthogonal to the muon trajectories, while minimizing the loss of
resolution due to multiple scattering. The bending power of this setup isl:5 to 55T m for

j ] < 1:4, and approximately 1 to 7.5Tm in the range 1.6 < j j < 2:7. In the transition
region, the bending power is lower due to the overlap of both magnets. In the barrel region,
the MDT are located between and on the eight coils of the toroid. In the end-cap region,
the CSC are placed in front and behind the toroids.

The precision tracking chambers of the MS are complemented by a trigger system, which
consists of Resistive Plate Chambers (RPC) in the barrel regionj(j < 1:05) and Thin
Gap Chambers (TGC) in the end-caps (:05< j j < 2:4). Both trigger chambers provide
bunch-crossing identi cation and well-de ned py thresholds. Further, they measure the
muon track coordinate perpendicular to the direction determined by the precision-tracking
chambers. Both coordinates are matched such that the trigger chamber's coordinate works
as second coordinate of the MDT measurement. The resolution of the RPC 50um in z
and 10mmin , with a timing resolution of 1:5ns For the TGC, the chamber resolution
is2 6umin Rand3 7mmin , with a timing resolution of 4ns. The RPC provides
on average6 measurements per track, the TGC9 measurements per track.

The CSC are mounted together with the MDT and TGC on a shielding disk, which is
called small wheel For LHC Run 3, this rst station of the ATLAS MS end-cap system

is replaced by theNew Small Wheel It uses Micromegas detectors as precision-tracking
chambers, which are combined with small-strip TGC for the trigger [77].

3.2.4 Trigger and readout systems

With the proton-proton bunches colliding at a rate of 40 MHz at the IPs of the LHC, the
size per event recorded with the ATLAS detector is aroundL:5 MB, which needs to be saved
for further analysis. Consequently, a minimum data rate of40TB s 1 would be necessary
to store every event from the collisions. However, most readout systems of the di erent
sub-detectors require longer than25 nsfor a full signal read-out and due to hardware
limitations of the storage elements, the data rate needs to be adjusted accordingly. A two
level trigger system is employed in ATLAS in order to decide on the most relevant events
for the physics program to be stored: L1 [78] followed by L2 and the event lter, with
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3.2 The ATLAS Detector

the latter two combining to form the High-Level trigger (HLT) [79]. At each trigger level,
the decisions made at the previous level are re ned and, as needed, additional selection
criteria are applied. A schematic overview over the ATLAS Trigger and Data Acquisition
(TDAQ) [50, 80, 81] system implemented in Run 2 is illustrated in Figure 3.7. The TDAQ
systems, as well as the timing- and trigger-control logic are arranged into sub-systems,
corresponding to the sub-detectors, which have the same logical components and building
blocks.

To ensure a safe and coherent operation of the ATLAS detector, it is continuously monitored,
with supervision of the detector hardware (e.g. gas systems, power-supply voltages etc.)
being provided by the Detector Control System (DCS). Hereby, it archives all operational
parameters (e.g. high- and low-voltage systems, temperatures, and humidity). The
DCS also acts as an interface to all sub-detectors and to the technical infrastructure, in
order to control the experiment. Furthermore, the DCS allows to take corrective actions
(automatically or manually) in case any irregular behavior is signaled. A bi-directional
communication with the Data Acquisition (DAQ) allows to synchronize the state of the
detector with data-taking. Additionally, the DCS manages the communication between the
sub-detectors and other independently controlled systems, such as the LHC accelerator, the
CERN technical services, the ATLAS magnets, as well as the detector safety system. Like
the TDAQ, the DCS is also partitioned into sub-systems, which are again corresponding
to sub-detectors with similar logical components and building blocks.

The rst level trigger, L1, reduces the initial event rate to less than about 75 kHZ>, which is
the maximum accept rate which the detector readout systems can process. It is a hardware
based trigger, concipated to identify high transverse-momentum signatures, including
muons, electrons, photons, jets, and hadronically decaying-leptons. The trigger decisions
are made based on information from a subset of detectors: muons are identi ed using the
trigger chambers in the barrel and end-cap regions of the MS, while reduced-granularity
information from all sub-systems of the calorimeter are used to detect electromagnetic
clusters, jets, -leptons, and total missing transverse energy. The L1 trigger decision must
be delivered to the front-end electronics within2:5 s of the associated bunch-crossing. In
the front-end electronics the information is temporarily stored until the L1 trigger decides
whether to accept or reject an event. Afterwards, the data are transferred o the detector
to the Readout Drivers (RODs), which gather information from several front-end data
streams. It digitizes the information, which is then formatted as raw data prior to being
send to the DAQ system. The RODs are functional elements of the front-end systems of
each detector, which are able to store and gather information from several front-end data
streams. Subsequently, the DAQ receives and bu ers the information from the RODs at
the L1 trigger rate. Further data transmission down the trigger chain is performed and
controlled over point-to-point Readout Links (ROL's). Additionally, the DAQ provides

for the con guration, as well as control and monitoring of the ATLAS detector during
data-taking. A central trigger processor processes the results from the L1 trigger using an
implemented trigger menu, consisting of di erent combination of trigger selections. The L1
trigger also de nes Regions-of-Interest (Rol's). These regions are geographical coordinates
in and , where the trigger has identi ed interesting objects within an event.

®upgradeable to 100 kHz
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Figure 3.7: Schematic overview of the ATLAS TDAQ system in Run 2 showing both, the
distinct trigger levels as well as the components of the DAQ system itself [82].

Events that pass the L1 trigger are processed by the HLT. In contrast to L1, the HLT is a
software based trigger, based on algorithms running on farms of commercial computers.
The event selection of the rst part of the HLT, the L2 trigger is optimized for speed
to reconstruct full events, whereas the event lter selection uses more complex o ine
analysis procedures on these reconstructed events. The selection at L2 is based on the
Rol information provided by the L1 trigger and the full granularity and precision of all
available detector data within the Rol's (approximately 2% of the total event data) are
used. Hereby, the L2 trigger reduces the trigger rate to approximatelyd:5 kHz, needing
an average event processing time of aboutO ms The nal stage of the event selection is
carried out by the second part of the HLT, the event Ilter. The L2 trigger menues are
designed to reduce the event rate further tc200 Hz which can be recorded in order to
allow for subsequent o ine analysis. The average event processing time of the event lter
is four seconds.

Data passing the HLT are stored on CERN permanent storage and transferred to the
CERN Data Center for full o ine reconstruction. The CERN Data Center is the rst
level (Tier 0) of the Worldwide LHC Computing Grid (WLCG) [83], which is composed of
four levels (Tiers) in total, which are used to process, store and analyze the data from
the LHC. Tier 0 is also used to distribute the raw data and the reconstructed output to
Tier 1, which consists of 13 computer centres around the world. Tier 2, typically scienti c
institutes, e.g. universities, receive data from Tier 1 and also produce and reconstruct
simulated data. 155 Tier 2 sites exist to date. Local computer resources (e.g. local clusters
in a university department) build Tier 3, although there is no formal engagement between
the WLCG and these resources.
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Object reconstruction

In order to use the recorded signals by the ATLAS detector in an analysis, several object
reconstruction algorithms are needed. They translate the raw information into objects
that represent either single nal state particles (e.g. electrons, photons or muons) or
particle jets (from nal state quarks or gluons). For single particles identi cation criteria
are placed on reconstructed objects in order to select and distinguish particular types of
di erent physics objects. In addition, isolation criteria are applied to suppress background
contamination and enhance the selection of physics objects which are presumed to have
limited additional detector signals in their immediate vicinity. Each object needs to be
calibrated in the end to account for possible di erences due to detector-speci c e ects
between the simulation and the recorded data.

The physics reconstruction of the particle objects, is based on the reconstruction of
trajectories of charged particles (tracks) and calorimeter clusters. Moreover, primary and
secondary vertex nding is performed to suppress additional contributions from pile-up
vertices and, in Run 2, to elevate the avor tagging of jets.

The main objects used in the charm mis-tag calibration and the single-top-quark-channel
analyses are electrons, muons, small-radius jets (with-tagging information) and missing
transverse momentum. This chapter describes the di erent object reconstruction processes
for these objects, as well as the overlap removal applied to all objects in a reconstructed
pp collision event.

4.1 Tracks

The trajectories of charged particles are reconstructed using the information of their energy
deposits in the ID [84, 85]. For muons, additional information from the MS is used as
described in Chapter 4.4.

The primary-track reconstruction follows an inside-out approach that begins from the
Pixel detector and builds tracks while moving outwards through the ID, starting with a
clusterization algorithm. There are two sorts of clusters, single-particle clusters, created
by charge deposits from only one particle, and merged clusters, which are obtained from
charge deposits by multiple particles. Afterwards, three space-points are used to form track
seeds [85]. Subsequently, a combinatorial Kalman Iter [86] is applied to three-dimensional
combined clusters, so-called space-points, to build track candidates. In the process, it
adds additional space-points from the remaining layers of the Pixel detector and the SCT,
that are compatible with the preliminary trajectory estimated from the seeds. A stringent
ambiguity-solver is applied to all track candidates, which compares each track candidate
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4.2 \ertex reconstruction

by assigning a track score to it, in order to reject wrong combinations of uncorrelated
clusters. The track score is determined using quantities that indicate the track quality.
All track candidates need to have a transverse momentum greater thad00 MeV and
be within the acceptance of the ID,j j < 2:5. Moreover, a track candidate needs to
ful Il selection criteria on the impact parametersl, which ensure that they are compatible
with the primary vertex. An arti cial NN is employed for the identi cation of merged
clusters [87, 88]. Finally, a t to the estimated trajectory is performed and its 2 value is
used in order to reduce the score of candidates with a poor t.

Afterwards, a high-resolution t is performed for all accepted track candidates from the
ambiguity-solver. Tracks that fail the t are discarded, while the surviving tracks are
extended from the silicon detectors into the outer TRT by nding compatible sets of TRT
hits. Another track tis performed afterwards, as well as the same scoring mechanism
of the ambiguity-solver. All track candidates which pass this step are added to the nal
track collection.

A secondary track reconstruction algorithm is used to reconstruct particle trajectories
originating from decays further away from the IP, e.g. leptons from hadron decays or
photon conversions, which may not have any hits in the ID. An outside-in approach is
deployed which start the pattern recognition in the TRT opposed to the Pixel detector
and SCT. Hereby, hits that are already assigned to track candidates in the primary track
reconstruction are not taken into consideration. The identi ed TRT hits are followed
back into the silicon detector (backtracking) and extended into track candidates. If the
track candidates pass the ambiguity solving algorithm, they are added to the nal track
collection as well.

Tracking information are utilized in avor tagging algorithms (see Chapter 4.5.2) to enhance
their performance. Hereby, tracks are required to havegyr > 1GeV, j j < 2:5 and at least
seven hits in SCT and Pixel combined....

4.2 \ertex reconstruction

Given that proton bunches collide in the LHC, vertex reconstruction is essential for
accurately determining the points of interaction, allowing for a precise identi cation of the
origin of particles produced in the collisions. The knowledge of the position of the primary
interaction point ( primary vertex) is important for most analyses in order to identify the
one related to the respective signal process. Furthesecondary verticesoriginating e.g.
from heavy avor hadron decays, are important input features to avor tagging algorithms,
which allow identi cation of b- and c-jets.

The reconstruction of primary vertices is divided into the primary vertex nding and the
primary vertex tting [89 91]. In the rst step, a set of reconstructed tracks is associated to
a particular primary vertex candidate, while in the second step, the actual position of this
candidate is estimated using the adaptive vertex tting algorithm [92]. Afterwards, tracks
incompatible with the vertex candidate are removed. The remaining tracks can be reused

'The impact parameter is the distance of the closest approach of a charged particle track to the IP. It is
described with a transverse (dy) and a longitudinal ( zy) component.
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by other vertex candidates and the t procedure is repeated until no unassociated tracks
are left or no further vertex candidate can be found. In the end, all candidates with at least
two associated tracks are retained as vertex candidates. The pn,_;pary vertex is determined

as the one with the highest sum of squared transverse momenta pT of the associated

tracks. This re ects the expectation that the hard scattering interactions produce particles
with higher energies compared to those originating from pile-up interactions.

The secondary vertex nder (SVF), SV1 is used to reconstruct secondary vertices [93].
This algorithm also uses two stages: In the rst, all two-track vertices are reconstructed
and background tracks (e.g. tracks from hadronic interactions with the detector material)
are ltered out. In the second stage, all two-track vertices which are close in space are
merged together to form the secondary vertex. Outlier tracks are removed iteratively
during this procedure.

Variables of di erent properties of the secondary vertex can be constructed, which are
utilized as input variables to the avor tagging algorithms. Two exemplary distributions
are shown in Figure 4.1, as they illustrate di erences for light and heavy avor quarks.
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Figure 4.1: Secondary vertex property distributions for (a) the secondary vertex mass and
(b) the number of two-track vertices in an event. The distributions are shown
for b-jets, c-jets and light- avor jets. All distributions are normalized to one,
and the over- and under ow bins are included [93].

4.3 Electrons

Electrons (e ) are reconstructed in the range off jouster < 2:47 with information from
the ID and the EM calorimeter [94, 95]. This] jquster Fange lies within the ID acceptance
and covers the highly segmented area of the EM calorimeter. In all analyses in this thesis,
electrons need to have @ > 27 GeV. This requirement ensures that selected electron
candidates are above the transitional region of the trigger turn-on curvg, where the

*The analyses presented in this thesis are based on events selected using such single-lepton triggers.
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trigger e ciency is not yet stable [96]. Further, electron candidates in the transition region
between the barrel and end-cap calorimeterX:37< j jouster < 1:52) are excluded.

In the rst step of the reconstruction chain, the energy deposits in cells of both, the
EM and hadronic calorimeter, are combined in order to build variable-sized topological
clusters, so calledEM topo-clusters [97]. One or more track candidates, either from the
standard track reconstruction algorithm described in Chapter 4.1 or build by an alternative
approach which accounts for energy losses due to bremsstrahlung [95], are matched to
the EM topo-clusters [98]. All matched track candidates are tted again to improve their
accuracy. In case there are multiple tracks matching the cluster, a primary track of the
electron candidate is chosen based on the measured momentum. Then, EM superclusters
are assembled from all clusters matched to track candidates [95]. Hereby, nearby EM
topo-clusters can be merged to account for bremsstrahlung e ects [94]. Lastly, the electron
objects are nalized after initial position corrections and energy calibrations [99] are
performed to the superclusters and the track matching is repeated.

The calibration scheme for the energy response of electrons is done in multiple steps [94] [99].
In the rst step, the energy resolution is optimized as a function of the of the electron
using a multivariate algorithm. The relative energy scale correction between di erent EM
calorimeter layers is adjusted using muon energy deposits in the calorimeter and electron
showers. While the resolution correction is applied to simulation, the corresponding energy
scale correction is applied to data. Afterwards, the adjustment of the absolute energy
scale is performed usingZ ! eedecays, a validation measurement uses radiativ& -boson
decays andJ= ! e'e decays. In this step, reconstruction e ciencies are measured as a
function of the electron and E; as well. With these, scale factors (SFs) to correct for
di erences between data and simulation are estimated that are applied to simulation.

Identi cation and isolation criteria are placed on the electron candidates between prompt
electrons from the hard scattering process and background objects. Three types of
discriminating variables are combined in a likelihood classi er: variables using properties
of the track candidate, parameters of the shower in the EM calorimeter or the matching
between the track candidate, and the superclusters [94]. Depending on the likelihood
value, three categories of identi cation requirements, so called working points (WPs),
are de ned: Loose Medium, and Tight. The likelihood threshold value for each WP
depends onj j and the transverse energye; of the electron candidate. The three WPs
invoke increasingly stricter selections, leading to greater background suppression but at
the expense of a reduced acceptance of electron candidates. Electrons in all analyses in
this thesis correspond to electron objects selected with th&ight WP.

Furthermore, two di erent isolation selection criteria, are applied. The electron calorimeter
isolation, ES°™ ", is build by adding up the transverse energy of nearby topo-clusters,
excluding the energy of the electron candidate itself and removing contributions from pileup
events. Here,Y Y refers to the size of the employed cone in this procedure,R = XX= 100,
around the electron cluster center, which is set ta20 [95]. The second isolation variable is
the track isolation, p5°"®* . It is determined as the scalar sum of the transverse momenta

of all tracks® inside a variable cone of R = min (10GeV=pr; Rax), around the electron

*Tracks need to ful | minimum quality requirements, detailed in Ref. [94].
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candidate track, again excluding said candidate track, with R, set to 0:2. There are
several isolation selection criteria based on thresholds of both isolation variables. Electrons
used in all analyses presented in this thesis use theixedCutTight WP, where the isolation
criteria are E$°"®?° < 0:06 and p$>"®** < 0:06.

Analogously to the reconstruction part, calibration analyses for the identi cation and
isolation are performed [94]. For each operating point the identi cation and isolation
e ciencies are extracted in data and compared to the predicitions from simulation. SFs
are calculated as a function of and E, which are applied to simulation.

4.4 Muons

Muons are reconstructed based on their characteristic as minimume-ionizing particles.
Therefore, muon reconstruction is reliant primarily on information from the ID and
MS [100, 101]. Further, information from the calorimeters are used in order to account for
larger energy loss of muon candidates in the calorimeters. Muons in all analyses in this
thesis are required to have gt > 27 GeVv.*

There are severaltypes of muons, based on the complete information provided by the
di erent sub-detectors. The muons used in all analyses in this thesis areombined (CB)
muons for that a combined track is constructed from tracks reconstructed independently
in the ID and MS for the muon candidates. The majority of these muons are reconstructed
using an outside-in approach, in which muon tracks reconstructed in the MS are extrapolated
and matched to an ID track. Additionally, there is an inside-out pattern recognition used as
a complementary approach. For the reconstruction of tracks in the MS, Short straight-line
track segments are build from hits in one MS station. Then, multiple segments from
di erent stations are combined into preliminary track candidates. Three dimensional track
candidates are constructed by adding coordinate information from precise measurements
from the MS trigger chambers. Preliminary muon candidates are obtained by performing
a 2 tofthe trajectory through the magnetic eld, considering the potential interactions
occurring in the detector material and the possible misalignments among the di erent
MS chambers. Subsequently, outlier hits are removed from this preliminary track and
hits along the tted trajectory are added, before the track tis performed again. Next,
overlapping tracks are removed and then, the nal set of tracks is tted once again, using
calorimeter information about the energy loss in the calorimeter.

Analogous to electrons, identi cation and isolation criteria are applied to the muon
candidates. The identi cation requirements are based on the number of hits in the di erent
ID and MS subdetectors, as well as on the track t properties and on variables comparing
the compatibility of both individual track reconstruction procedures [100]. Several working
points for each muon type are de ned, each designed to meet the demands of di erent
physics analysis in terms of prompt-muon identi cation e ciency, the resolution of the
candidates momentum, and the rejection of background due to non-prompt muons. Since
non-prompt muons are reconstructed as well, a di erentiation is made between these

“Similar to electrons, this criterion ensures that selected muon candidates are above the transitional
region of the trigger turn-on curve [102].
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muons originating from semileptonic in- ight decays of light hadrons and from the decays
of heavy avor hadrons. The identi cation working points aim at a high rejection rate
of muons from light hadrons, as muons from bottom or charm hadron decays produce
good-quality tracks which can be distinguished from prompt-muon candidates. More
information on these muons from heavy avor hadron decays, calledoft muons are given
in the Chapters 4.5.1. Similar to electrons, three identi ed working points are de ned,
Loose Medium and Tight, with all analyses in this thesis using muons passing the Medium
working point [100].

Isolation criteria help to distinguish prompt from muons from hadronic decays. Again,
similar to electrons, track-based isolation requirements and calorimeter-based isolation
requirements are utilized. In either a xed cone of R =0:2 around the candidate track
or a variable size cone with R = min (10 GeV=py; 0:3), the scalar sum of the transverse
momenta of the ID tracks around the muon candidate,ps°"*%° (p$°"**%), is measured. For
the sum of the transverse energy of topological cell cluster in the calorimeterg °P°°°"°,
a xed cone of R =0:2is used.

The calibration of the muon reconstruction, identi cation and isolation e ciencies are done
usingz ! " andJ= | events [100]. The reconstruction and identi cation
e ciencies are calculated in data and compared to predictions of the simulation. SFs are
derived as a function of and py, which are applied to simulation, in order to correct for any
mismodelling. Similarly, the isolation calibration is done, but here, SFs are obtained also as
a function of the angular distance between the muon and the clostest reconstructed jet in
the event, R(;j ). All muons used in analyses in this thesis use the particle- ow (PFlow)
algorithm based isolation working point, P owTight_FixedRad [94]. This algorithm allows
for removal of redundant measured hadronic activity by both, the calorimeters and the ID,
because of the combination of track-based and calorimeter-based isolation criteria.

4.5 Jets

In pp collisions at the LHC, quarks and gluons are the predominantly produced particles.
Except for the top-quark, all particles carrying color charge undergo fragmentation and
hadronization to form energetic hadrons due to color con nement. Therefore, quarks and
gluons cannot be observed - and reconstructed - as isolated particles, but rather collimated
streams of hadrons, so calledets [103]. There are various algorithms to reconstruct
jets that need to ful Il certain criteria such as infrared and colinear (IRC) safety, i.e.
low-energy and collinear radiation must not change the resulting jet. In ATLAS, the
anti-k; algorithm [104] is most commonly used to reconstruct jets using a four-momentum
recombination scheme. It is implemented inFastJet [105]. Using this clustering algorithm,
the reconstructed jets tend to have a circular shape.Small-radius (small-R) jets are
reconstructed using the antik; algorithm with a radius parameter, which is equivalent to
the jets' maximum radius, of R = 0:4. All jets used in analyses in this thesis are smalR
jets. The inputs to the anti-k; algorithm are particle ow objects, resulting in so called
PFlow jets. In the particle ow algorithm [106] tracks reconstructed from the ID and
topo-cluster [97] from the calorimeter are combined. This combination takes advantage of
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the superior pile-up suppression and energy resolution of the ID at low momenta, and the
excellent performance of the calorimeter at high energies.

In order to correct the energy of reconstructed jets to account for various e ects during
the reconstruction, e.g. energy deposited outside the jet cone, a mostly simulation based
calibration chain is applied [103]. In a rst step, a py correction accounting for pile-up
contributions is performed. Afterwards, the jet energy scale (JES) is corrected on average
to the particle-level5 energy scale using dijet events. Aglobal sequential calibrationis
applied next, reducing the avor (quark or gluon) dependence of the jet energy response
in the calorimeters, as well as e ects due to punch-through. Finally, a residualn situ
JES calibration chain is applied to data in order to correct for di erences between data
and simulation resulting from limitations in modeling both, the detector materials and
the relevant physics processes [107]. As the rst stage, the-intercalibration is used to
derive a correction for the JES of forward jets 0:8 < j j < 4:5) from jets in the central
region (j j < 0:8), by matching the latter to the former using the py balance method in
dijet events. Subsequently, a total of threein situ measurements are performed in order
to correct di erences in the JES of jets between data and MC simulation with respect
to well-measured reference objects. The results of these calibrations getting combined in
the end to cover the full pr range. The rst two in situ calibrations use a photon and
Z-boson, respectively, as reference object, as the uncertainties in their energy scale are
small, whereas in the last measurement, a system of well-calibrated jets is used to calibrate
one single highpy jet [108] [109]. Allin situ measurements are performed sequentially,
with systematic uncertainties being propagated through each step. Further, only central
jets are used in these calibrations, with the -intercalibration ensuring that the results
remain applicable to forward jets as well. The uncertainty on the JES is evaluated after
this calibration as a function of the jet pr and

Another in situ measurement is done to derive and calibrate the jet energy resolution
(JER) [107]. The dependence of the relative JER on the is parameterized as follows:

- N S .
(Pr) =pr o Por C: (4.1)

Here, the rst term denotes the noise,N, which includes the contribution of electronic
noise and pile-up to the signal measured in the detector. The second term, the stochastic
term, S, accounts for statistical uctuations in the energy deposition in the detector
and primarily determines the resolution for jets up to a range of several hundred GeV.
The constant term, C, describes uctuations independent of the jetpr, such as energy
depositions in passive detector material or the starting point of the hadronic showers. The
JER is important, as it also a ects the missing transverse momentum calculation. Each
term is estimated for the JER calibration. For the resolution, di-jet events are used in
order to measure the recoil of one jet against the other whose momentum needs to be
measured precisely. For the noise term, the random cones method is used [107]. In the end,
an in situ combination is done, by applying a t to the di-jet balance measurements with

a constraint on the noise term. Analogously to the JES calibration, the uncertainties of

®Particle level denotes the objects in simulation after hadronizing and showering but without a detector
simulation in place.
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4.5 Jets

each measurement are propagated. The uncertainty of the JER measurement is evaluated
in bins of the jet pr and

In order to suppress jets from pile-up vertices, a dedicated jet vertex tagging (JVT)
algorithm is applied for jets with j j < 2:4 [110]. The algorithm incorporates track, jet and
vertex information into a two-dimensional likelihood, from which the JVT discriminant is
derived. Di erent working points are de ned, with all jets used in analyses in this thesis
are required to pass theTight working point (JVT>0.5). For forward jets ( 25< j j < 4.5),
a forward jet vertex tagging (fJVT) algorithm applied [111]. Hereby, track and vertex
information are exploited to identify and reject pile-up jets in the forward region by
extrapolating the JVT to the forward region. All analyses using forward jets in this thesis,
require these to ful ll the Tight working point (fJVT<0.5).

4.5.1 Characteristics of bottom and charm jets

The features and properties of reconstructed jets di er depending on the avor of the
originating parton. There is a distinction made betweenb-jets, c-jets and light avor
jets (initiated by u , d , s quarks or gluons). An overview of the three di erent jet
characteristics is illustrated in Figure 4.2 and is outlined in the following. b-jets originate
from the hadronization of b-quarks. One important property of b-hadrons is their relatively
long lifetime (O (1:5ps) [19]) compared to other hadrons. As a result, they can travel
distances of severainm after production, before they decay. The distance is depending
on the momentum of the b-hadron from the hard scattering process. Thus, a secondary
vertex, displaced from the primary vertex, is expected forb-jets. Its tracks have large
impact parameters with respect to the tracks from the primary vertex of the collision.
Another characteristic, is the large mass of theb-quark (  5GeV), compared to that
of light avor quarks. Therefore, the b-hadrons contain around75% of the overall jet
momentum and they decay by average into ve charged particles.b-quarks also decay
primarily into c-quarks. Hence, a tertiary vertex can occur inside theo-jet.
The c-hadrons from the primary vertex produce c-jets, which have similar properties
as bjets. The produced c-hadron is most commonly aD-meson. As the lifetime of a
D-meson is shorter than that of anyb-hadron, their travel distance is also shorter [19].
Still, D-mesons travel a fewmm before they decay - most often into a kaon. Analogous,
as the mass of @D -meson is also smaller compared tb-hadron masses, it carries a smaller
momentum fraction of the entire jet. The average number of charged particles per decay is
reduced to two on average. Consequently, it is more di cult to reconstruct the secondary
vertex of c-jets than for b-jets.
For both, b-jets and c-jets, semileptonic decays of the originating hadrons are another
feature that can be used to determine the jet avor. These muons lie inside the jet and are
called soft muons - with the jets being labeled accordingly assoft muon tagged (SMT)jets.
They have a sizeable transverse momentum, though their momenta are smaller than the
typical py of leptons from electroweak boson decays, hence the label "soft". Soft muons
have to satisfy the Tight quality identi cation criterion [101], and further need to be within

R < 0:4 of a selected jet candidate. Minimal requirements on the transverse momentum
and the pseudorapidity are also applied, based on the analysis needs. To account for the
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Tertiary vertex

Secondary vertex

b-hadron c-hadron light-hadron

b-quark c-quark light-quark

Figure 4.2: Schematic illustration of the dierent features between jets originated by
b-quarks, c-quarks and light avor quarks. Adapted illustration from Ref. [112]

contribution of the soft muon to the nearest jet, the jet py is re-calculated with the soft
muon regarded as a part of the jet. Since the branching ratio for semileptonic decays is
signi cantly larger for b-hadrons than for ac- or even light- avor hadrons, the presence of

a soft muon is enhanced irb-jets. Furthermore, even though these semileptonic decays
are limited in general by their branching ratio, it was shown that these can improve the
b-tagging algorithms in ATLAS [113], as they provide complementary information to track
and vertex-based inputs, since the semileptonic decays reduce the aforementioned number
of charged decay particles as well as the mass and energy of the jet overall. In this thesis,
soft muons are used for the identi cation of c-jets (see Chapter 7.2 for details).

Light- avor jets are not expected to exhibit a secondary vertex, as the hadronization of
light- avor quarks and gluons occurs nearly instantaneously.

4.5.2 Flavor-tagging

Dedicated algorithms, exploiting the di erences and features of heavy avor jets are used
to identify and distinguish between di erent jet avors. In general, charged particle tracks,
primary vertex information and, naturally, reconstructed jets are the key inputs used for
the identi cation. The procedure is called avor tagging and is described in this chapter.
The jet avor tagging in ATLAS occurs in multiple stages, the rst consisting of several
low-level b-taggerswhereas the second stage includes omggh-leveltagger in Run 2 [114].
The low-level b-taggers consists of algorithms for two approaches: First, exploiting the large
impact parameter values ofb-jets, and secondly, reconstructing displaced vertices. In order
to exploit the impact parameter information, two algorithms, IP2D and IP3D [115], are
used. ThelP2D tagger builds a discriminating variable using the signed transverse impact
parameter signi cance, while the IP3D tagger incorporates both, the signed transverse
and signed longitudinal impact parameter signi cancef in a two-dimensional template,
leveraging the correlation between them. Three log-likelihood ratios are de ned based on
the estimated per-track probability ratios for each jet- avor hypothesis. These are used as
inputs to the high-level taggers.

A track-based recurrent NN (RNNIPis used as a second algorithm in order to exploit the

®The signi cance is de ned as the ratio of the track impact parameter to its uncertainty.
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4.5 Jets

large impact parameter values. The advantage of this approach is the direct exploitation
of more and arbitrary size of input variables and their sequential dependencies [116]. The
outputs of this RNN are the di erent jet avor probabilities, which are used as inputs to
the high-level tagger and further, also combined into a discriminant.

In order to reconstruct secondary vertices, the SVFSV1 described in Chapter 4.2 is used.
The fourth low-level tagger is a topological multi-vertex nding algorithm, JetFitter [117].
It is used to reconstruct the full b-hadron decay chain by exploiting the topological structure
of the weakb- and c-hadron decays inside the jet. Eight discriminating variables, including
the track multiplicity at the JetFitter displaced vertices, the invariant mass of tracks
associated with these vertices, their energy fraction and their average three-dimensional
decay length signi cance, are used as inputs to the high-level taggers [114]. A set of nine
additional variables [115], which include information on the number, the invariant mass
and the energy of the tracks associated with the secondary vertex as well as their rapidity,
computed with respect to the jet axis and the vector de ned between the primary and
secondary vertices, are used as inputs to the high-level algorithms as well [114].

The high-level tagger is theDL1r algorithm, a feed-forward NN, using the outputs of the four
low-level taggers described above [114]. The DL1r tagger exploits the correlation between
the di erent input features, which depend on the jet avor and kinematic properties.
Hence, thepy and j j distributions of each jet are included in the training as well, in
order to exploit also their correlations with the other input variables [114]. A resampling
process is done for all jets in order to avoid a bias in the training due the usage of the
kinematic distributions. In the training, a hybrid samples consisting of 70%¢tt events and
30%Z°! ggevents is used. The output of theDL1r tagger is a three-dimensional vector,
including the probability for a jet to be a b-jet, a c-jet or a light- avor jet. The nal output
discriminant is constructed using these probabilities and is de ned as [114]:

Po

D =1In
pLir fc Pc + (l fc) plight

(4.2)

In this equation, p,; p. and p;gy denote the respective probabilities, withf . being the
e ective c-jet fraction in the background hypothesis. This approach allows to choosé,
after the training, in order to optimise the performance of the algorithm at the physics
analysis level [114]. The value is chosen to bfe, = 0:0018 Similar, a discriminant can be
de ned for c-tagging:

Pc

D =In
DL fo Pb+ (@ fu) Pight

(4.3)

Here, the fraction of bjets, f, is chosen to be0:2 in order to maximize the b-jet rejection
for given c-tagging e ciencies of 20% and 30% In Figure 4.3, the light- avor and charm
rejection rates are shown as a function of thd-jet e ciency. It is shown that this algorithm

is indeed improving the avor tagging by incorporating the output information of the
low-level tagger. Additionally, the improved rejection rates compared to the previously
utilized MV2clOalgorithm (see Chapter 7.2) is illustrated. There are four single-cut
operating points (WPs) for the DL1r discriminant, each being based on a speci &-jet
tagging e ciency. The e ciency is measured for the baseline tt sample. Further, the
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Figure 4.3: The light- avor jet and c-jet rejection factors as a function of theb-tagging
e ciency, , (a) for DL1r as well as the low-levelb-taggersRNNIP SVKineand
JFKine’, and (b) for DL1rin comparison to previous avor-tagging algorithms
MV2c1(118], DL1 The lower two panels in each plot show the ratio of the
algorithms. The statistical uncertainties are indicated as colored bands [114].

discriminating distribution is divided into ve pseudo-continuousbins, delimited by the
single-cut values for the four WPs 85%, 77%, 70% and 60%) and limited by the trivial
100% and 0% b-tagging e ciency cuts.

Both types of usage of the discriminant need to be calibrated. A detailed overview on the
calibration strategy for each usage type is given in Chapter 7.1. Fob-jet identi cation,
dileptonic tt events are used, in which the twob-jets from the top-quark decays are
targeted [118]. Theb-jet e ciency on c-jets is calibrated using semileptonictt events,
aiming for the jets from the hadronically decayingW -boson [119]. Further, the mis-tag
e ciency calibration for light- avor jets is performed using tt events as well [120].
Another method to calibrate the DL1r tagger in terms of the c-jet mistagging e ciency is
presented in this thesis in Chapter 7.2. Flavor tagging also plays a crucial part for the
top-quark involved analyses presented in this thesis, and more details about the specic
use of avor tagging in the context of each analysis are provided in Chapters 7, 8 and 9.

4.6 Overlap removal

As the reconstruction of each physics object is done independently of one another in
general, it might happen that objects are reconstructed in closeby detector areas and an

"SVKine and JFKine are trained NNs of the low-level tagger in order to be able to compare their results.
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4.7 Missing transverse momentum

algorithm is used to resolve overlaps by removing all but one of the objects.
In a rst step, electrons that share an ID track with a muon are removed. Next, jets within

R = 0:2 of an electron are removed to avoid double-counting of electron energy deposits
as jets. Afterwards, electrons within R = 0:4 of a remaining jet are also removed, before
muons within R = 0:4 of a remaining jet are discarded. These cuts are done in order to
remove any overlap between a jet and an electron and to suppress non-prompt leptons.
Usually, an overlap removal is applied to all reconstructed objects, but in order to enhance
sensitivity or exploit event characteristics some cuts are omitted or additional cuts applied.
In order to be able to use soft muons, the last cut, removing muons within R =0:4 of a
remaining jet, is not applied.

4.7 Missing transverse momentum

Undetected particles by the ATLAS detector, e.g. neutrinos, which do not interact with
the detector material due to their small cross sections, produced in th@p collisions carry
away some transverse momentum. The transverse momentum of the protons before the
pp collisions is zero. In order to calculate the amount of missing transverse momentum,
pr ", after the collision, the two-dimensional momentum vector,pr = py;py, , which is
de ned transverse to the proton beam direction, is constructed [121]. The principle of
momentum conservation allows the construction of{">® from all reconstructed objects

and tracks. Therefore, the missing transverse momentum vectgey " is de ned as:

0 1
miss X X X X
pro = pr+ prt+  prt Pt (4.4)
e jets ‘Jnused{?cks }
Z
| har(;{ term } soft term

To be consistent in a given analysis, only the used objects contribute in the calculation
of the pT"*°, hence photons and -leptons are not considered for this calculation in any
analysis presented in this thesis, as no reconstructed photons andleptons are used. The
hard term in equation 4.4 includes the momenta of all fully reconstructed and calibrated
objects, whereas the soft term incorporates any charged particle tracks which are not
associated with any object, but only with the primary vertex. In order to avoid possible
double counting an ambiguity resolution procedure is applied in the construction off"°,
making use of the di erent reconstruction features of each object, as well as overlap removal
strategies [121]. _ _

The missing transverse momentunpf"*® is the magnitude jpY">%j of the missing transverse

momentum vector, also referred to asE{“iss. Another useful variable is the direction in the

transverse plane of thep™S, given by the azimuthal angle, ™ =tan ! p{!‘isszg’}"iss .

A non-zero value ofET"°° does not just indicate the production of SM neutrinos, but also
potentially the occurrence of stable BSM particles. TheET"® calculation is validated
comparing simulated events with data, using events wher& 1> = 0 is expected and
events with expectedET"* > 0 due to neutrinos [121].
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Data and Monte Carlo simulations

The measurements presented in this thesis utilize data recorded with the ATLAS detector
and MC simulations for each contributing SM process. The MC samples are o cially
produced within the ATLAS software framework. Both, the W+ c-jet charm mis-tag
calibration analysis and the CKM measurements, use mostly the same samples. Therefore,
if not stated otherwise, samples for a process are used in both types of analyses. A detailed
description of the data studied for this thesis as well as the used MC simulations are given
in the following.

5.1 Data

All analyses presented in this thesis usep collision data recorded with the ATLAS detector

in the years 2015 to 2018 at a centre-of-mass energy ofs = 13 TeV. The data is subject

to a set of data-quality requirements [122], ensuring that only events collected during
periods of optimal detector performance, with all components functioning as expected, are
included in the analyses. The full Run 2 data set corresponds to an integrated luminosity
of 140fb * with a relative uncertainty of 0:83%[56]. The luminosity was measured with
the LUCID2 detector [123] and complemented by ID and calorimeter information. In
Table 5.1, the integrated luminosities and uncertainties per year, as well as the combined
values are shown. All analyses presented in this thesis use single lepton triggers, either
requiring a muon or electron to re these.

5.2 Monte Carlo simulations

In order to analyze the data recorded with the ATLAS detector, simulations of all
processes anticipated to contribute in an analysis are essential. An accurate description of
reconstructed quantities in these simulations is crucial to enable precise measurements.
The descriptions in this chapter are based mainly on Reference [1].

The matrix element (ME) calculations in the simulations are based on pertubation theory
calculations to rst generate events of a certain process on parton level. Hereby, the
process' probability, which is given by its ME, is folded with the probability of the initial
state particles of that given process being present in the protons in the initial state, given
by the parton distribution function (PDF). Each hard scattering event is generated using
specialized event generators, which are interfaced with algorithms that model parton
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Table 5.1: Summary of the integrated luminosities (after ATLAS data-quality
requirements [122]) and uncertainties for each individual year of Run 2, and the
combined values [56].

Data sample | 2015 2016 2017 2018 combined
Integrated luminosity [fb l] 3.24 33.40 44.63 58.79 140.07
Total uncertainty [fo 1] 004 030 050 064 1.17

showering and hadronization as well as the underlying event. Various event generators
and algorithms are utilized to leverage their speci ¢ advantages for modeling di erent
processes.

After the rst step, all events are passed through the ATLAS detector simulation [124],
which is implemented in the Geant4 toolkit [125], to simulate the response of the detector.
The nominal setup, simulates the whole detector in very high detail {ull-sim), while in an
alternative setup the faster AtlFastll (AFIl) simulation exploits a parametrization of the
calorimeter response fast-sim). The reconstruction after the detector simulation is done
using the ATLAS o ine reconstruction software.

The simulation of MC samples also includes the e ects of multiplepp interactions per
bunch crossing, as well as contributions from nearby bunch crossings that occur before or
after the primary interaction (in- and out-of-time pileup, respectively). For this purpose,
minimum-bias events, i.e. softerpp collisions with a larger cross section, are added
to the hard scattering event. The minimum-bias events are simulated using the event
generator Pythia 8.186 [126] with the tuned parameters from the A3 tune [127] and the
NNPDF2.3LO PDF set [128]. The pileup e ect is corrected by comparing the average
number of interactions per bunch crossingh i, in data and simulation, allowing for
adjustments to better match the actual detector conditions. A pileup reweightingprocedure

is performed in which theh i value in data is rescaled with a factor 0f1:03 0:04 [129].

The di erent settings and software setups for all simulated processes used in this thesis
are described in detail in the following. The simulated processes used for the analyses
presented in this thesis are largely identical, with the exception of thew +jets samples

in the W+ c calibration and additional single-top and tt samples for the interpretation
and analysis of the CKM matrix elements. The latter samples are described speci cally
in Section 5.2.3. In general, for all top-quark and top-quark pair processes the parton
shower and hadronization is modelled usindgPythia 8.230 [130] with the Al14 set of tuned
parameters [131] and theNNPDF2.3lo set of PDFs [128]. The top-quark mass is set to
Myp = 1725GeV. Further, EvtGen [132] is used to simulate the decays of heavy avour
hadrons for all samples which are not simulated usingherpa .

5.2.1 Top-quark pair processes

Top-quark pair production (tt) events are generated with NLO accuracy in the strong
coupling constant ¢ using PowhegBox v2 [133 136]. The ve- avor scheme is used and,
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consequently, theNNPDF3.0nlo [137] PDF set. In the ve- avour scheme, the bottom
guark is treated as a massless parton within the proton's structure, appearing in the
parton distribution functions and participating in the hard scattering process. The hgamp
parametel1 is set to its standard value of1:5my,, [138]. To estimate the uncertainty for
this procedure, an alternative sample withhgay,, = 3Myg, is used. FoIIow'a19 the guidelines

in Ref. [139], the renormalization and the factorization scales are set to mt2 + p%t. All

tt samples are normalized to the theory cross section value of\lN"mNNL" =834 33pb.

t
This cross section calculation is performed withTop++ 2.0 [34, 140 145] at NNLO in
QCD with the inclusion of NNLL soft-gluon terms. To estimate the impact of the choice
of the parton shower and hadronization model, an alternative sample is generated in which

Pythia 8.230 is exchanged wittHemwig 7.2.1 [146, 147].

5.2.2 Single-top-quark production

Three types of single-top-quark production are di erentiated. The t-channel production,
the s-channel production and the associated production of a top-quark and 8/ -boson ¢W).
For the simulation of t-channel events, thePowheg Box v2 [134 136, 139] generator at
NLO in QCD is used with the correspondingNNPDF3.0nlo  set of PDFs [137]. For the
production, the four- avour scheme is used. In contrast to the ve- avour scheme used for
the tt production, the four- avour scheme treats the bottom quark as a massive object
that is not included in the proton's parton distribution functions but is instead produced
explicitly irdlthe hard scattering process. The renormalization and the factorization scales

are set to mﬁ + p%b. The decay of the top-quarks is modelled byMadSpin [148, 149]

at leading order (LO).

The s-channel process is simulated at NLO in QCD using thdPowheg Box v2 [134 136,
150]. It uses the ve- avor scheme, and therefore theNNPDF3.0nlo  [137] PDF set.
Similarly, the tW process is modelled by thdPowheg Box v2 [134 136, 151] generator at
NLO in QCD. It also uses the ve- avour scheme and theNNPDF3.0nlo  set of PDFs [137].

In order to avoid interfering and overlapping events withtt production, a diagram removal
scheme [152] is used and an alternative sample using the diagram subtraction scheme [138,
152] is generated to estimate the uncertainty on this approach.

The inclusive cross sections of all three single-top-quark processes are corrected to their
theory predictions at highest order available. For thet-channel process, all events are
normalized to (t;t-chan)y o = 134:02 2:2pb and (t;t-chan)y o = 80:0 1:6pb,
respectively. Thes-channel events are normalized to (t; s-chan)y o =10:32 0:38pb and

for associatedtW production to  (tW)nownne = 79:3  2:9pb. All cross sections are
calculated at NLO in QCD, with additional NNLL soft gluon corrections for the association

tW production [153, 154] usingHathor 2.1 [155, 156].

For all single-top-quark processes, alternative samples with a modi ed value of the

'The hgamp Parameter controls the matching of PowhegBox matrix elements to the parton shower and
thus e ectively regulates the high- pr radiation against which the tt system recoils.
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Powheg :pThard parameter2 are produced to estimate the uncertainty for the matching
procedure betweenPowhegBox and Pythia . The p?ard parameter controls the rst
radiation, e.g. of a gluon, and how it is combined with the parton shower. The uncertainty
due to the choice ofPythia as the shower algorithm is assessed by another alternative
sample which interfacesPowheg Box v2 with Hemwig 7.2.1.

5.2.3 Single-top-quark t-channel and tt CKM samples

The signal samples for the CKM interpretation in the single-top-quark t-channel cross
section measurement and the CKM analysis are single-top-quark processes in which the
top-quark originates and decays not only into theb-quark (as in the nominal samples
described above) but also in thes andd quark. Theset-channel samples are simulated
with aMC@NLO v.2.9.9 with the NNPDF3.0nlo PDF set [137]. The four- avour scheme

is used for both processes, in which the top-quark originates from kaquark. All other
processes are simulated with the ve- avour scheme. Only the leptonic decay of the
top-quark is simulated in the production. MadSpin [148, 149] is used to decay the
top-quarks. The inclusive cross section calculated bpMC@NLO uses the Wolfenstein
parametrisation [157]. Therefore, for each process, these cross section were used to calculate
inclusive cross sections under the assumptioly, = 1, Vg = 1, V;s = 1 respectively,
depending on the top-quark production vertex. Each sample is hormalized to its calculated
inclusive production cross section, theN -boson branching ratio is not include here. In
Table 5.2, the dierent t-channel CKM samples, with their respective cross sections to
which they are normalized to, are shown. In addition to thet-channel samples described
above, for the CKM interpretation also tt events with all possible top-quark and anti
top-quark decays,t ! b;d;sandt! b;d;s, are produced. These samples are required as
the nominal tt process assumep/y,j = 1, and it is the dominant background contribution

in this analysis. In order to take all possible processes into account in which a vertex
including tWd or tWs occurs, eight samples are produced for the semileptonic decay
mode and eight for the dileptonic decay mode, using a very similar setup to the nominal
process simulation.Powheg Box v2 [133 136], employing the ve- avor scheme with the
NNPDF3.0nlo  [137] PDF set is used. Thehgam, parameter is set to 1.5m,, [138]. The
decay of the top-quarks is modelled byMadSpin [148, 149] at LO to allow for the decays
into d ands quarks and preserve the spin correlations of all particles.

The cross section of each sample depends on the occurring top-quark involved decays. The
branching ratios for the top-quark and anti-top-quark decays to the respective quarks are
set to 0.5 each, if both decay into di erent quarks. If both top-quarks decay into the same
guark, the branching ratio to this quark is set to 1. The branching ratios of theW -boson
decays into leptons and quarks, respectively, are also included in the calculated values.
Hence, for semileptonic processes with both top-quarks decaying into di erent quarks, the
cross section is = 40:1pb and for processes with both top-quarks decaying into the same
quark, the cross section is = 160:5pb. For the dileptonic modes, the cross section for
processes with both top-quarks decaying into di erent quarks is = 19:179pb and for
both top-quarks decaying into the same quark = 76:7 pb.

*The nominal value of Powheg :pThard is zero, the alternative sample uses 1.

44



5.2 Monte Carlo simulations

Table 5.2: All possible, simulated single-top-quarkt-channel MC samples for the CKM
interpretation with di erent top-quark production and decay vertices, and the
calculated cross sections they are normalized to.

Process cross section pb]
tg(b! t! d) 76.1
tg (b! t! d) 127.2
tq(b! t! s) 76.1
tg (b! t! s) 127.2
tg(d! t! b 168.6
tg(d! t! b 445.7
tg(d! t! d 168.6
tq(d! t! d) 445.7
tgd! t! s) 168.6
tq(d! t! s) 4457
tg(s! t! b 111.3
tg(s! t! b 155.6
tg(s! t! d) 111.3
tg(s! t! d) 155.6
tg(s! t! 9) 111.3
tg(s! t! 9 155.6

5.2.4 Single vector boson processes

Single boson processes, i.e. the production W and Z bosons in associated with additional
QCD radiation (W +jets, Z+jets; together called V +jets) are important background
processes for the single-top analyses. For the single-top-quatikchannel analysis with
the CKM interpretation, V +jets processes are simulated with theSherpa v2.2.1 [158]
generator using theNNPDF3.0nnlo  set of PDFs [137]. The computational accuracy
is provided by NLO MEs for up to two partons and LO MEs for up to four partons
calculated with the Comix [159] and OpenLoops [160 162] libraries, with all samples
being normalized to aNNLO prediction [163]. All samples are interfaced with theSherpa
parton shower [164] using theMEPS@NLO prescription [165 168] and parameter tunes
developed by theSherpa authors.

In the W + c-jet calibration analysis, in which the signal consists of speci cW + jets events,
and the dedicated single-top-quarkt-channel CKM measurement,V +jets samples are
produced with the same setup but using a di erentSherpa version. For these analyses,
all V+jets samples are simulated using theSherpa v2.2.11 [158] generator using the
NNPDF3.0nnlo  set of PDFs [137] and the standardSherpa prescription [169].

In all analyses, dierent Iters are applied to the V+jets samples in order to select a
particular avor composition for the associated jets. This allows for samples enriched in
V+b(b) or V+c(c) with adequate number of MC simulated events when comparing with
data.
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5.2 Monte Carlo simulations

5.2.5 Multiboson processes

Diboson (V V) processes are simulated with theSherpa 2.2 [158] generator in all analyses
presented in this thesis. These samples include o -shell e ects and, where appropiate,
also Higgs boson contributions. The generation of both fully leptonic and semileptonic
nal states, where one boson decays leptonically and the other hadronically, uses MEs at
NLO accuracy in QCD for up to one additional parton and at LO accuracy for up to three
additional parton emissions. For loop-induced processagy! V'V, LO MEs are used for
up to one additional parton emission for all nal states. The ME interfaced to parton
shower matching [165] and merging is based on Catani Seymour dipole factorisation [159,
164] using the MEPS@NLO prescription [165 168]. For the parton-shower the dedicated
set of tuned parameters by theSherpa authors is used. Virtual QCD corrections for the
MEs are supplied by theOpenLoops library [160 162]. Analoguos to the V +jets samples,
the NNPDF3.0nnlo  set of PDFs is used [137].

The electroweak production of two bosons in association with two jets\{ V jj ) is simulated
with the Sherpa 2.2.2 [158] generator using th&dNPDF3.0nnlo  PDF set [137]. Similarly,
the LO-accurate ME+parton shower matching [165] and merging is based on Catani
Seymour dipole factorisation [159, 164] using the MEPS@NLO prescription [165 168] and
parton shower parameters tuned by theSherpa authors are used.

5.2.6 Modelling of multijet production

In the single-top-quark t-channel analysis, additional samples are utilized in order to
identify high-py multijet production. Events, in which jets are misidenti ed as an electron
or muon, or real electron and muons originating from hadron decays inside a jet, contribute
to this background. The latter contribution is called non-prompt leptons whereas the
former are calledfake leptons Additionally, electrons from photon conversions in the
detector material are part of the fake lepton background.

In order to estimate the number and shape of multijet events with fake or non-prompt
electrons, dijet samples are generated usinBythia 8.186 [126] with LO matrix elements
and a pr ordered parton shower. The Al4 set of tuned parameters [131] and the
NNPDFZ.S&O set of PDFs [128] is used. Further, the scales, and ; are set as

r= = Y (prat mf)(pT;z + m%), with the transverse massesm;.,, and the transverse
momenta, pr.1.o, Of the two outgoing particles. Additionally, a Iter requiring at least one
jet with pr > 17 GeV is applied using a jet clustering algorithm over all stable particles
of the generated events. This dijet sample is used to model the kinematics of multijet
events involving electrons, with the rate being estimated using a data-driven method [1].
Events with non-prompt muons are modelled using collision data, also described in detail
in the publication in Ref. [1], while the number of events with fake muons was found to be
negligible.
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Systematic uncertainties

In all measurements carried out in this thesis, several sources of systematic uncertainties
need to be considered. Systematic uncertainties characterize the uncertainties associated
to the measurements which are not related to the statistical uncertainties of either the used
simulations nor the observed data. Expected event yields from both, signal and background
processes, as well as the shape of kinematic distributions and NN discriminants, can be
a ected by systematic uncertainties.

The sources of systematic uncertainties are grouped into two major categories. Experimental
uncertainties include uncertainties for all used physics objects, e.g. due to calibration
measurements, as well as uncertainties due to the experimental setup during data taking
at the ATLAS detector. As for the second category, modelling uncertainties account for
uncertainties related to the modelling of pp-scattering in simulations, including theory
uncertainties.

In general, the uncertainties that are considered in each analysis depend on the physics
objects involved. All uncertainties and their e ects are propagated through all analyses
presented in this thesis. If not stated otherwise, the uncertainties described in the following
sections are present in each of these measurements. TWe+ c-jet mis-tag calibration has
additional uncertainties which are described in detail in Chapter 7.4.

6.1 Experimental uncertainties

In the following, the sources of the experimental uncertainties are subdivided into the
corresponding physics objects and other sources like pile-up or luminosity.

Jet related uncertainties

Systematic uncertainties related to jets correspond to the JES, the JER, JVT and fJVT.
The overall JES uncertainties are estimated from di erent sources of uncertainties,
propagated through the applied calibration chain including in-situ calibration steps [107].
These sources include the intercalibration of forward jets (0:8 < j j < 4:5) from central
jets (j j < 0:8), the jet avor composition and response, the di erences in the shape
between jets from gluons or light-quarks and those originated byo-quarks, the e ects
of jets not fully absorbed in the calorimeter (punch-through) and uncertainties due to
non-closure tests. Further considered sources are the di erences in the response to high
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6.1 Experimental uncertainties

jets and to single-particles, as well as uncertainties accounting for the di erence in the
jet response between di erent detector modelling simulations. The uncertainties to the
JES are decomposed into a set A0 uncorrelated components for the single-top-quark
t-channel analysis and interpretation, and into a set 0f34 uncorrelated components for the
charm mis-tag calibration.

The JER uncertainties are evaluated by smearing the measured jet energies according to a
Gaussian function [107]. Depending on the di erence of the measured resolution in data
and simulation, the smearing is either applied to simulated events or pseudo-data, which
are simulated events treated as data, in di erent bins of the jetpr and . The measured
data remain unaltered. Thirteen orthogonal variations are used in the analyses described
in this thesis.

Additional uncertainties related to the calibrations of the JVT and fJVT are also
considered [110] [111].

Flavor Tagging uncertainties

The CKM interpretation of the single-top-quark t-channel analysis presented in this
thesis, also includes avor tagging uncertainties. There are three sources of uncertainties
considered. Tagging e ciencies are calculated forb-jets [118], as well as mis-tagging
e ciencies for c-jets [119] and light jets [120]. Dierences in data and simulation are
corrected by pr dependent SFs, which are applied to simulation. For théd>-tagging e ciency
of true bjets, the uncertainty in the scale factors is decomposed intal5 orthogonal
components. For the mis-tag e ciencies ofc-jets and light jets, the uncertainties on the
respective scale factors is decomposed in0 independent components each. Due to a
limited range in jet pr in the b-tagging calibration, the uncertainties are extrapolated from
the last utilized jet py bin for higher pr jets [170]. An additional uncertainty is assigned
to account for this extrapolation procedure. All avor tagging related uncertainties are
propagated as weights in the analysis.

Lepton related uncertainties

In all analyses presented in this thesis, single lepton triggers are used to select events. For
electrons, the statistical and systematic uncertainty of the trigger e ciency measurement [96],
which is performed to correct the trigger e ciency in simulation to match the one in data,

is combined into a single uncertainty. Contrary, for muons the statistical and systematic
uncertainties of the measured trigger e ciency [102] are treated separately. Uncertainties
related to the electron energy scale and energy resolution calibrations are considered [171].
For both calibrations, Z+jets events are utilized. In the case of the electron energy
scale, the related uncertainties are negligible at the measured average transverse energy of
the electrons, while at other energies these are kept. Similarly, the largest contribution
to the uncertainty on the electron energy resolution is driven by the extrapolation to
higher energies, which are negligible in the analyses in this thesis. Factors a ecting the
electron energy resolution include variations in energy loss before the calorimeter, shower
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6.1 Experimental uncertainties

uctuations in the calorimeter, as well as noise introduced by pileup and readout systems.
In the energy scale calibration, a total of sixty di erent uncertainties are considered.
For all analyses presented in this thesis, these are consolidated into one single variation.
Analoguosly, the uncertainties related to the electron energy resolution calibration are
grouped into a single variation.

Uncertainties related to the calibration measurements of the electron reconstruction,
identi cation and isolation e ciencies are propagated to the analyses [94]. The respective
e ciencies are measured in data and compared to simulate® ! e'e andJ= ! e'e
events. Uncertainties are derived separately for the respective reconstruction e ciency
SFs, identi cation e ciency SFs and isolation e ciency SFs, as one variation each.

Uncertainties related to the muon momentum scale and resolution are evaluated using
z! 7 andJ= | ° events [172]. In the calibration procedure, the respective
e ciencies are measured in data and compared to simulation. The uncertainties in the
corresponding energy scale and resolution SFs are included in the analyses, with one
variation each, with a combined variation for the momentum resolution of the ID and the
MS. For muons, uncertainties related to the reconstruction, identi cation and isolation
calibrations are also available [100]. Two variations, one for the statistical and one for
the systematic uncertainty of the respective calibration measurement, are included in the
analyses.

In addition, an uncertainty is taken into account for the fake lepton background, also called
multijet background, in the single-topt-channel cross section analysis. The selections in
the corresponding control region (CRs) for the two chosen data-driven methods, which
are described in Chapter 8.1 and explained in detail in the publication [1], are modi ed,
resulting in alternative distributions, which are used in the statistical analysis of the
measurement to estimate the uncertainty on these procedures. For the jet-electron method
two alternative selections are de ned by altering the criterion on the energy fraction
recorded with the electromagnetic calorimeter. For the non-prompt muon method, a single
alternative selection is applied with the variation of the required isolation criterion. Due to
di erences in the multijet rate between the used CRs and signal region (SRs), an additional
uncertainty of 30%is applied to the multijet event rate in the SRs. Another uncertainty is
the di erence in the rates of the muon multijet between the positive lepton region and the
negative lepton region.

Uncertainties related to ~ ET"°

As all analyses use leptonidV -boson decays, and therefor&1 °°, uncertainties related
to ET"° have to be considered. The missing transverse momentum is calculated using
all reconstructed objects, hence the uncertainties of the used objects are propagated to
the ET"*® estimation and contribute to the total uncertainty of E{"°° [121]. In addition,
uncertainties regarding thesoft term of E{"*°, which includes thepy of tracks not associated
to reconstructed objects, are evaluated. It displays the disagreement between the soft and
hard terms in events without any true E{"*°. The uncertainty is estimated by comparing
the measured hard and soft terms in data and comparing these to simulation. The
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6.2 Modelling uncertainties

maximum di erence is taken as the uncertainty. Three components are distinguished for
this uncertainty. One component describes the parallel scale uncertainty related to shifts
in the soft term parallel to the axis of the EI"*°. The two other components correspond to

the resolution along and perpendicular to theE%niSS axis, respectively.

Other experimental uncertainties

The integrated luminosity of the full Run 2 proton-proton dataset is measured using
van-der-Meer scans [56] and the uncertainty accumulates t6:83% This uncertainty is
applied to all expected signal and background event yields, with exception of the multijet
background in the single-top-quarkt-channel analysis, as this background is estimated
using data-driven methods.

Another uncertainty is implemented accounting for the procedure to correct di erences in

the pile-up pro le distributions between simulation and data, where these di erences are
corrected by adjusting the pile-up pro le in the simulation to match the one observed in

data. A rescaling factor for data is calculated asl:0=1:03 in this procedure [129], which is

used to computepile-up weights[173] which are applied to simulation. The uncertainty

associated with this correction is computed by varying the nominal data rescaling factor up
and down to 1.0/0.99 and 1.0/1.07, respectively. It is incorporated into the measurement
by varying the applied pile-up weights accordingly.

6.2 Modelling uncertainties

Modelling uncertainties correspond to uncertainties from the used simulation. The MC
simulation primarily relies on NLO ME calculations, which are interfaced with LO PS
generators. Di erent generators are used, in which speci c parameters are set through
tuning. These choices introduce uncertainties in the nal predictions. The additional
samples produced with alternative parameter settings for di erent uncertainty evaluations
are described in Chapter 5.

In both, the CKM interpretation and the charm mis-tag calibration, the following modelling
uncertainties are considered. For the matrix element calculation, uncertainties related to
the limited order of considered Feynman diagrams, as well as an uncertainty associated
with the factorization of the PDFs and the ME calculation?, are considered. Hereby, the
renormalization scale, g, controls the running of the strong coupling constant g, while
the factorization scale, g, separates perturbative and non-perturbative e ects in the PDFs.
Both scale uncertainties are estimated by varying each scale,g and ¢, independently by
factors of 2:0 and 0:5, excluding the cases where both are varied in the opposite direction.
This done for W +jets and all top-quark production processes. The derived uncertainties
are obtained as generator weights, which are propagated through the full analysis chain.

'The factorization of the cross section into a perturbative matrix element and non-perturbative parton
distribution functions follows from the factorization theorem in QCD [174].
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6.2 Modelling uncertainties

Uncertainties related to the initial-state and nal-state radiation in Pythia are evaluated
by varying the Var3c parameter of the used Al4 parton-shower tune within the given
uncertainties of this tune. In addition, g, at which the strong coupling constant g is
evaluated, is varied by factors of0:5 and 2:0 for an additional uncertainty estimation of
the nal-state radiation. These uncertainties are assessed for top-quark processes.

An overlap removal is performed betweertt and tW events. The uncertainty of this
procedure is evaluated by comparing the nominal sample, which uses the diagram removal
scheme, with an alternative sample that uses the diagram subtraction scheme [152].

All alternative samples or reweighted samples used for the uncertainty evaluations described
above, are normalized to the same cross sections as the nominal samples.

Both, the CKM interpretation and the charm mis-tag calibration, use the PDF4LHC
prescription with 30 variations [175]. In simulation, events are reweighted for each
variation and compared to the central PDF4LHC value. In the statistical analysis of
the CKM interpretation and the underlying single-top-quark t-channel analysis, the PDF
uncertainties are treated as correlated accross all top-quark production processes.

In this analysis, uncertainties related to the choice of the shower algorithm and hadronization
model are evaluated by comparing the nominal simulation with an alternative setup
for all top-quark involved processes, as described in Chapter 5. Speci cally, dierent
phenomenological models are used to describe the hadronization process, such as the
cluster model [176] and the Lund string model [177] [178], which a ect how the energy is
distributed among the nal-state particles. The latter is implemented in Pythia , while
the former fragmentation model is used bySherpa and Hemwig . Additionally, variations

in the shower ordering (such as angular-ordered angy -ordered showers) are considered,
as they in uence the parton shower evolution and, consequently, the resulting nal state
kinematic distributions.

Furthermore, the uncertainty related to the matching of NLO matrix elements to the
parton shower, is evaluated by comparing the nominal setup with an alternative setup
for tt and t-channel events as described in Chapter 5. This evaluation utilizes variations
in the hard-scattering scale,p?ard, which determines the energy scale at which the hard
scattering process is matched to the parton shower.

Additionally, the choice of the hgamp, parameter in the tt simulation is evaluated comparing
the nominal simulation with an alternative tt sample produced withhgam, =3 mg, while
all other settings are kept the same.

Normalization uncertainties are placed on background processes, which are known to di er
in data and in the used simulation. For W+ bbproduction, where the b-quarks originate
from gluon splitting (g! bb, an overall uncertainty of 40% s assigned to the expected
rate. This uncertainty covers di erences between the simulation and data, observed in
previous measurements [179]. The same uncertainty is applied MY +light jet events, as
these two processes are merged in the statistical analysis of this measurement. Another
uncertainty of 20%is applied to the event rate of W+ c-jet production, as well as on the
combined rate ofZ +jets and diboson production.

The uncertainties of the theoretical cross section calculations are evaluated for each sample
as described in Chapter 5.
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Calibration of charm mis-tag rate for
b-tagging

Many analyses in ATLAS rely on the possibility to identify jets containing hadrons
originating from b- or c-quarks. The algorithms used to identify these heavy- avour
originated jets are calledb-tagging algorithms. These are fundamental components for
precise analyses of physics processes involvibgjuarks in the nal state, such as Higgs-
boson analyses as well as in BSM searches. Another eld wheketagging is essential
are top-quark involved analyses. In all measurements involving top-quarksh-tagging
algorithms are used to identify the top-quarks, as it decays nearly exclusively into a
b-quark and aW -boson. Therefore, it is crucial that the b-tagging algorithms achieve both,
a high e ciency and a high accuracy in order to reliably identify potential b-jet candidates.
An important step after the development of b-tagging algorithms, are calibration analyses.
As the algorithms are developed using MC simulation, their performance is evaluated
on actual data and thus, the simulations are corrected if needed. Usually, this is done
by comparing the measured e ciency to select realb-jets in data and to the e ciency
measured in MC events. The result of these calibration analyses are data-to-MC SFs,
which are applied to all jet objects in analyses in order to correct for mismodelling in the
simulations. For this purpose, so callednis-tag e ciency, i.e. the e ciency for c-jets or
light jets to be tagged mistakenly is measured as well.

A more detailed description of calibration analyses is given in Section 7.1. In section 7.2,
the charm mis-tag calibration for the avor-tagging algorithm DL1r, is presented. The
calibration procedure usingW + c-jet events, including the event selection and the calculation
of the SFs is described in detail. Furthermore, an extrapolation procedure needed to
extract the nal results is presented. Finally, the results of this calibration are compared
with another charm mis-tag calibration analysis in ATLAS.

7.1 Calibrating the ATLAS  DL1r avour tagging algorithm
in Run 2

One of the main avor-tagging algorithms for Run 2 in ATLAS is the DL1r algorithm [114].
It is a high-level tagger, which uses information from several low-level tagging algorithms.
The output is a tagger score for each jet in an event. Details on the low level algorithms
and the build of the tagger score are described in Section 4.5.2.

To evaluate the DL1r performance on data, calibration analyses are performed with the
goal to reweight the tagger score distribution for each jet type £, c-, and light-jets) present
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in the MC samples to be more closely aligned with the tagger score distribution for the
corresponding jet types in real data. As the tagger score is a continuous distribution, a
direct reweighting, i.e. a process in which the weight of each individual jet is adjusted
based on its value, is very di cult to do due to the in nite number of possible score values.
Instead, the tagger score distribution is sub-divided by xed single-cut WPs. Each WP is
de ned by the fraction of true b-jets passing the selection, thd>tagging e ciency. There
are four e ciency WPs for the DL1r algorithm: 60%; 70%; 77% and 85%

In the so called xed-cut scheme (SingleWP), a jet is either tagged or not tagged at a
certain WP. The tagging e ciency typically depends on the kinematic properties of a
jet and thus, a calibration analysis is done in several bins of the jepTl. E ciency SFs
are derived by building the ratio of the e ciency found in simulation and the e ciency
observed in data:

data
SF (pr) = MC((ETT)) (7.2)

Every tagged true b-jet in an event gets a weightw,, o4 = SF (pr) and every non-tagged
true b-jet a so-calledine ciency SF, de ned by

1 ") _1 SF(pr) (o).
1 M (py) 1 My

Two further WPs are the trivial 0% WP (no jet is tagged as ab-jet) and 100% WP (every
jet is tagged as ab-jet). Using all e ciency WPs as bin-edges of so-calledtag-weight
bins then allows for a normalized tag-weight distribution in every pr bin of the xed-cut
calibration, as the score for a jet must fall into one of the tag-weight bins. Using this
method called pseudo-continuous b-taggindPCBT), each jet is taken into account and
therefore, more information from the continuous tagger score is maintained for further
utilization in physics analyses.

The charm mis-tag calibration presented in the next section is performed for both methods,
SingleWP and PCBT.

(7.2)

Wuntag =

7.2 Calibration using W + c events

The c-jet mis-tagging e ciency is measured since Run 1 in ATLAS. These calibrations
need samples very pure in truec-jets in order to perform the e ciency measurement in
Bata. Two methogs were exploited in Run 1 in order to achieve higtc-jet purity, both at
s= 7GeV and s = 8GeV: One technique is referred to as thdd method [180, 181],
which is based onc-jets containing D  mesons, whereas the second technique usegts
produced in association with aW boson. The latter method is calledW + ¢ method [182].
Both calibration methods in Run 1 were based on identifying thec-jet from semileptonic
c-hadron decays. Therefore, both techniques needed an extrapolation procedure in order to
extend the results to all possiblec-hadron decays. While theW + ¢ method contains ac-jet
sample with a mix of semileptonically decaying charm hadrons, th&® method exploited

!Ideally one would include a binning in j j as well if enough data was available.
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Figure 7.1: Feynman diagram illustrating one possibleW + c-quark production mode, gs'!
W c. The large circle at the c-quark decay vertex denotes a simpli cation of
the hadronization process to illustrate the targeted decay mode of the formed
c-hadron.

the possibility to reconstruct D ! D° * decays, withD®! K * to get a very pure
sample ofc-jets. Since the uncertainties due to the applied extrapolation procedure to an
inclusive c-jet sample are therefore smaller using th&V + ¢ method compared to theD
method, the latter method was not used anymore in Run 2.

Instead, another method was developed, which is based on semileptonically decayitig
events, in which the c-jet comes from the hadronically decayingW -boson from one of the
top-quark decays [119]. The advantage of this so-called method is given by its inclusive
sample ofc-jets, thus not requiring an extrapolation procedure. As an alternative to the
now standard calibration measurement usingt events, the W+ c method was used on a
partial dataset corresponding t036 fb ! to calibrate the charm mis-tag rate of the previous
MV2clGagging algorithm [118] at the beginning of Run 2 [183].

In order to derive the charm mis-tag e ciency of the DL1r tagging algorithm, the W+ ¢
method is used as a reference measurement in Run 2. Analogously to thB/2c1@alibration
procedure, thec-jets in this procedure are identi ed by a muon coming from a semileptonic
c-hadron decay. This muon is expected to be inside the jet cone and stemming from a
tertiary vertex and is called soft muon (see Sections 4.4, 4.5.1), due to its usually lower
pr compared to prompt muons. As the two dominant production mechanisms for charm
jets in association with aW boson aregs! W candgs! W™ c, the soft muon and the
lepton coming from the W boson decay are expected to have an opposite electric charge.
This correlation of the electric charges of the leptons is also exploited in order to extract a
very pure c-jet sample for the calibration.

A schematic Feynman diagram, showing one possiblé/ + c-quark production mode, is
shown in Figure 7.1. It depicts the nal state particles, visualizing the opposite-sign (OS)
charged lepton pair. The large circle at thec-quark decay vertex denotes the simpli cation
of the hadronization process to illustrate the semileptonic decay of the formed-hadron.
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7.2.1 Event selection

The charm mis-tag calibration of the DL1r algorithm uses the full Run 2 dataset corre-
sponding to an integrated luminosity of L = 140fb ! The largest assumed background
processes ar&V+ b-jets and W +light- avour jets as well as processes involving top-quarks.
In addition, Z+jets and diboson events are also expected to contribute to the overall
number of events.

In contrast to the previous calibration, in which only events with W ! e . were selected,
in this calibration analysis, only events with W ! are targeted. This choice was
made due to technical reasons, as simulated samples were only available in the used
ATLAS software release for this muon channel. Therefore, events are selected with exactly
one prompt muon, expected to be coming from theN boson decay, and no electron
candidate and no second prompt muon present. The prompt muon is required to have
apr > 27GeV, since for this value the trigger e ciency reaches a plateau of 100%. As
neutrinos are expected from theW -boson decay, a requirement was set on the missing
transverse momentum ofE{"° > 35GeV in an event. In addition, events are required to
have a transverseW -boson mass,

)
m¥ = 2p,EMS 1 cos @ pI"S (7.3)

of my > 40GeV. The values of both, E{"* and m¥, are chosen in order to minimize
the contributions due to wrongly identi ed leptons (fake leptons). Events are required
to have exactly one jet in which exactly one soft muon is present. The jet needs to ful ll
riﬁt > 20GeV. In order to suppressZ +jet background events, two cuts involving both, the
soft muon and the prompt muon, are introduced: The invariant mass of the two leptons is
required to be outside theZ-boson mass window, thus events wittvO<m < 100 GeV
are vetoed. This asymmetric window around theZ -boson mass peak was chosen to enhance
the number of signal events over the number of background events. Furthermore, the
distance in the detector between the muons is required to be R(; ) > 0:4.

Due to a software bug present in the used ATLAS software release, non-leading muons were
treated as pions and thus can subtract energy from the calorimeter in the reconstruction
process and then form particle ow jets. These falsely reconstructed jets can alter the JES
and JER systematic uncertainty determination for heavy avor jets. Since events targeted
in this calibration analysis do have the soft muon as a second muon in each event to the
prompt muon, this bug is a ecting the analysis heavily. To suppress events with (soft)
muons falsely reconstructed as jets, which are mainly expected from the sub-leading muon
in Z+jets events, requirements on the associated jet properties and the isolation of the
soft muon are introduced. Soft muons are required to signi cantly exceed the calibrated
Loose isolation working point, indicating a higher level of surrounding activity by other jet
constituents. This isolation is calculated using the transverse momenta of nearby tracks
and contributions from neutral particles within speci ¢ domains around the muon. Further,
jets do either need to have two tracks associated to them or the fraction of the total jet
energy measured in the electromagnetic calorimeter has to be lower than 80% of the total

jet energy. Another requirement is set on the transverse momentum balancqaﬁa', which
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is de ned by the ratio of the p% with Z representing the soft muon and prompt muon, to
the individual sum p;*" + p;, which has to be larger than0:4. Finally, the ratio of the
transverse momentum of the soft muon and the jet associated to the soft muon, has to be
smaller than 0:5, as a value close to one indicates a wrongly reconstructed jet from that
soft muon. All additional requirements were developed in studies done by the analysis
team measuring theW + ¢ cross section and were adopted for the calibration measurement.
As described before, for the signal two charged leptons of opposite charge are expected.
In contrast, most of the background events are expected to be balanced in events with
either OS or same-sign (SS) lepton pairs. For this reason, events with a SS lepton pair,
N 53, are subtracted from the events with an OS lepton pair,N S 'in order to exploit this
asymmetry for the W + c-jet events to realize a very pure OS-SS SR. This approach is
con rmed by the event yields, which are shown in Table 7.1, with the number of signal
events exceeding the number of expected background events. The purity in the OS-SS
region for W + ¢ events is89%, which is 6% larger than in the previous calibration [183]. In
the MC simulated events, the avor of the one present jet in events that pass the selection
is determined on truth level, and corresponds to the quark avor from which the soft muon
originated.

Table 7.1: Number of events,N, in the OS region, SS region and the signal region, OS-SS.
The total background is the sum of all individual background processes. The
shown uncertainty is the MC statistical uncertainty.

Process | N ©S N SS NOS SS

W +light 80000 1000 66900 900 13400 1300
W+b 16470 190 16800 190 =340 270
Z+jets 15570 260 8420 140 7150 290
VvV 1600 18 580 10 1020 20
tt 5533 28 4352 25 1180 40
t 11329 27 7793 23 3540 40
Total background | 131000 1000 104800 900 26000 1400
W+c 245000 1000 29900 400 215000 1000
Total MC 376000 1400 134700 1000 241300 1700
Data 367144 130230 236914

In Figure 7.2, kinematic distributions illustrating the agreement between data and simulated
events in the OS-SS region are shown. An overall reasonable agreement is observed, with
no visible trend in any distribution and merely minor uctuations within the statistical
uncertainties. The kinematic distribution for each separate region are shown in Appendix A.
For these distributions, the agreement between data and MC events is also reasonable.
In order to perform the calibration, events are further divided by the p; of the jet and

its DL1r score. For the SingleWP calibration, events are categorized in ve WP bins:
untagged, tagged at60% WP, tagged at 70% WP, tagged at 77% WP and tagged at 85%
WP.
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Figure 7.2: Kinematic distributions in the signal (OS-SS) region. (a) and (b) show the
pr and the pseudorapidity of the prompt muon in an event, respectively. (c)
and (d) show the py and the pseudorapidity of the soft muon. In (e) the
missing transverse momentum is shown and in (f) the transvers&/-boson
mass. The rst and last bin of each distribution include the under ow and
over ow bin, respectively. In the bottom panel of each plot, the ratio between
observed and expected events is shown. All distributions show a good agreement
between data and simulation. The depicted uncertainty bands indicate the
MC statistical error, whereas the error bars on the black data points show the
statistical uncertainty on the recorded data.
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7.2 Calibration using W+ c events

For the PCBT calibration, events are sorted in the ve tag-weight bins: [85-100%], [77-85%],
[70-77%], [60-70%] and [0-60%]. Additionally, events are categorized in threepy bins
(20 40GeV, 40 65GeV and 65 140CeV). These bins are chosen to be the same as
the ones used in the standardt based calibration, in order to allow the possibility to
combine both calibrations in the end. A fourth py bin, 140 250GeV, used in the tt
based calibration, was excluded from theéV + c calibration, as the event yields were not
su cient. Since the W+ c method was expected to be more suited for lower jep values,
this decision was made. In Figure 7.3, the jep; distribution is shown with the binning
applied for eachb-tagging WP, which illustrates the reason for the mentioned decision as
well. The comparison between data and simulation shows a reasonable agreement. For all
distributions, it is visible that in the range between 40-65 GeV fewer events are predicted
by the simulation than recorded in data. The events in the di erent p;y and WP bins are
used in a likelihood procedure to perform the calibration deriving data-to-MC SFs.

7.2.2 Likelihood t procedure

In contrast to the previous charm mis-tag calibration, a likelihood t procedure was
performed in order to derive the data-to-MC scale factors in this calibration. The reason
for this change is given by the higherc-jet rejection rate of the DL1r tagger with regard to
the MV2clQGagger. The overall number of tagged events in data and simulation containing
a charm jet is much lower. This is especially true for smaller e ciency working points and
for jets with large pr. Due to known mismodelling in simulated events for these phase
spaces, the method using the ratio of two histograms, one lled with events in data and
the other one lled with events from simulation, could lead to unphysical, negative SFs. In
order to prevent these, a likelihood-based approach was developed. To avoid any potential
bias arising from correlations between uncertainties solely occurring in this calibration, the
systematic uncertainties are not included as nuisance parameters in the t. Instead, the
tting procedure is repeated for each systematic uncertainty individually. The minimization
of all likelihood functions is carried out by the MINUITsoftware library [184].

SingleWP

For the SingleWP calibration, a gaussian likelihood function is used, since the subtraction
of OS-SS events cannot be treated with poissonian ansatz. The gaussian likelihood function
for two regions, here realized by events with either a tagged or untagged jet, is given by

!

Y 1 N )2
L = g—— exp N 5 DA (7.4)
i=Tagged ; Untagged 2 | 2

with the expectation , the observed data, N, and the standard deviation . The

logarithmic likelihood function is therefore given by
!

X
In(L) = %m(z) %In : (7.5)

i=Tagged ; Untagged

59



7.2 Calibration using W+ c events
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Figure 7.3: Dierent jet pg distributions with the binning applied in which the calibration
procedure is done. (a) the full jetpy distribution, (b) py distribution for jets
not tagged by the DL1r algorithm. The plots (c), (d), (e) and (f) show the py
distribution for jets tagged at the 60% 70% 77% and 85%, respectively. All
distributions show a reasonable agreement between data and simulation. The
depicted uncertainty bands indicate the MC statistical error, whereas the error
bars on the black data points show the statistical uncertainty on the recorded

data.
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7.2 Calibration using W+ c events

The rst two terms in the sum are neglected, as these are constant. Therefore, the
logarithm of the likelihood function is obtained as

X (Dos Dss) (MCps MCsg)
2 (Dos+ Dsg)

In(L) = (7.6)

i=Tagged ; Untagged

with D gg-s5 and MC g5-gg denoting the events with the characteristic lepton pair in data
and simulation, respectively. The MC events are parametrized as follows:

Tagged _ Tagged Untagged
MCOS:SS - NW+C SF MC Sos:ss + Sos:ss + BTagged (7-7)
Untagged _ Tagged Untagged
MCosss = Nw+c (I SF) mc  Spgss * Sos-ss (7.8)

Here, S denotes the signal events and the sum of all background events. The free
oating parameters in the t are the data-to-MC SF and the normalization of the signal
events, Ny, ; c. Furthermore, ¢ is the MC e ciency, which is given by the ratio of events
in which the jet is tagged at a certain WP and all events overall after the event selection.
The e ciencies for each pr bin for all WPs are shown in Figure 7.4. The denominator in
the likelihood function, 2, is obtained using error propagation forf (OS S§= OS SS
events:

.. @f % @f > ,
f = 0s ost S5 Ss
= 3+ 3s (7.10)

(7.9)

Since OS and SS are observed event yields, each individually follows the Poisson statistics.
Further, the OS and SS events are uncorrelated and thus? = OS+ SS This likelihood
function is used for each WP, for which the jet in each event either is tagged or untagged.

PCBT

For the PCBT case, a similar likelihood function is used. In contrast to the SingleWP
procedure, the PCBT likelihood function is a product of gaussians for each tag-weight bin:

|
Y 2

L: q 1 eXp (NI 2I)
i=0 2 ,2 2

; (7.11)

with the expectation , the observed data,N, and the standard deviation . The O-th
bin corresponds to the events with a jet not being tagged, i.e. in the tag-weight bin of
85% 100% Therefore, the fourth bin corresponds to the events with the jet having a
DL1r score betweerD% 60% Consequently, the logarithmic likelihood is given by

. . . . 2
X+ (Dps Dss) (MCps MCsy)

In(L) = 2
i-0 2 (Dps+ Dsgg)

(7.12)
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Figure 7.4: Tagging e ciency in simulation of W + c-jet signal events and data in all three
jet py bins for (a) 60%DL1r WP, (b) 70% DL1r WP, (c) 77% DL1r WP and (d)
85% DL1r WP. The uncertainty given by the bars on the dots is the statistical
uncertainty.

The MC events in the PCBT case are parametrized as follows:

0S=SS 0S=SS 0S=SS
MCq = Nw+c SFine : 0 Syt + By (7.13)
0S=ss 0S=ss 0s=sS
MCo™"= Nwsce SK i Sga *+ B (7.14)

Again, the free oating parameters in the t are the W+ c-jet normalization correction,
Nw : ¢ and the SFs for each tag-weight bin,SF;. The ine ciency SF is given as
P
1 Y SR
SFe - = (7.15)
0

The e ciency, ;, for each tag-weight bin is calculated as the ratio of the signal events in
that bin divided by all signal events. The e ciencies for each tag-weight bin for all py
bins are shown in Figure 7.5. The denominator of the likelihood formula in Equation 7.12,
is obtained analogously to the SingleWP case (see Equation 7.10).
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Figure 7.5: Tagging e ciency in data and simulation of W+ c-jet signal events in all tag-
weight bins for jets between (a)20-40 GeV, (b) 40-65 GeV and (c) 65140 GeV.
The uncertainty given by the bars on the dots is the statistical uncertainty.

7.3 Resulting calibration data-to-MC scale-factors

SingleWP

The likelihood function is used to perform a t of MC events to data for each WP of the
DL1r algorithm. Example pre-t and post- t distributions for the 70% WP of the DL1r
algorithm are shown in Figure 7.6 and 7.7. In all pre-t plots, the high purity of W + c-jet
events is visible, which underlines the advantage of this calibration method. A reasonable
agreement between data and simulated events is observed in all post-t plots. The pre-t
and post-t plots for the three other WPs in all py bins are located in the Appendix B.
These plots show overall a very similar agreement between data and MC events as well,
but for the 60% WP, the purity in W + c-jet events is reduced due to single-top-quark and
tt events. As mentioned above, the t is done for each considered systematic uncertainty
as well. Hereby, the observed data are replaced by pseudodata representing the nominal
prediction, in order to obtain the di erence due to the systematic uncertainty.
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Figure 7.6: Pre-t (left) and post-t (right) plots for events in the OS-SS region with
the jet being tagged at the 70% WP of the DI1r algorithm for the SingleWP
calibration. (a) and (b) show the events with 20< jet pr < 40GeV, (c) and
(d) show the events with 40 < jet pr < 65GeV, and (e) and (f) show the
events with 65< jet pr < 140 GeV. In the bottom panel in each plot, the ratio
between data and simulated events is shown. The MC statistical uncertainty
is indicated by the black, shaded error band.
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Figure 7.7: Pre-t (left) and post-t (right) plots for events in the OS-SS region with

the jet not tagged at the 70% WP of the DI1r algorithm for the SingleWP
calibration. (a) and (b) show the events with 20< jet pr < 40GeV, (c) and
(d) show the events with 40 < jet pr < 65GeV, and (e) and (f) show the
events with 65< jet pr < 140 GeV. In the bottom panel in each plot, the ratio
between data and simulated events is shown. The MC statistical uncertainty
is indicated by the black, shaded error band.

65



7.3 Resulting calibration data-to-MC scale-factors

All di erences are summed in quadrature in the end, including the statistical uncertainty,
to derive the overall uncertainty on each SF. In Tables 7.2 and 7.3, the impact of di erent
categories of systematic uncertainties on the resulting SFs is given for each WP and used
pr bin. For details on each di erent source of systematic uncertainties, see Chapter 6. The
systematic uncertainty contributions are grouped based on their source. The uncertainties
arising from the jet energy scale calibration are summarized under JES, whereas the
uncertainties concerning the jet energy resolution are summarized under JER. Pileup,
luminosity and JVT are summarized as experimental uncertainties. On the theory side, the
uncertainties from each individual cross section uncertainty per sample are summarized,
as well as the scale uncertainties and the electroweak corrections.

The largest systematic uncertainties arise from jet related uncertainties. Overall, this
calibration is limited in precision by the systematic uncertainties. As the number of events
with a tagged jet gets smaller for tighter DL1r WPs, the statistical uncertainty on the SFs

is larger for these WPs.

The resulting data-to-MC SFs are shown in Figure 7.8. For all WPs a trend is visible,
that the SF for jets between 40 and 65 GeV are further away from one than the SFs for

Table 7.2: Summary of the systematic and the statistical uncertainty contribution to
the SingleWP data-to-MC scale factor calculation for the60% and 70% DL1r
WPs in all three py bins. All values are given in percent di erence from the
nominal result. The combined overall uncertainty is calculated by adding the
corresponding sources in quadrature. If up and down variation of a source di er,
the larger one is quoted here. No systematic uncertainties were symmetrized,
thus adding up the uncertainties of each column might not result in the overall
uncertainty quoted here. The "Experimental” category includes JVT, luminosity
and pileup. If the impact is less than0:05% it is shown as0:0%.

60% WP 70% WP

Source | 20-40 GeV  40-65 GeV  65-140 GeV 20-40 GeV  40-65 GeV  65-140 GeV
JES 8.6 22.7 82.0 4.4 12.4 10.9
JER 19.2 28.9 86.0 5.9 8.7 14.3
Muons 1.7 2.6 6.0 0.5 0.7 0.9
Electrons 0.0 0.0 0.0 0.0 0.0 0.0
ETS® 0.7 2.8 5.6 0.6 1.0 0.9
Experimental 0.2 0.6 15 0.0 0.1 0.2
Cross section 1.2 3.6 7.7 0.4 1.3 1.3
PDF 0.2 0.6 3.4 0.1 0.3 0.6

s variation 0.0 0.1 0.2 0.1 0.1 0.1
Scale 0.4 0.7 1.0 0.3 0.6 0.6
EW corrections 0.0 0.1 0.2 0.0 0.1 0.1
ISR/ FSR 0.0 0.0 0.0 0.0 0.0 0.0
All systematic 19.3 29.3 86.8 7.4 13.0 14.5
Statistical 5.7 11.3 78.3 1.8 4.4 13.3
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7.3 Resulting calibration data-to-MC scale-factors

Table 7.3: Summary of the systematic and the statistical uncertainty contribution to
the SingleWP data-to-MC scale factor calculation for the77% and 85% DL1r
WPs in all three py bins. All values are given in percent di erence from the
nominal result. The combined overall uncertainty is calculated by adding the
corresponding sources in quadrature. If up and down variation of a source di er,
the larger one is quoted here. No systematic uncertainties were symmetrized,
thus adding up the uncertainties of each column might not result in the overall
uncertainty quoted here. The "Experimental” category includes JVT, luminosity
and pileup. If the impact is less than0:05% it is shown as0:0%.

77% WP 85% WP

Source | 20-40 GeV  40-65 GeV  65-140 GeV 20-40 GeV  40-65 GeV  65-140 GeV
JES 3.3 8.3 5.2 1.3 4.0 3.0
JER 6.9 4.5 3.1 4.7 2.2 5.0
Muons 0.3 0.4 0.5 0.5 0.6 0.2
Electrons 0.0 0.0 0.0 0.0 0.0 0.0
ET'S® 0.6 1.1 1.3 0.5 1.0 0.9
Experimental 0.0 0.0 0.0 0.1 0.1 0.1
Cross section 0.3 0.6 0.5 0.3 0.4 0.3
PDF 0.1 0.2 0.2 0.1 0.2 0.2

s variation 0.1 0.1 0.1 0.1 0.1 0.1
Scale 0.4 0.5 0.5 0.4 0.5 0.4
EW corrections 0.1 0.1 0.1 0.1 0.1 0.1
ISR/ FSR 0.0 0.0 0.0 0.0 0.0 0.0
All systematic 7.7 8.7 6.2 3.8 4.7 5.9
Statistical 1.0 2.1 4.9 0.7 1.1 2.2

low pr and high py jets in this calibration. Studies were done in order to investigate this
observation. In these studies, the aforementioneg; bin was split further into two bins,
but the di erence in data and simulated events, also visible e.g. in Figure 7.7, still persists.
Therefore, the disagreement is treated as a MC modelling issue and thus as an e ect which
needs to be covered by this calibration. In general, the SFs obtained for tighter WPs have
larger uncertainties compared to the SFs for looser WPs. This is expected, as less events
are selected in these regions and the MC statistical uncertainty is larger. Most SFs are in
agreement with unity within the overall uncertainties. In some bins, a large asymmetry
of the e ect of the systematic uncertainties is visible. This is overwhelmingly due to
the jet related uncertainties. The reason for this behavior is driven by the calibration
strategy to use di erent py bins and discard all events abovel40 GeV. As the calibration
procedures on jet objects are also done in di erenpy bins, in some cases, both, up and
down variations, of the corresponding uncertainties have the same e ect, which is twice
less or twice more events in a bin with respect to the nominal value. As this is a real
physics e ect, no symmetrization is applied. In Table 7.4, all data-to-simulation SFs are
listed with statistical and systematic uncertainties. The tted normalization values of
the W+ c-jet events are shown in Figure 7.9 for each t. It is visible that in each t, the
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Figure 7.8: Resulting SingleWP data-to-MC scale factors in all threep; bins for (a) 60%
DL1r WP, (b) 70% DL1r WP, (c) 77% DL1r WP and (d) 85% DL1r WP.
The black dots show the mean value, the black bars indicate the statistical
uncertainty. The green boxes illustrate the total uncertainty, which is statistical
and systematic uncertainties added in quadrature.

Table 7.4: Summary of the of the SingleWP data-to-MC scale factors for theDL1ralgorithm
in all three p; bins.

DL1r/ Jet py 20-40 GeVv 40-65 GeV 65-140 GeV

60% WP 1:25 0:07 (stat)* %34 (syst) 1:79 0:20 (stat))* %35 (syst) 0:47 0:37 (stat:)*% 3 (syst)
70% WP 1:10 0:02(stat)*438 (syst) 1:33 0:06 (stat))"%i15 (syst) 0:88 0:12 (stat:)*%13 (syst)
77% WP 1:04 0:01(stat) %58 (syst) 1:19 0:02(stat:)* %98 (syst:) 0:98  0:05 (stat:) "% (syst)
85% WP 1:02 0:01(stat:)*%0s (syst) 1:08 0:01(stat)*% 32 (syst) 1:01 0:02 (stat:) %38 (syst:)
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normalization is the same for eactpy bin. This is expected since it is scaling both, the
tagged and untagged events, in eacpy bin and thus, scales the same amount of events in
each t. The maximum correlation between a normalization factor, Nyy .., and a SF in a
tis 0:3, for the most py bins it is around 0:2.

c T T T T c T T T T
Ke] Vs =13 TeV, 140 fb* . . kel Vs =13 TeV, 140 fb* . .
=] S N -+- Data/Simulation =] S N -+~ Data/Simulation
N 60% WP DL1r N 70% WP DL1r
= M tot. unc. = M tot. unc.
£ £
<} [}
c c
2] 2]
Q9 QS
19 19
+ +
= =
e e e e e e e P Y A NSNS S N ST SO S A SR
40 60 80 100 120 140 40 60 80 100 120 140
SMT Jet P, [GeV] SMT Jet P, [GeV]
(a) (b)
s ‘f“”“‘i“”“”“‘” s “‘F‘_H_l“_”_”_”
2 =13 TeV, 140 b~ ) . o =13 TeV, 140 fb~ ) .
] s € -4 Data/Simulation ] s € -4 Data/Simulation
N 77% WP DL1r N 85% WP DL1r
= M tot. unc. = M tot. unc.
E E
o I}
c c
§2] §2]
Q Q
1%} b
+ +
= =

e b b e e b by T T I I O S S HO SO
40 60 80 100 120 140 40 60 80 100 120 140
SMT Jet P, [GeV] SMT Jet P, [GeV]

(© (d)

Figure 7.9: Resulting normalization factors for the W + c-jet signal events in all three py
bins in the SingleWP ts for (a) 60% DL1r WP, (b) 70% DL1r WP, (c) 77%
DL1r WP and (d) 85% DL1r WP. The blue dots show the mean value, the blue
bars indicate the statistical uncertainty. The light blue boxes illustrate the
total uncertainty, which is statistical and systematic uncertainties added in
quadrature.

PCBT

The likelihood function is used to do a simultaneous t of MC events to observed events for
each tag-weight of theDL1r algorithm. This procedure is done for each aforementionegy
bin. Example pre-t and post- t plots for the 20-40 GeV py bin are shown in Figure 7.10
and 7.11.
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Figure 7.10:Pre-t (left) and post- t (right) plots for events in the OS-SS region with
the pr of the jet being within 20 and 40 GeV for the PCBT calibration. (a)
and (b) show the events in the 0-th tag-weight bin (85%-100%), (c) and (d)
the events in the rst tag-weight bin and (e) and (f) the events in the second
tag-weight bin. In the bottom panel in each plot, the ratio between data and
simulated events is shown. The MC statistical uncertainty is indicated by the
black, shaded error band.
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Figure 7.11:Pre-t (left) and post- t (right) plots for events in the OS-SS region with the
pr of the jet being within 20 and 40 GeV for the PCBT calibration. (a) and
(b) show the events in the third tag-weight bin, and (c) and (d) the events
in the fourth tag-weight bin. In the bottom panel in each plot, the ratio
between data and simulated events is shown. The MC statistical uncertainty
is indicated by the black, shaded error band.

data/pred.
o
data/pred.

The pre-t and post-t plots for the other two p; bins are located in Appendix C. They
show overall a very similar agreement between data and MC events.

In Tables 7.5 and 7.6, the impact of di erent categories of systematic uncertainties on the
resulting SFs is given for each tag-weight bin and useg; bin. A table with the uncertainty
breakdown for the85 100%tag-weight bin is located in the Appendix D. Analogously to
the SingleWP chapter, the systematic uncertainty contributions are grouped based on their
source. As for the SingleWP case, for the PCBT case the largest systematic uncertainties
arise from jet related uncertainties. Overall, this calibration is also limited in precision
by the systematic uncertainties. As expected, since the number of events with a tagged
jet gets smaller for tighter DL1r tag-weight bins, the statistical uncertainty on the SFs is
larger in these bins.
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Table 7.5: Summary of the systematic and the statistical uncertainty contribution to the
PCBT data-to-MC SF calculation for the 0 60%and 60 70% DL1rtag-weight
bin in all three p; bins. All values are given in percent di erence from the
nominal result. The combined overall uncertainty is calculated by adding in
guadrature the corresponding sources. If up and down variation of a source di er,
the larger one is quoted here. No systematic uncertainties were symmetrized,
hence why adding up the uncertainties of each column might not result in the
overall uncertainty quoted here. The "Experimental” category includes JVT,
luminosity and pileup. If the impact is less than 0:05% it is shown as0:0%.

0-60% WP 60-70% WP

Source | 20-40 GeV  40-65 GeV  65-140 GeV 20-40 GeV  40-65 GeV  65-140 GeV
JES 8.6 22.8 82.1 4.5 8.1 2.8
JER 19.2 28.9 86.0 7.1 8.9 4.9
Muons 1.7 2.6 6.0 0.5 0.5 0.6
Electrons 0.0 0.0 0.0 0.0 0.0 0.0
ET'S® 0.7 2.8 5.5 0.7 0.9 2.3
Experimental 0.9 1.1 5.6 0.2 1.3 0.1
Cross section 1.2 3.7 7.7 0.4 0.4 0.3
PDF 0.2 0.6 3.4 0.2 0.2 0.2

s variation 0.0 0.1 0.4 0.1 0.1 0.1
Scale 0.4 0.7 1.0 0.4 0.5 0.5
EW corrections 0.0 0.1 0.1 0.1 0.1 0.1
ISR/ FSR 0.0 0.0 0.0 0.0 0.0 0.0
All systematic 19.3 29.3 86.8 8.5 12.1 5.7
Statistical 5.7 11.3 78.3 1.7 3.7 8.0

In Table 7.7, all data-to-simulation SFs are listed with statistical and systematic uncertainties.
In Figure 7.12, these data-to-MC SFs are shown for each tag-weight bin. As expected,
the PCBT data-to-MC SFs in the 0-60% tag-weight bin are the exact same as the SFs
for the 60% SingleWP t. Further, most of the SFs are in agreement with unity within
the overall uncertainties. The systematic and statistical uncertainties become larger for
tighter tag-weight bins, as the purity in signal events is less and overall less events selected.
Again, asymmetric uncertainties are visible for some SFs, these arise from the jet related
uncertainties as explained in the SingleWP section. All normalization factors are in
agreement with unity within the uncertainty.
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Table 7.6: Summary of the systematic and the statistical uncertainty contribution to the
PCBT data-to-MC SF calculation for the 70-77% and 77-85% DL 1r tag-weight
bin in all three p; bins. All values are given in percent di erence from the
nominal result. The combined overall uncertainty is calculated by adding in
guadrature the corresponding sources. If up and down variation of a source di er,
the larger one is quoted here. No systematic uncertainties were symmetrized,
hence why adding up the uncertainties of each column might not result in the
overall uncertainty quoted here. The "Experimental” category includes JVT,
luminosity and pileup. If the impact is less than 0:05% it is shown as0:0%.

70-77% WP 77-85% WP

Source | 20-40 GeV  40-65 GeV  65-140 GeV 20-40 GeV  40-65 GeV  65-140 GeV
JES 2.9 5.8 2.8 4.9 1.8 2.0
JER 8.8 3.8 7.0 4.1 5.4 7.7
Muons 0.8 0.6 0.3 0.9 0.6 0.6
Eleptrons 0.0 0.0 0.0 0.0 0.0 0.0
ET"S® 0.8 1.3 2.3 11 1.3 0.7
Experimental 0.4 0.2 0.7 0.3 0.7 0.3
Cross section 0.3 0.4 0.4 0.3 0.4 0.3
PDF 0.1 0.2 0.1 0.1 0.2 0.1

s variation 0.1 0.1 0.1 0.1 0.1 0.1
Scale 0.4 0.7 0.6 0.2 0.4 0.3
EW corrections 0.1 0.1 0.1 0.1 0.1 0.1
ISR/ FSR 0.0 0.0 0.0 0.0 0.0 0.0
All systematic 9.4 6.6 7.9 5.9 5.8 8.0
Statistical 1.2 2.2 4.2 11 1.6 25

Table 7.7: PCBT data-to-MC SFs for the DL1r algorithm in all three p; bins.

DL1r/ Jet py 20-40 GeV 40-65 GeV 65-140 GeV

0 60%WP | 125 0:07(stat)*%34(syst) 1:79 0:20(stat:)*%53 (syst) 0:47 0:37 (stat:)*%4° (syst)
60 70%WP | 1.05 0:02(stat)" %95 (syst) 1:17 0:04(stat:)*%% (syst) 1:04 0:08 (stat:)*%03 (syst)
70 77%WP | 1:00 0:01(stat)*%9d (syst) 1:10 0:02(stat)* %55 (syst:) 1:.04 0:04(stat:) %38 (syst)
77 85%WP | 1:00 0:01(stat)*%54(syst) 0:99 0:02(stat) %92(syst:) 1:02 0:03 (stat:) %08 (syst)
85 100%WP | 0:98 0:01(stat:)*}0s (syst) 0:95 0:01 (stat:)*}os(syst) 1:00 0:02 (stat:) %33 (syst:)
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Figure 7.12:Resulting PCBT data-to-MC scale factors in all three p; bins for (a) 0-60%
DL1r tag-weight bin, (b) 60-70% DL1r tag-weight bin, (c) 70-77%DLL1r tag-
weight bin and (d) 77-85% DL1r tag-weight bin. (e) shows the resulting
normalization factors for the W + c-jet signal events in all threep; bins. The
black and blue dots show the mean value, respectively. The black and blue
bars indicate the statistical uncertainty, respectively. The green and light
blue boxes illustrate the total uncertainty, respectively, which is statistical
and systematic uncertainties added in quadrature.
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7.4 Extrapolation from semileptonic to inclusivec-Hadron decays

7.4 Extrapolation from semileptonic to inclusive c-Hadron
decays

As a soft muon is used to identify thec-jet in the W + c-jet method, the data-to-simulation
SFs are obtained using solely semileptonically decayinghadrons. In order to avoid a
bias in the SFs because the-hadron composition due to the selection, an extrapolation
procedure to an inclusivec-jet sample is needed.

In the previous calibration for the MV2clQalgorithm, the then used MC sample was
re-weighted based on thec-quark fragmentation fractions and branching ratios predicted
in simulation compared with the measured ones by di erent experiments [185] [186]. The
information regarding the c-hadrons were not contained in the used samples or other
available samples, hence a new extrapolation strategy was introduced. The aim is to
compare, and correct di erences in SFs obtained with and without the usage of soft muons.
Therefore, the selection strategy of the standardt charm mis-tagging rate calibration [119]
was chosen as a starting point. The extrapolation aims to obtain a very pure sample of
semileptonictt events, with a c- and light-jets from the hadronically decaying top-quark,
which are distinguished between jets with and without a matched soft muon. As a result,
ratio SFs are calculated to evaluate the di erence between jets with and without a matched
soft muon.

7.4.1 Event selection

The event selection requires events to have exactly one prompt electron withgy > 27 GeV
and ET"° > 20GeV. Further, at least 4 jets, each with apy > 25GeV are required. A
likelihood basedtt event reconstruction algorithm, KLFitter [187], is used. It takes
the four-vectors of the four highestp; jets, the electron and the ET"® of the event as
inputs. The algorithm assigns one jet to theb-jet from the leptonically decaying top-quark,
and another one to theb-jet from the hadronically decaying to quark. The remaining
two jets are associated with the hadronicW -boson decay. It is important that this jet
assignment does not employ any-tagging information, but purely kinematic information.

A likelihood value for each four-jet combination is calculated in order to nd the best
candidate for the tt reconstruction. In order to remove events in which the jets are
wrongly assigned, events are required to have a negative logarithm of the likelihood value
greater than 48. This value is chosen to be the same as the one used in the standard
calibration [119]. Additionally, the two jets assigned to b-jets from both top-quarks are
required to be tagged at the60% e ciency WP of the DL1r algorithm. This requirement
increases the purity in correctly assignedxjets, and subsequently enhances the amount of
correctly assignedc-jets and light jets from the hadronic W-boson decay. Nadb-tagging
requirements are imposed on the two jets from théV-boson decay to not introduce a
bias. In Table 7.8, the event numbers for all considered processes are shown after the
selection. The overwhelming majority of selected events are events. Further, a di erence

of around 6% in the prediction and the measured data events is observed. As there are

known mis-modelling e ects in the py distribution of tt events, an overall normalization
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Table 7.8: Event yields after the event selection for the extrapolation. The shown
uncertainty is the MC statistical uncertainty. Values are rounded according to
the particle data group guidelines for rounding.

Process | Yields

W +jets 1060 60
Z tjets 636 21
VvV 62.9 2.7
tt 267940 190

t 5350 25
Total MC | 275050 210
Data 258772

correction for the MC estimation is calculated considering the MC statistical uncertaintes.
The resulting correction factor is NF 5y = 0:940 0:002 This correction is applied in
the t procedure explained in the next section. After the initial event selection, the two
jets associated to theW -boson are used for the extrapolation procedure. The jets are
lled into histograms depending on their pr and DL1r score. Jets are selected in the same
pr bins and DL1r requirements as in the primary calibration. Therefore, in some events
not both but just one or even no jet are selected. In total521314jets out of possible
550100jets are selected. In simulation, the avor of each selected jet is determined on
truth level based on the initial quark of the jet. The jets are categorized as &-jet, c-jet
or light jet. The majority of jets are light jets ( 77%), followed by a c-jet contribution of
21% As expected, only a very minor contribution comes fromb-jets (2%). A distinction
between the di erent processes is not made, as the extrapolation procedure is aiming at
di erences between jets with and without a soft muon matched regardless of the origin of
the jet. Further, jets are di erentiated if they have a soft muon matched to it or not.

7.4.2 Pro le likelihood approach
In contrast to the primary calibration, a binned pro le likelihood procedure is utilized for

the extrapolation. A detailed description of the used maximum likelihood method is given
in Chapter 8.1.3. The goal of this approach is to obtain the ratio SFs which are de ned as

SF
SFatio = matched ; (7.16)
SFunmatched

with the SFs for jets with and without a matched soft muon.

SingleWP

For the SingleWP case, four regions are constructed for eadbL1r WP, two where the
jet is required to be tagged at a WP and two where the jet is required to not be tagged.
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In both cases, one region contains the jets with a soft muon matched while the other
contains the jets without a soft muon matched. Only the event yields in each region are
considered, and no kinematic distributions, e.g. the secondary vertex mass, were examined
where di erences between the various quark avors K, c, light) could be observed, as
those variables were not present in the MC samples used. The parametrization of the jet
yields,N, in each region is as follows:

tagged _
Nunmatched - NI:overall (SFunmatched Cunmatched + Bunmatched + Lunmatched) (7-17)
tagged _
Nmatched - NI:overall (SFunmatched SI:ratio Cmatched + Bmatched + Lmatched) (7-18)
untagged _ nti
Nunmatched - NI:overall SI:ﬁnmatched Cunmatched + Bunmatched + I—unmatched (7-19)
untagged _ nti
Nmatched - NI:overalll SFﬁwatched Cmatched + Bmatched + I—matched (7-20)

Parametrizing the jet yields with a soft muon matched to a jet in this way, allows for a
correct estimate of the uncertainties on the ratio SF, taking into account all correlations
between events in di erent regions. Further, jets with and without a soft muon matched
to it are scaled with the desired SF. The ine ciency SFs are given by

- 10 SF,
S nti _ unmatched unmatched 7.21
unmatched — MC ( : )
1 unmatched
MC
S nti — 1 matched SI:matched 7.22
matched — MC ( : )
1 matched

with the MC e ciencies yc = MC ynjagged MCoveran fOr jets tagged or untagged at a
speci ¢ WP. The overall normalization correction, NFgyeran, is Xed to 0:940, the value
obtained beforehand. The free oating parameters, which are estimated by the t, are the
SF for jets not matched with a soft muon, SK,,matched » @Nd the ratio of SFs, Sk, -

Systematic uncertainties regarding the electron identi cation and isolation, jet related

uncertainties as well astt modelling and scale uncertainties, pileup and JVT uncertainties
are considered. In addition, an uncertainty is placed on the light jet normalization. As

there are no measurements of soft muon matched light jets in ATLAS, the uncertainties of
the SFs from the light jet mis-tag calibration [120] are taken and increased by 50% in the
t.

Pre- t and post- t plots for the 60% DL1r WP for jets between 65 and 140 GeV are shown
in Figures 7.13. In the regions, where a jet is tagged, simulation predicts less jets than
there are observed in data. For regions, where the jet is not tagged, the opposite is true,
as there are more predicted events than data. The visible trends in the agreement between
data and simulation can also be seen for all other WPs ang@; bins. The pre-t and
post- t plots of all regions are located in Appendix E. Further, in the post-t plots, the
overall uncertainty is much smaller compared to the pre- t distributions. This is expected,
as the overall uncertainty is calculated using the estimated correlations between the single
uncertainties and di erent regions by the pro le likelihood t, which leads to the reduction

of the overall uncertainty.
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Figure 7.13:Pre-t (a) and post- t (b) plots for events with the p; of the jet being within
65 and 140 GeV for the inclusive c-hadron extrapolation in the SingleWP case.
In the bottom panel in each plot, the ratio between data and simulated events
is shown. The overall uncertainty is indicated by the blue, shaded error band.

The resulting ratio SFs for each SingleWP case are shown in Figure 7.14. It is visible,
that for tighter WPs, the ratio SFs are further away from unity. In general, an agreement
between the ratio SFs and unity, which would correspond to no di erence between jets
with and without a matched soft muon, is only given for the 85%DL1r WP and two py
bins for the 77%DL1r WP.

In order to further investigate the large di erences, the c-jet tagging e ciency for both,
jets with and without a soft muon matched and the SFs for both jet types compared, are
plotted. The c-jet tagging e ciency is shown in Figure 7.15. The e ciency gets smaller
for tighter WPs, illustrating that the rejection rate for c-jets gets larger. For the 85%DL1r
WP, the e ciency is larger for jets with a soft muon matched. This pattern changes into
the opposite for more and more tight WPs. This can be explained as the existence of a
soft muon is a strong indicator of a heavy avor jet, but for tighter WPs, other criteria
play a larger role for the DL1r score.

With the SF, matched @nd the SF,i, Obtained from the pro le likelihood procedure, it is
possible to calculate theSF,,icheq USiNg Equation 7.16. When comparing the SFs for jets
matched and not matched to a soft muon, which are shown in Figure 7.16, it is visible that
the di erence between both gets larger for tighter WPs. Taken into account the agreement
between data and simulation pre-t and these plots, it is apparent, that mis-modelling in
the simulation especially for the tighter WPs is present. An investigation would need more
kinematic variables and further, variables in which di erences between the di erent quark
avors are visible. Unfortunately, the timeline of this thesis did not permit to further look
into this matter.

A comparison between the SFs with a soft muon matched to a jet and the SFs obtained in
the primary calibration is shown in Figure 7.17. These plots also illustrate the discrepancy
described above, as both SFs are expected to be very close, since both are obtained from
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Figure 7.14:Resulting ratio SFs for the SingleWP case in all thregp; bins for (a) 60%
DL1r WP, (b) 70% DL1r WP, (c) 77% DL1r WP and (d) 85% DL1r WP. The
black dots show the mean value, the black bars indicate the total uncertainty.

charm jets with a matched soft muon. Further, the scale factors from the extrapolation
procedure seem to be mirrored. Another study, which drops the ine ciency SFs in order
to test the impact of the regions with the most events but less charm jet contribution.
This study only yields small di erences in the obtained SFs with comparable uncertainties
and further con rms that the mis-modelling of the tt events in simulation causes the
di erences.
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Figure 7.15: c-jet tagging e ciency for the SingleWP case in all py bins for (a) 60% DL1r
WP, (b) 70% DL1r WP, (c) 77% DL1r WP and (d) 85% DL1r WP. The black

PCBT

and red

dots show the mean value for jets with and without a soft muon

matched, respectively. The black and red bars, respectively, indicate the total
uncertainty.

The extrapolation in the PCBT case is done analogously. Jets are categorized in the
ve tag-weight bins, i, depending on theirDL1r score. Further, jets are distinguished by
the occurance of a matched soft muon. Consequently, 10 regions are used in the pro le
likelihood t. The parametrization of the events, N, in each region is as follows:

0 _ nti ;0 0 0 0
Nunmatched - NFoveraII SFﬁnmatched Cunmatched + Bunmatched + I-unmatched (7-23)
0 _ nti ;0 0 0 0
Nmatched - NI:overall SF;atched Cmatched + Bmatched + Lmatched (7-24)
N> O = NF SF o} + B! + L 7.25
unmatched — overall unmatched unmatched unmatched unmatched ( : )

i> _ i i i i i
Nmatched - NI:overall SIjunmatched SIjratio Cmatched + Bmatched + I—matched (7-26)
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Figure 7.16: Comparison of resulting SFs for jets with and without a soft muon matched
for the SingleWP case in all threepy bins for (a) 60% DL1r WP, (b) 70%
DL1r WP, (c) 77% DL1r WP and (d) 85% DL1r WP. The black and red dots
show the mean value, respectively, with the black and red bars indicate the
total uncertainty, respectively.

The ine ciency SFs are de ned as:

MC;;i i
S nti ;i _ 1 unmatched SIjunmatched 7.97
unmatched ~— 1 MC ;i ( . )
unmatched
MC;i i
1 ' SF,
nti ;i _ matched matched
SFﬁﬁatched - 1 MCi (7.28)
matched

The overall normalization correction, NF e , IS xed to 0:940 again. The free oating
parameters in each t, are the SF for jets not matched with a soft muon,SF,matched » @nd
the ratio SF, SF,.4, , both for all tag-weight bins, i.e. i =0;:::;5.

As an example for the pre- t and post- t distributions, the jet yields for jets between 20and
40 GeV are shown in Figure 7.18. Similarly to the primary calibration, the extrapolation
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Figure 7.17:Comparison of resulting SFs for jets with a soft muon matched in the
extrapolation and the SFs obtained in the primary calibration for the SingleWP
case in all threept bins for (a) 60% DL1r WP, (b) 70% DL1r WP, (c) 77%
DL1r WP and (d) 85% DL1r WP. The black and red dots show the mean
value, respectively, with the black and red bars indicate the total uncertainty,
respectively.

t procedure is done in all tag-weight bins for each jetpr bin. The resulting ratio SFs for
each tag-weight bin case are shown in Figure 7.19.

7.5 Comparison with other calibration measurement

techniques

As the primary charm mis-tag calibration using W + c-jet events is an alternative calibration
to the standard calibration using tt events [119], a comparison of the obtained SFs in both
calibrations is of signi cant interest.

In Figure 7.20, the SFs for the SingleWP calibration from both calibrations are shown.
The plots reveal some notable di erences: For ther0% and 77% DL1r WP in the py range
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Figure 7.18:Pre-t (a) and post- t (b) plots for events with the p; of the jet being within
20 and 40 GeV for the inclusive c-hadron extrapolation in the PCBT case. In
the bottom panel in each plot, the ratio between data and simulated events is
shown. The overall uncertainty is indicated by the blue, shaded error band.

of 40 to 65GeV as well as for thepy bin between 65 and 140 GeV, the SFs from both
calibrations are not in agreement within the respective uncertainties. Besides that, these
plots show the expected di erences with respect to the individual overall uncertainties
on the SFs. For jets with apr between20 and 40 GeV, the overall uncertainty is either
comparable (e.g. for the60% WP) or much reduced with respect to thett standard
calibration. The SFs from the standard calibration also show a smaller dependency on the

pr, whereas the SFs from théW + c-jet method show a very similar pattern for all four
WPs.

In Figure 7.21, the SFs for the PCBT calibration from both calibrations are shown. All
but two SFs are in agreement within the uncertainties. In the lowp; bin for jets between
20 and 40 GeV, the overall uncertainties are smaller for theW + c-jet method showing the
importance of this calibration. Besides the 0-60% tag-weight bin, the uncertainties for
all other pr bins and tag-weight bins are either comparable or even smaller compared to
the results obtained in thett standard calibration, illustrating the competitiveness of this
alternative calibration.
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Figure 7.19: Resulting ratio SFs for the PCBT case in all threepy bins for (a) 60% DL1r
WP, (b) 70% DL1r WP, (c) 77% DL1r WP and (d) 85% DL1r WP. The black
dots show the mean value, the black bars indicate the total uncertainty.
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Figure 7.20: Comparison of the SFs obtained with thett based standard calibration and
the resulting SingleWP data-to-MC scale factors from theW + c-jet calibration
in all three py bins for (a) 60%DL1r WP, (b) 70% DL1r WP, (c)77% DL1r WP
and (d) 85% DL1r WP. The black dots show the mean value of the SFs from
the W+ c-jet method with the black bars indicating the statistical uncertainty.
The green boxes illustrate the total uncertainty of the SFs from theW + c-jet
method, which is statistical and systematic uncertainties added in quadrature.
The blue dots represent the SFs obtained with thett method, with the
blue bars representing the statistical uncertainty, and the blue, shaded band
showing the total uncertainty.
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Figure 7.21: Comparison of the SFs obtained with thett based standard calibration and
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the resulting PCBT data-to-MC scale factors from the W + c-jet calibration

in all three py bins for (a) 0-60% tag-weight bin, (b) 60-70% tag-weight bin,
(c)70-77% tag-weight bin and (d) 77-85% tag-weight bin. The black dots show
the mean value of the SFs from theW + c-jet method with the black bars
indicating the statistical uncertainty. The green boxes illustrate the total
uncertainty of the SFs from the W+ c-jet method, which is statistical and
systematic uncertainties added in quadrature. The blue dots represent the SFs
obtained with the tt method, with the blue bars representing the statistical
uncertainty, and the blue, shaded band showing the total uncertainty.



Interpretation of single-top-quark
t-channel cross section measurement

The parameters of the CKM matrix are free parameters of the SM. They are fundamental
in understanding and describing interactions between quarks due to the electroweak
interaction. Since there are no theoretical predictions for the values of the CKM matrix
elements, they need to be measured experimentally. Therefore, a precise determination of
the entries of the CKM matrix is important. At the LHC, top-quarks are produced with a
large cross section and the semileptonic decay mode enables a clean decay reconstruction.
However, distinguishing between decays involving a down quark or a strange quark, and
thus, a precise measurement giVyj and jVij, is very challenging. There is nos-tagging
algorithm available to date in ATLAS, which would allow for a distinction between top-
guark decays into ad-quark or a s-quark, which complicates measurements. Currently,
iV and jVisj are determined fromB® B° mixing processes, which are dominated by box
Feynman diagrams involving top-quarks. Theoretical uncertainties, mainly from lattice
QCD calculation, limit the current determinations of jVyj and jVisj. Details on current
determinations of jVi4j and jV,sj are outlined in Chapter 2.2 and Ref. [19].

An interpretation of the established single-top-quarkt-channel cross section analysis, with
the goal to measure all three top -quark involved CKM matrix elements, is presented in
this Chapter. The single-top-quark t-channel process provides a great opportunity for
studies and measurements related to di erent top-quark production and decay modes, due
to its distinct detector signature. Current top-quark analyses, such as the measurement of
the single-top-quark t-channel cross section are based on the assumption tha#,j = 1,
with event selections optimized for the dominantt ! Wb decay channel. Building on this
inclusive cross section measurement an interpretation of the results is performed in order
to measurejVy,j and put constraints on the suppressed CKM elementgVyyj and jVisj.

8.1 Overview cross section measurement

The aforementioned single-top-quarkt-channel cross section measurement itself using
140fb 1 of pp collision data collected with the ATLAS experiment was performed by
Joshua Reidelstirz et al from the ATLAS group in Wuppertal. The measurement was used
for an interpretation for top-quark involved CKM elements, which was performed as part
of this thesis. The presented analysis, including the CKM interpretation, was published in
a peer reviewed journal [1].
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8.1 Overview cross section measurement

8.1.1 Event selection

The cross section measurement targets the leptonic decay channel of the top-quark,
t! W™b, and top-antiquark, t! W b, respectively, as shown in the example Feynman
diagrams in Figure 8.1. Therefore, a charged lepton and a neutrino from th&/ -boson
are expected in the nal state, besides a-quark from the top-quark decay. Another
characteristic signature of thet-channel top-quark process, is a spectator quark in forward
direction of the detector, j j < 4.5, along the top-quark.
An event selection is applied with the aim to maximize the signal contribution, while
suppressing background activity. Events are selected with exactly one charged lepton,
("), either an electron or a muon, which is required to have g1 > 28 GeV. Further, this
charged lepton has to match the lepton object which red the used single-lepton trigger.
The selected lepton is expected to come directly from the hard scattering process, but it
can also come from leptonically decying leptons. Events with any additional lepton with
pr > 10GeV are rejected in order to reduce contributions from dileptonictt events. At
least two jets are required in each event, requiring exactly two jets withpy > 30 GeV and
j j < 4:5. These two jets are assumed to correspond to thie-quark in the top-quark decay
and the spectator quark, respectively. Thus, exactly one jet in the event must bé-tagged
at the 60% WP of the DL1r tagging algorithm, which needs to be withinj j < 2:5 since
the ID that is required for b-tagging covers that range. For jets with2:3< j j < 4:5, the
pr requirement is increased tgpy > 35 GeV to prevent known mis-modelling issues in the
simulation of the transition region between the central and forward calorimeter.
Due to the expected neutrino from theW -boson decay, a requirement oET*® > 30 GeV
is placed on the missing transverse momentum in each event. A cut on the transverse
W -boson mass,m¥v > 50GeV, is included to reduce the multijet background. For the
same reason, an additional requirement is set on the; of the charged lepton, which
removes events with a low leptonp; depending on the di erence of the azimuthal angle,
, between the lepton and the jet with the highestp in the event:

or > 40 LTI 8.1)
To suppress events in which the top-quark is not produced on-shell, a requirement on the
invariant mass of the charged lepton and theb-tagged jet, m-, is used. This is important
as the theoretical cross section prediction is de ned for on-shell top-quarks and does not
account for virtual contributions. Based on the relation m?;b = mt2 m\z,v for on-shell
top-quarks, events are required to full | m-, < 160 GeV. Two separate SRs are constructed
afterwards, depending on the electric charge of the lepton. Using both regions allows for
an increased sensitivity to both, top-quark and top-antiquark processes. The sensitivity
arises from di erences in the proton PDFs, which di er for top-quark and top-antiquark
production and can be accessed by the properties of the nal state particles. Further, six
CRs are constructed for a data-driven estimate of the multijet background [1], separately
for barrel electrons, endcap electrons, and muons. Similar to the SRs, the CRs are also
split by the charge of the reconstructed lepton, but di er by one inverted selection criterion.
For electrons, the ET"® requirement is inverted, while for muons the requirement de ned
in Equation (8.1) is inverted. After the selection, the main background process in the
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(b)

Figure 8.1: Example Feynman diagrams of (a) single-top-quark production and (b) single-
top-antiquark production, both via the t-channel exchange of a virtualW
boson at LO in perturbation theory [1].

cross section measurement ist. These events are selected if either in the semileptonic
decay mode just two jets ful Il the selection criteria or in the dileptonic decay mode in
which only one lepton survives the object selection. Due to its large cross section, many
tt events are selected in the SRs. The resulting event yields for all processes in both SRs
after the statistical analysis are listed in Figure 8.2.

Process SR plus SR minus
tq 169000 = 6000 150+ 150
tq 90 + 90 109000« 4000
tW+iW,th+7b 51000+ 4000 49000+ 4000
tr 265000 = 14000 265000 + 14000
W+bb 198000 = 21000 159000 + 17 000
W+c(¢) 60000 = 13000 49000 = 11 000
Z+jets, diboson 21000+ 4000 19000+ 4000
Multijet 50000 = 10000 50000 = 10000
Total 814000+ 2100 698800+ 2000

Observed 814185 698 845

Figure 8.2: Event yields after the statistical analysis in both used SRs. The cited
uncertaintes include all statistical and systematic uncertainties present in
the analysis. The event yields are rounded according to the Particle Data
Group (PDG) rounding rules. The sum of the single processes do not add up
to the total sum given because of correlations in the t. Taken from Ref. [1].

8.1.2 Event classi cation using Neural Networks

An arti cial feed-forward NN * was developed for both SRs to further distinguish between
the signal and remaining background events after the selection [1]. A single NN is trained

A more detailed overview on NNs is given in Chapter 9.2.
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No. Symbol Description
1. m(jb) Invariant mass of the untagged jet (j) and the b-tagged jet (b)
2. n(H Absolute value of the pseudorapidity of the untagged jet
3. |Apr(W. jb)| Absolute value of the difference in transverse momentum between the
' PTAW. J reconstructed W boson and the jet pair
. Absolute value of the difference in azimuthal angle between the recon-
4. 8¢ (W, jb)l structed W boson and the jet pair
5. m(¢) Invariant mass of the reconstructed top quark
. Absolute value of the difference in pseudorapidity between the charged
6. |An(t, )l e :
pton (£) and the untagged jet
7. AR, )) Angular distance of the charged lepton and the untagged jet
Absolute value of the difference in pseudorapidity between the b-tagged jet
8. |An(b,0)]
and the charged lepton
9. my (W) Transverse mass of the W boson
10. m(¢fb) Invariant mass of the charged lepton and the b-tagged jet

Scalar sum of the transverse momenta of the charged lepton and the
jets and E%ﬁss
12. |An(b, j)| Absolute value of the difference in the pseudorapidity of the two jets

. Absolute value of the difference in the azimuthal angle between the
13, |A¢(j,1)| .

untagged jet and the reconstructed top quark

Cosine of the angle 8" between the charged lepton and the untagged
jet in the rest frame of the reconstructed top quark
15. |n(6)] Absolute value of the pseudorapidity of the charged lepton
Sphericity defined as the sum of the 2nd and 3rd largest eigenvalues
of the sphericity tensor multiplied by 3/2
Absolute value of the difference in transverse momentum of the charged
lepton and the untagged jet

11, Hrp(¢, jets, EIS)

14. cosO*(¢, ))

l6. §

7. |Apr (£, )]

Figure 8.3: List of the 17 variables constructed and used for the NN training sorted
By their d&scrimzinating power. The sphericity tensor is dened asS =

P P, = ipij°. Here, and correspond to the spatial components, y,

and z of the three-momenta, p;, of the reconstructed jets, charged lepton and

reconstructed neutrino. Taken from Ref. [1].

in both regions combined, as the kinematic distribution of top-quark and top-antiquark
events are very similar and a scenario with two separate NNs for each SR gave a similar
sensitivity. The NN is implemented using the NeuroBayespackage [188] [189]. One hidden
layer with 22 nodes is used between the input node and the output node. The output
node gives a continuous output in the interval( 1;+1), which is linearly scaled to the
interval (0; 1). In the training, all considered backgrounds, weighted accordingly to their
expected number of events, are trained against. An equal number of signal and background
events is used in the training. The NN usedl7 input variables, constructed from various
kinematic quantities of the nal state objects. In Figure 8.3, the input variables are listed
ordered by their importance to the NN training. The reconstruction of the top-quark is
needed for variables used in the NN, e.g. its invariant mass, and is conducted using the
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Figure 8.4: Probability densities of the NN discriminants (a) for the tq and (b) for the ttq
signal processes, and for the largest background contributionsf and W + bh
in the respective SRs. Taken from Ref. [1].

four-momenta of its decay products [190]. The reconstruction procedure is necessary since
the top-quark decays before it reaches the detector and therefore, its properties need to be
reconstructed from detected nal-state particles. Hereby, the four-momenta of the charged
lepton and the b-tagged jet are precisely determined, whereas for the four-momentum of
the neutrino only the transverse componentsp, and py, are known as it is assumed to be
measured asE™*°. The determination of the p, of the neutrino is done using the pole
mass of theW-boson, my, = 80:4GeV, as a constraint. Using this constraint leads to

a quadratic equation for p,, which therefore yields two possible solutions. The smaller
of these two solutions is selected. In cases, where the reconstructéd-boson mass in
the calculation is less thanm,, used in the constraint a complex solution is obtained.
This can happen due to resolution uncertainties of theET">> measurement or if there
are no on-shellW-bosons in an event. To avoid these complex solutions, a correction
procedure is applied [191]. Herep, and p, are adjusted to maintain the mass constraint
of the W-boson. Two new solutions are obtained. In the end, the smaller solution that

minimizes the di erence between the measured and the modi ted values ab, and py is

selected which keeps the transverse energy of the neutrino close to the measufef®®.
To reconstruct the top-quark, the four-momenta of the W -boson, calculated by adding the
four-momenta of the neutrino and charged lepton, and thexjet are added.

The normalized NN output distributions for both SRs are shown in Figure 8.4. The NN is
able to distinguish well between the single-top-quark signal and the two largest background
sources,tt and W+heavy avor jets. The probability densities of the NN in both SRs
are used in a pro le likelihood t procedure in which the t-channel cross sections of both,
single-top-quark and top-antiquark are determined. As this procedure is also used by the
CKM interpretation and subsequently in the developed analysis presented in Chapter 9.5,
it is described in detail here.
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8.1 Overview cross section measurement

8.1.3 Pro le likelihood t procedure

The statistical analysis of the single-top-quarkt-channel cross section measurement is
performed using a binned pro le likelihood t. In the t the simulated events are compared
with the measured data using a likelihood,L (kjx), de ned as

Y
LRjx)= P xR : (8.2)

Here, x; correspond to the data with K being parameters on which the predictions from
simulation depend. The result of a t using this likelihood approach are the estimated
I AN

values k which maximize the likelihood, hence the method is called the maximum likelihood
method.

In ATLAS, the HistFactory [192] model is employed for binned template ts, which
utilizes simulation-based template histograms for the predictions. TheHistFactory model
assumes a counting experiment, thus the likelihood is build from Poissonian probability
densities including the predicted event yields and the measured data. Neglecting any
systematic or MC statistical uncertainties, the likelihood can be expressed as

Y

L(nj )= Pois(n;jvi( )); (8.3)
i2bins

where n; denotes the number of measured data events in binand v;( ) the number of
predicted events in bini, with  representing the parameters of interest (POISs) in the
likelihood. In this cross section measurementy; is de ned as

X
Vil )= S+ S+ By (8.4)
j
The predicted number oft-channel events for single-top-quark and single top-antiquark
production, SitGI and Sitq, are scaled by the respective signal strength parameters,q; -

The signal strength is de ned as

measured
= PW; (8.5)
P
i.e. the ratio of the measured cross section and the SM prediction for a proceBs The
expected number of each contributing background process, is denoted byB;; .
Adding systematic uncertainties, which a ect the simulated events, yields in an auxiliary
term in the likelihood function.

. 0. _ Y ol iy Y o .
L(n; 7 )= Pois(nijvi( )) Gausg 7 j; ) (8.6)
i2bins j

Systematic uncertainties are incorporated as nuisance parameters (NPs), into the
likelihood. The auxiliary term is a Gaussian probability density function in which the
auxiliary measurement on a corresponding NP is implemented. The convention is that
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8.1 Overview cross section measurement

each Gaussian has a mean value’ = 0 and a standard deviation of = 1. A value
of ; =0 corresponds to the nominal prediction, while ; = 1 correspond to the upper
and lower 1 bounds of the auxiliary measurement ¢p and down variation). Thus, a
prediction for three values of is obtained, and an interpolation between these values and
extrapolation beyond them is done to obtain model predictions for any value of . Each
systematic uncertainty can impact either the shape of the nominal distributions or the
normalization or both. Distributions are split into a pure shape component and a pure
normalization component, as there are di erent interpolation and extrapolation strategies
for each. The shape component uses bin-by-bin linear interpolation, which is de ned as

b;p( ) = g;p + b;plin ; (8-7)
with 8
< g 1S 0
b;p b;p ,
loipiin = : 0 (8.8)

Here, I{,';p;lb;p and |8;p denote the expected event yields for = 1;0;+1, respectively,
for a processp in a histogram bin b. In contrast, a polynomial interpolation and an
exponential extrapolation is used for the normalization component:

%

o( )= "o a i<t (8.9)

.

Hereby, t he interpolation factor, a;, is xed such that it matches the boundary conditions

( = 1,d=dj- ;and d® =d 2j - 1. This choice can result in negative values for
the extrapolation, however, in practical applications this was found to not be the case. On
the contrary, this approach avoids discontinuous rst and second derivatives of which
can cause numerical instabilities during the minimization.
The input templates for the = 1 varied nuisance parameters can be aected by
statistical uctuations, as can the nominal prediction. The correlation between the
statistical uncertainties of the nominal prediction and the varied templates depends on how
the templates were generated. Moreover, the statistical uncertainty in the varied templates
themselves is not directly included in the t procedure. Instead, it a ects the estimation
of the uncertainties in the measured parameters . In order to mitigate the impact of
statistical uctuations in the variation templates on the measurement and the convergence
of the t, a smoothing algorithm is applied. For the t-channel cross section measurement
a custom algorithm is applied [193] [194]. It uses two main steps, a rebinning step to
decrease the statistical uctuations and a smoothing step to interpolate the results back to
the original binning. In the rebinning step, adjacent bins are merged under rules depending
on the bin-wise ratios of the original template and the rebinned template. Afterwards,
the rebinned ratio template build in the rst step, is smoothed by the TH1::SMOOTH()
algorithm of the ROOT195] library in multiplie steps, described in Ref. [196]. Smoothing

1

730"5 +

I L

0
I P
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8.1 Overview cross section measurement

is only applied to the nuisance parameters that were found to be constrained, i.e. whose
post- t uncertainties are substantially reduced compared to their pre- t uncertainites.
There are cases in which both input template histograms for a systematic uncertainties are
very asymmetric around the nominal prediction, or that there is just a one-sided variation.
In such cases, ssymmetrization is applied, in which the average of both variation is taken
or the one-sided variation, respectively, and symmetrized around the nominal distribution
to obtain the other variation.

Another factor in the stability of the t procedure is the overall number of NPs, which
can get very large depending on the number of physics objects used and their respective
uncertainties. To reduce the number of NPs, apruning step is done. During this
step, systematic uncertainties which are considered to have a negligible impact on the
uncertainties of the POI are removed. For this purpose, the e ect on the t is calculated
as jvariation=(nominal 1)j < X% for the normalization component of a systematic
uncertainty and jvariation=(nominal 1)j < Y% in all bins for the shape component after
the variation is normalized to the same overall integral. In this analysis, a normalization
component is then removed if the e ect on the t is smaller than 0:5% and a shape
component is pruned if the e ects are smaller than0:5% in each bin. This procedure is
done per region and per MC sample present in the t.

In addition to systematic uncertainties, the statistical uncertainties due to the nite
number simulated MC events are incorporated into the likelihood by theHistFactory
model employing another set of dedicated NPs, which are described by, [192]. The whole
procedure follows the prescription given by Barlow and Beeston in Ref. [197]. Contrary to
the systematic uncertainties, a Poisson constraint termPois(myj ,, p) is used here. The

2
event yields for the nominal prediction in a bin b are given bympy = =V, C 7 with b
being the total statistical uncertainty. vl';"c is the number of predicted MC simulated

events where the statistical uncertainty need to be accounted for. The e ective number of

2
predicted events in binb are given by ,, = vl';"cz p andis treated as a xed value. The

NP is labeled as p,, which acts as a scale factor to all yields in a birb. This approach
is chosen, as assigning individual factors for each process would increase the number
of additional parameters in the likelihood signi cantly. That could a ect the numerical
stability of the t procedure. Hence, for each bin a single constraint term is assigned to all
processes.

The complete likelihood becomes
0. Y . . Y 0. Y . .
L(n; 7555 )= Pois(nijvi( )) Gausg 7jj; )  Pois(myj y «): (8.10)
i2bins j k

In practice, the negative logarithm of the likelihood is minimized instead of just maximizing
the likelihood in order to avoid instabilities because of numerical limitations. The
minimization is carried out by using MINUIT with the MIGRARlgorithm [184]. The
uncertainties on the pro le likelihood parameters are determined using theviINO&lgorithm.

Two ts are performed to obtain the results of the analysis. In the rst t, the cross
sections of both, single-top-quark and single-top-antiquark, are obtained. In a second t,
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8.1 Overview cross section measurement

the ratio of both processes as well as the total-channel cross section is determined. The
POls in the rst t correspond to the signal strengths of the single-top-quark process, ;,
and the single-top-antiquark process, ;. Both are used to calculate the measured cross
sections from the t using
SM
t— ot t
SM
t— t t
Since the ratio of both cross sectionsR;, is also measured, a parametrization of the signal
event normalization is determined for the second t, allowing to utilize two di erent POls,
ch and g, in the likelihood t [194]. The pro le likelihood t is done simultaneously in
both SRs and the six CRs combined. In both SRs, the neural network output distribution
is tted.

The performed t to data, yields in likelihood estimators for all nuisance parameters
and POls such that these maximize the likelihood given in Equation 8.10. Setting all
parameters to these 'so calledpost-t values, they can be applied to the tted distributions
according to the used parametrization. The plots for the post-t distributions of the NN
output distributions in both SRs are shown in Figure 8.5. The resulting cross sections
from the rst t are [1]

. = 137" pb;

and
. = 84"% ph:

The NNLO predictions for these cross sections are in good agreement with the results
from the measurement. The combined cross section is measured to be

et = 221753 pb;
with the ratio being determined as

. 0:036,
Rt =1 636+ 0:034-

Signal modelling uncertainties, related primarily to the choice of the parton shower
and hadronization model, are the dominant sources of systematic uncertainties [1]. In
general, the cross section measurement is limited in precision by systematic uncertainties.
The impact of di erent groups of systematic uncertainties on the results is given in
Figure 8.6. Several interpretations of this measurement have been performed in order to
gain additional insights, e.g. about PDF sets atNNLO. These interpretations and their
results are published in Ref. [1] as well but are not discussed further in this thesis. Within
the scope of this thesis, an interpretation regarding the CKM matrix elements involving
the top-quark has been conducted, that was included in the same publication. In the
following chapter, this interpretation is presented in detail, including the methodology and
results.
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Figure 8.5: Post- t NN discriminant distributions (a) in the SRplus and (b) in the SRminus,
for all predicted events and the measured data. The signal contribution is shown
stacked on top of all considered background contributions. The ratio plot in
the lower panel shows the ratio between data and the prediction. The hatched
band around the prediction as well as the grey band in the ratio plot indicate
the overall uncertainty from all sources considered in this measurement [1].

8.2 CKM interpretation

A determination of f |y, jV,,j is done in the cross section measurement as thiechannel cross
section is proportional toffv thbjz. Here,f |y denotes the left-handed form factor, which is
exactly one in the SM. It is introduced representing a potential non-standard gauge coupling
at the Wtb vertex in Ref. [198]. BSM contributions could alter the value off |y, signi cantly.
An important assumption made for the determination is that jVy,j | Vij;jVisj- The
obtained result is the most precise result to datef |, jVipj =1:015 0:031[1].

The above mentioned determination neglects all contributions due towts and Wtd
vertices. To avoid this caveat, a more generalized CKM interpretation of the cross section
measurement results is performed. Each possible single-top-quark and single-top-antiquark
t-channel process, i.e. the three di erent production modes and the three di erent decay
modes, are simulated. Thus, all possible combinations aVtx vertices, with x = b;d; s
are considered. Additionally, all possiblett decay modes were also simulated in order to
enhance the sensitivity tojVi4j; jVisj in the interpretation. Schematic Feynman diagrams for
the di erent single-top-quark t-channel processes and the di erentt processes are shown
in Figure 8.7. The details of the produced MC samples are described in Chapter 5.2.3.
Other top-quark involved processes, e.gtW and tb s-channel production, are neglected
since the corresponding yields are much smaller than the yields faq and tt.

The same event selection as for the cross section measurement is applied to these samples.
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Uncertainty group fiCef IC fi1COf 'CH flC@CO®f 1CQC® "e'c
Data statistics ,04/ 04 ,05/ 05 , 03/ 03 ,06/ 06
Signal modelling , 49/ 45 .52/ 48 .50/ 46 ,09/ 09
Background modelling , 18/ 16 L 241/ 19 .18/ 16 15/ 14
MC statistics ,10/ 10 , 14/ 13 ,11/ 140 ,0:8/ 08
PDFs ,04/ 04 12/ 10 ,06/ 06 ,00/ 08
Jets ,22/ 20 L 30/ 2¢7 L2565/ 292 10/ 09
1-tagging , 16/ 15 17/ 15 ,16/ 15 ,02/ 01
Leptons ,11/ 10 11/ 10 11/ 10 ,01/ 01
Luminosity .09/ 0-8 ,09/ 09 .09/ 0-8 Y 0e1
Total .59/ 55 ,6%6/ 62 ,6e1/ 57 L2022 241

Figure 8.6: Impact of di erent groups of systematic uncertainties on single-top-quark and
single-top-antiquark t-channel cross sections, respectively. as well as their
combination and their ratio. Taken from Ref. [1].

Afterwards, the remaining events are evaluated with the NN. The NN output probabilities
for each process are used in three di erent pro le likelihood scan setups to obtain limits
on the three CKM elements.

8.2.1 E ect of the event selection

The event selection with the requirement of exactly ondotagged jet, represents one of the
biggest challenges for the CKM interpretation. Especially looking for the suppressed top-
quark decays intod- or s-quarks, this requirement has a large impact on the acceptance rate
of these events. The acceptance rate is de ned as the number of events passing the event

(x = byd;s) Vi j?
(@

Figure 8.7: Schematic example Feynman diagrams of (a) single-top-quark-channel
production and (b) tt production. The red dot indicates the vertices with the
di erent possible top-quark interactions.

(b)
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8.2 CKM interpretation

selection divided by the number of events before the selection is applied. The acceptance
rates and corresponding event yields for all single-top-quark and single-top-antiquark
processes are shown in Table 8.1, while the acceptance rate for &l processes are listed in
Table 8.2. For the t-channel processes, the yields are calculated using the cross sections
from Tables 5.2, which are calculated with the assumption of the CKM matrix element
present in the top-quark and top-antiquark production being one. Hence, the most events
passing the selection are fod ! t production processes in the table. For thett processes,
the cross sections explained in Chapter 5.2.3 are used. Hence, for processes with both, the
top-quark and the top-antiquark decaying into the same light quark, the event yields are
higher after the selection. Using these assumptions simpli es the statistical analysis due
to the parametrization calculated, which is explained in detail in the next chapter. The
acceptance rates for botht-channel andtt CKM processes, show an expected behavior
with similar nal states, e.g. light-quarks or b-quarks from the top-(anti)quark decays,
resulting in similar acceptance values.

In Figure 8.8, the normalized NN output distributions for all single-top-quark processes in
the inclusive SR (not divided by lepton charge) are shown. For the processes in which

Table 8.1: List of all acceptance rates and the corresponding expected reconstructed event
yields for each single-top-quark and top-antiquark process added in the CKM
interpretation for L = 140 ! The yields are calculated using the cross section
calculations from Table 5.2, which supposgV,,j =1 for x = b;d; s respectively.
The shown uncertainties are the statistical uncertainties.

Process \ Acceptance  Event yields
b! t;t! d 0.0040 5000 100
b! tt! d 0.0039 8120 160
b! t;t! s 0.0040 5000 100
b! tt! s 0.0039 8000 500
d! t;t! b 0.0309 170800 400
d! t;t! b 0.0242 353100 1200
d! tt! d 0.0002 1050 40
d! t! d 0.0001 2600 100
d! t;t! s 0.0002 1040 40
d! tt! s 0.0002 2700 100
s! t;t! b 0.0309 112770 280
s! tt! b 0.0280 144100 500
s! t;t! d 0.0002 620 24
s! gt! d 0.0002 880 30
s! t;t! s 0.0002 630 24
s! tt! s 0.0002 960 30
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Table 8.2: List of all acceptance rates and the corresponding yields for eadtt process
added in the CKM interpretation for L = 140b ! This table includes both,
the semileptonic decay modes and the dileptonic decay modes using the cross
section calculations explained in Chapter 5.2.3. The shown uncertainties are
the statistical uncertainties.

Process \ Acceptance Event yields

t! Wh;t! Wd 0.00608 89360 250
t! Whb;t! Ws 0.00617 90720 260

t! Wd;t! Wb 0.00608 89160 250
t! wd;t! Wwd 0.00008 4740 90
t! Wd;t! Ws 0.00008 1140 40

t! Ws;t! Wb 0.00617 91120 260
t! Ws;t! wd 0.00009 1200 100
t! Ws;t! Ws 0.00009 4930 40

the top decays into ab-quark, the NN is able to assign it predominantly as signal. This is
expected as many variables used in the NN training make use @ftagging information
and the signal process it was trained on has the same top-quark decay. Processes in which
the top-quark originates from ab-quark from gluon splitting are categorized more often as

a background. The reason for this is, that usually the jet formed from the second-quark
from the gluon splitting, which did not produce the top-quark, is tagged for these events.
Due to this b-tagged jet not coming from the top-quark decay, the constructed variables
with this jet used as input by the NN do match more closely these from background events.
For all other processes, the NN output distribution is more at, which shows that some
events are classi ed as more signal-like, while others are more background like, which is
expected since a jet in the event of processes with! d;s needs to be mis-tagged as
a bjet. This does not need to be the jet from the top-quark decay, but it can also be
the spectator jet or a jet from initial state radiation (ISR) or FSR, leading to kinematic
distributions and constructed variables which do not exhibit the same characteristics as
the ones from the signal process used in the training.

In Figure 8.9, the NN output distributions for all tt processes in the inclusive SR are
shown, divided into dileptonic decay mode and semileptonic decay mode. It is visible that
all tt processes are more often classi ed as background process by the NN, exactly as the
nominal tt process. This is expected as, the purpose of the NN in the cross section analysis
was the distinction of the signal process and the largest background contribution, which is
tt. The NN output distributions for each di erent process are very similar. Additionally,

the latter ones are classi ed even more often as background than the events with a correctly
tagged b-jet.

These NN output probabilities are utilized, on top of the NN output distributions of all
other processes present in the analysis, to derive limits on the top-quark involved CKM
elements. As a rst step, the expected yields are parametrized based on the occuring CKM
matrix elements.
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Figure 8.9: Normalized NN output probability distributions for all tt-channel processes
for the (a) dileptonic decay mode, and (b) the semileptonic decay mode.
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8.2.2 Parametrization of signal CKM matrix elements

A parametrization of the overall number of expected single-top-quark-channel events is
used in order to access the CKM matrix elements. Here, the parametrization is shown
for single-top-quark t-channel events in the SRplus, the respective parametrization of
single-top-antiquark events in the SRminus, follows analogously. The overall number of
events of all single-top-quarkt-channel processes is expressed as:

X33
Nt chan = N; (8.11)
i=1 j=1
with
Nj =L an (t! jw (8.12)
prod_} F_dicay g

Hereby, the labelsi;j denote all possible down-type quarkslf; d; 9, such that there are
nine summands. Each process can therefore be parametrized in terms of a production part
and a decay part. For the production part, the respectively cross sections,it forv; =1
with i = b;d; s are used, which are scaled with the occuring CKM matrix element as this
guantity is the only di erence between the production modes. For the decay part, the
branching ratios are written as:

)
B(t! bwy2Rr= v
Vi)™ + Vl™ + 1Vs)
", 2
B! dW)ERg= el (8.13)
Vinl™ + V)™ + Vs
JVisi?

B(t! sW)=Rg= — 5 5
* Vi + Vil + iVisl®

Again, the decay modes solely di er in the values of the occuring CKM matrix elements.
With these, the full parametrization of the signal events becomes:

2
1 R Ry 1 R R,
Nt chan — L RE b, d 5 - b b+ - b b
y zZ_ z_ R R
b! {t }) d! i:ﬂ?b sl t{tlfb {z ol {z }
b! t;t! s b! t;t! d
1 R R 1 R R 1 R Ry
? d dat ? s st ? s s
I {z ol {z o {z }
dl t;t! d st t;t! d sl t;t! s
3
1 R Ry
+ R d df>
| {z }
dl t;t! s

(8.14)
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using the signal strength parameters , = V% 4= Vg2 s = Vis2. Here, Vi, Vig and
Vs denote the parameters for the according CKM matrix element involving the top-quark.
The terms including the di erent branching ratios for t ! dandt! s can be further
simpli ed:

|

1 R Ry_ Vel +iVal +iVel® | Vi Vo i®+ Vai® + Vi’
R Vi i? Vi’ + Vi + jVii® Vi i?
Vii®’
1 R Ry _ Vi’
R Vi

These expression are incorporated into the full likelihood function, with three free
parameters at this stage:Vy,; Vg and V5. Replacing the initial normalization factors in
Equation 8.10 with these expressions and reparametrizing the likelihood function instead of
directly constructing it with the formulae simpli es the implementation and thus ensures
a more exible adaptation.

For the tt events, the parametrization follows similarly. The expected number of events is
parametrized as follows:

X3 X
Ny=L B(t! W) B(t! jw) (8.15)
i=1 j=1

The labelsi;j denote all possible down type quarks If; d; 9, such that there are nine
summands, one for each possible top-quark decay mode. Since ttite process occurs
predominantly with gluon-gluon fusion at the energy at which the LHC is operating, the
production cross section does not depend on any CKM matrix element and is therefore
treated as a constant. The branching ratios of the top-quark and top-antiquark are
parametrized as shown in Equation 8.13.

These parametrizations are used in order to derive limits on all CKM matrix elements
involving the top-quark using a 2D pro le likelihood scan, which is described in detail in
the following chapter.

8.2.3 Pro le Likelihood Scan procedure

A similar pro le likelihood t setup is used as for the nominal t-channel cross section
measurement, but using the considered parametrizations mentioned above. Additionally,
the NN output distributions for each CKM process are used in the SRs. All other
distributions are used as they were in the nominat-channel cross section measurement.
A binned pro le likelihood t using all processes with this parametrization turned out to
be numerically too unstable as the t never converged. Hence, a di erent interpretation
strategy was developed, using a 2D pro le likelihood scan. A 2D pro le likelihood scan
explores the dependence of the likelihood function on two parameters while pro ling over
all others. This involves systematically varying and xing the two selected parameters and
maximizing the likelihood with respect to the remaining nuisance parameters at each point.

102



8.2 CKM interpretation

Table 8.3: Parameter ranges of for the three investigated scenarios in the pro le likelihood
scans. For each scenario, the xed parameter is set to the value in the nominal
MC production, which all top-quark involved analyses use.

Parameter Scenario 1 Scenario 2  Scenario 3

iViol [0:93,1:07] [09151:.065] 1(xed)
[\ [0:0; 0:19] 0 ( xed) [0:0; 0:15]
Vis 0 ( xed) [0:0;0:45]  [Q0;0:35]

The resulting likelihood surface provides insights into correlations, allowed parameter
regions, and the overall shape of the likelihood function in the chosen parameter space.
The aim of this strategy is to set limits on two CKM matrix elements, while the third
one is xed to an arbitrary but meaningful value. This is jVyj = 1 and jVyj;jVisj =0
for the xed CKM matrix elements in the respective scenarios, as these are the values
set in the used nominal MC simulations. Therefore, three scenarios are investigated,
which explore di erent ranges for the non- xed elements of the CKM matrix, yielding in
JVipi-versusiVii, jVipj-versusiVisj and jVigj-versusiVisj planes, respectively. The specic
parameter constraints for each scenario are summarized in Table 8.3. Hereby, all three
possible combinations of two of the tree free oating parameters in the t,Vy,, Viq and Vg,
are scanned, with the third parameter being xed. To balance computational e ciency and
accuracy, the parameter ranges are discretized into 50 bins within each parameter interval.
This choice ensures a su ciently ne resolution while keeping the computational cost
manageable. The interval boundaries itself are set based on the pro le of the likelihood
distribution in the 2D parameter space. The likelihood increases rapidly for parameter
values beyond these limits, making further sampling unnecessary. By restricting the
parameter space to these intervals, the focus is on the most relevant parameter space for
the interpretation without introducing numerical instabilities or excessive computational
COsts.

8.2.4 Constraints on top-quark involved CKM matrix elements

For each scenario, the 2D pro le likelihood scans are performed on data. The resulting 2D
pro le likelihood scans for each scenario are shown in Figure 8.10. In the rst scenario,
the jVyj-versusiVyyj plane, the minimum is found to be

fivjVipi = 1:000 0:048 (8.16)
fuyjVigj =0:000 0:133 (8.17)

Similarily, in the second scenario, thejVy,j-versusiVisj plane, the minimum is measured
at

fLvjVipi = 0:990 0:048 (8.18)
fyjVisj =0:144 0:162 (8.19)
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8.2 CKM interpretation

For the third scenario, the jVisj-versusjV,yj plane, the minimum is calculated to be

fLyjVigj =0:000 0:126 (8.20)
fLyjVisj =0:077 0:196 (8.21)

All uncertainties given here correspond to the2 contour, which corresponds to the
95:.45% con dence level (CL) in the 2D space. The likelihood function used in these
scans includes all systematic uncertainties as in the nominal t to determine the cross
section, only neglecting the systematic variations for the CKM samples not including a/,
vertex. These are excluded as the overall number of selected events is very small for the
scanned parameter values o¥,y and Vg, making the estimation of systematic uncertainties
unreliable. In regions with very few events, the statistical uctuations within the systematic
uncertainty templates become signi cant, leading to large relative uncertainties. This,
in turn, can introduce an instability in the t, as the impact of systematic variations is
dominated by statistical noise rather than genuine physics e ects.

104



8.2 CKM interpretation

T ‘ T T ‘ L ‘ T T ‘ 1T ‘ T 1T ‘ T 1T ‘ T 3 5 0.45: ‘ T ‘ T ‘ T ‘ TTT ‘ T T ‘ TTT ‘ TTT ‘ 3 5
018 ATLAS L 68% CL 45 o ATLAS L 68% CL
016 (s =13 TeV, 140 fb™ —— 95% CL - s =13 TeV, 140 fb™ —— 95% CL
4 Best fit 4 035 4 Best fit
0.14 ’
0.3

0.12
] - ) -
> o > > 0.25 >

> = S e

+ 0.08 o 3 o2 &)

0.92 094 096 098 1 1.02 104 1.06
flV,| fLlV,|

(a) (b)

L I L B L O
ATLAS 68% CL

s =13 TeV, 140 fb* — 95% CL
+ Bestfit

WV
-Dlog L

0 0.02 0.04 0.06 0.08 0.1 0.12 0.14
fLVlel

(©

Figure 8.10:2D pro le Likelihood scans of two parameters each for the top-quark involved
CKM matrix elements. The ts are performed on measured data. (a) shows
the likelihood scan in thejVy,j-versusiVyyj plane, (b) shows the likelihood scan
in the jVipj-versusiVij plane and (c) shows the likelihood scan in thgVgj-
versusjVyj plane. There are two contour lines shown in each plot, illustrating
one andtwo contours, respectively. The red cross denotes the global
minimum of the likelihood scan. Published in Ref. [1].
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Towards a dedicated measurement of
top-quark involved CKM matrix
elements

The results of the CKM interpretation discussed in detail in the previous chapter are in
agreement with the current best- t measurements of the top-quark involved CKM matrix
elements. However, the single-top-quark-channel analysis targeted solely ! b decays
and thus, events where the top-quark decays into a light quark are strongly suppressed.
An attempt is made in this thesis to target all SM top-quark production and decay modes
in order to measurejVyj, jViqJ and jVisj and additionally reduce the uncertainties in the
measurement. The studies examined in the following provide insight if such a dedicated
measurement is feasible and hightlights the remaining limitations.

9.1 Event selection

The resulting 2D limits in the CKM interpretation, examined in Chapter 8.2.4, were
predominantly limited by MC statistical uncertainties due to the event selection, which
was restricted to events containing exactly ondx-tagged jet. Due to the good performance
of the ATLAS avor tagging algorithm, the mis-tag rate of jets originating from light
quarks is very low (see Chapter 4.5.2), hence an improved event selection is needed in order
to target all possible top-quark decay processes. In the rst step, an event selection based
on the one utilized in the t-channel analysis, described in Chapter 8.1.1, is implemented.
All nine possible single-topt-channel processes are considered as the signal in these studies.
The aim of the event selection is to enhance the sensitivity to all possible single-top-quark
t-channel production and decay processes. Therefore, the criterion of exactly obdagged

jet is removed in the event selection here. Additionally, the focus lies on reducing tht
contribution from the overall background events, as well as the now overwhelmingV +jets
background.

Again, semileptonic single-top-quarkt-channel events are targeted and events are recorded
using single lepton triggers, for either electrons or muons. Events with exactly one
lepton, either an electron or a muorJf, with pr > 28GeV are selected, as for this
transverse momentum the single lepton trigger e ciency reaches a plateau of close to

100% Further, events are selected withET">® > 35GeV, due to the expected neutrinos

!Both can also originate from tau decays.
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9.1 Event selection

from the semileptonic top-quark decay.

As the semileptonict-channel top-quark processes are characterized by a jet in forward
direction and a jet from the top-quark decay, exactly two jets with py > 20GeV and

j ] < 45 are required. This requirement is tighter than the one previously used, leading
to a reduction of the tt background contribution, which was the largest background in
the t-channel analysis. Thepy requirement for jets with 223 < j j < 4:5is increased to
pr > 35GeV. One of the two jets is required to be in forward direction in the detector, i.e.
25<j j< 45, and is denoted ag 4 in the following. The other jet needs to be in the
central region of the detector { j < 2:5) and is denotedj cqyra iN the following. Additionally,
the pseudorapidity separation between both jets is required to ful ll  (j central i J fwd) > 1:5
to further reduce contributions from tt eants. This requirement follows the approach
in the t-channel analysis from ATLAS at™ s = 5:02TeV [199]. The invariant mass of
the central jet and the lepton, which are both expected to originate from the top-quark
decay, has to fulll m-, < 160 GeV, in order to suppress events with o -shell top-quarks.
To reduce the contamination of events with fake leptons, the criterion on the transverse
W -boson mass isn¥’ > 50 GeV.

Due to the missing b-tagging requirement, the contribution of the W +jets background
is expected to increase drastically, while thdt contribution is expected to be decreased.
This increasing W +jets background is expected due to the large cross section & + any
additional two jets compared to all other SM processes present. In order to decrease the
W +jets contamination again, kinematic distributions were examined. In Figure 9.1, the
normalized distributions of the sum of all transverse momenta in an eventH, and the
di erence in the azimuthal angle betweenE™"*® and the lepton, ( ET'%;"), are shown.
For both variables, a clear di erence in the shape of the distributions forW +jets and all

o o R A o o . 7]
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Figure 9.1: Normalized distributions of (a) the sum of all transverse momenta in an event,
Ht, and (b) the di erence in azimuthal angle betweenET"*® and the lepton.
The nine single-top-quarkt-channel signal processes and the largest background,
W +jets, are compared. The shaded areas for each histogram depict the MC
statistical uncertainty. Although these uncertainties may be too small to be

resolved visually, they are nonetheless included.
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signal processes is visible. Hence, two further selection criteria are applied in the nal
selection. Events are selected wittH > 200GeV and ( ET®;) < 2:2. This selection
reduces theW +jets contribution by about 80%, and at the same time only cuts away
about 50% of the overall signal contribution.

In Table 9.1, the event yields for each considered process after the full selection is listed.
The yields of the single-top processes witljV,qj and/or jVisj present are scaled to the SM
prediction, using the current best measured valueg§V,yj =8:6 10 3 andjVij =415 10 3
taken from Ref. [19]. W +jets still emerges as the overwhelming background process after
the selection, whereadt is suppressed due to the applied criteria. A 10% di erence between
data and MC is observed. It has to be noted however that no systematic uncertainties
are taken into account here, e.g. theoretical uncertainties on the cross sections are not
accounted for in these studies. In particular, folW +jets typically, an additional uncertainty

of 24% per additional jet is added in quadrature on top of the inclusive cross section
uncertainty. This estimate is based on di erent merging schemes of LO MEs and PS [200].
Further, no fake lepton background estimation was performed as only feasability studies
are presented in this work. Therefore, no direct comparison to data will be made beyond

Table 9.1: Number of events, N, in the signal region after applying the selection
requirements described in detail in the text. "Total MC" denotes the sum of all
individual processes, including the single-top-quark-channel signal processes.
The shown uncertainty is the MC statistical uncertainty. "Total Signal" and
"Total Background" do not sum exactly to "Total MC" due to rounding e ects.

Process ‘ N signal region

b! t;t! b 77830 280

b! t;t! d 5.7 2.4
b! t;t! s 125 11

d! t;t! b 30 5

d! tt! d 0.00 0.05
d! tt! s 0.06 0.24
sl t;t! b 360 20

sl tt! d 0.03 0.17
sl gt! s 0.7 0.8
Z +jets 85220 290
VvV 3050 60

tt 23240 150
t;s-chan 2530 50

W +jets 1191000 1100
Total Signal 78340 280
Total Backgroud | 1305000 1100
Total MC 1383400 1200
Data 1249439

109
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Figure 9.2, in which six kinematic distributions comparing data and MC predictions are
shown. In each plot, the predicted events overestimate the recorded data events. For the
ET"® distribution, a shape e ect is visible for low values. This behaviour is expected, as
this is the range in which events with fake leptons are expected to occur. Overall, the large
o set is interpreted as a normalization e ect, the origin might be a mismodelling in the
huge W +jets background. Since no data are used in the following studies for this thesis no
further investigation of this matter is made. Further distributions, including distributions

for electrons, angular distributions for both jets and other calculated observables, are
located in Appendix F, underlining the observations discussed here.

Cut ow distributions for all SM processes, excluding thet-channel CKM signal processes,
are provided in Appendix G. In addition, cut ow distributions comparing all signal
processes separately also to the/ +jets process, are also in Appendix G. These cut ow
plots illustrate the impact of the event selection on each process and, thus, demonstrate
that background events are suppressed more strongly than the signal events, thereby
supporting the aim of improving the signal purity in the nal SR.

In order to further distinguish between the di erent signal processes and thew +jets
background, a NN approach is utilized, similar to the analysis strategy employed in the
t-channel analysis.

9.2 Event classi cation using Neural Networks

The main objective of the studies done in this thesis of measuring all top-quark involved
CKM matrix elements is very challenging as the signal-over-background ratio with the
current best SM estimation is small even with a dedicated event selection. Furthermore,
the targeted signal consists of nine individual processes, each sensitive to at maximum two
of the targeted CKM matrix elements. Therefore, in a rst step a variable is constructed to
separate theW +jets background from all signal processes. In a second step, the di erent
signal processes need to be separated in order to achieve the best possible sensitivity to
the corresponding CKM matrix elements. In the following, both, single-top-quark and
single-top-antiquark processes are indicated by single-top-quarkchannel processes for
simplicity.

The characteristics of single-top-quarkt-channel processes, e.g. the presence of a jet
in forward direction, is already exploited in the event selection. However, none of the
available kinematic distributions and angular observables of nal state objects do provide
su cient discrimination power, which would allow for cuts on these distributions to achieve

a region mostly pure in signal events. Hence, a supervised machine-learning approach
using an arti cial NN for each step is employed that combines the information from several
kinematic variables. The construction of the NN models utilized in these studies is outlined
in the following, as well as their performance and optimization.
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Figure 9.2: Kinematic distributions in the signal region after the event selection. Figure
(a) and (b) show the pr and of the muon in an event, respectively. Figure (c)
shows the invariant mass of the reconstructed top-quark. In (d) and (e) thep; of
the selected central jet and the selected forward jet is shown. In (f), the missing
transverse momentum. The rst and last bin of each distribution include the
under ow and over ow bin, respectively. In the bottom panel of each plot, the
ratio between observed and expected events is shown. All distributions show an
0 set between data and prediction. The depicted uncertainty bands indicate
the MC statistical uncertainty, whereas the error bars on the black data points
show the statistical uncertainty on the measurement of the recorded data.
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9.2 Event classi cation using Neural Networks

Neural networks

Arti cial NNs are a class of machine-learning models inspired by the structure and function

of biological neurons. These types of machine-learning algorithms are designed to recognize
patterns in given data. In this work, feed-forward NNs are employed to classify simulated
events based on their kinematic properties. These networks consist of three di erent types
of layers. Each layer consists of multiple nodes, which de nes the size of the layer. The rst
layer is the input layer, whose size corresponds to the number of input variables, so-called
input features, followed by layers with dense connections, and lastly an output layer. Each
studied NN in this work contains fully-connected dense layers, where each neuron in a
layer is connected to every neuron in the subsequent and preceding layer. Mathematically,

: . k 1 .
each dense layer transforms an input vector of size, 1‘”( ) 2 R", into an output vector,
k : . :
1‘“( ) 2 R™ of sizem, as formulated in Equation (9.1). Hereby, k denotes thek-th dense
layer. The transformation with a non-linear so-calledactivation function, , is given by
0 1

X
0= @ wt“VepAssioz 9.1)
j

The non-linear transformation is done for each element for each vector, withV being the
weight matrix and b the bias vector. The chosen activation function for the NNs used in
this thesis is the Recti ed Linear Unit (ReLu) function,

(x) = max(0; x); (9.2)

which is applied to all hidden layers. The choice of the activation function for the last
layer, the output layer, depends on the classi cation problem. In this work the sigmoid

function
1

(x) = 1+e”

is used for the binary classi cation problem. For the studied multiclass NN, the softmax
activation function is chosen:

(9.3)

X
e .
(%)= Pmiexi; i=1;:m: (9.4)
j=1
Each network is trained using supervised learning, where each event is assigned a target
label depending on its category. For the binary classi cation, e.g. signal vs background
events, the target variable is de ned as

_ 1, if the event belongs to the signal class, (9.5)
y 0; if the event belongs to the background class. '

Subsequently, the sigmoid function returns a probability scoref, which can be interpreted
as the likelihood of an event being signal. The predicted class is determined by applying
a threshold, in case of this worky > 0:5, for which an event is classi ed as signal and
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9.2 Event classi cation using Neural Networks

otherwise classi ed as background if the condition is not met. In the case of multiclass
classi cation, e.g. distinguishing between di erent signal processes, the target variable is a
one-hot encoded vectory, which is given by

¥=(ynYaiym)i Vi 210;1g,  yi =1, (9.6)

where each class is represented by a unique index, Since the softmax activation function
used in this case yields in class probabilities, the predicted class corresponds to the index
with the highest probability, § = arg max; ¥;.

The training process of a NN is designed such that the model iteratively updates its
parameters,™, to minimize a prede ned loss function,|(7). Hereby, a functionf_ : R" 1 R™

is approximated, which maps the aforementioned input feature vectox 2 R" to an output
vectorp 2 R™. For a binary classi er, the output vector is one dimensional. Given the

labeled datasetD = (7<(');y('))i:1 : Wherey(') represents the true target values, the training
procedure aims to nd an optimal set of parameters,™ , that minimize (7). For the
purpose of binary classi cation, the binary cross-entropy is chosen as the loss function,
which is given by
LW h . . L
O = 5 YWlegy¥+ 1y log 1 y® (9.7)
i=1

The corresponding cross-entropy function in case of the multiclass NN is the categorical
cross-entropy loss, given by

N 1 o .
)= y log9": (9.8)
i=1 j=1

As indicated above, y(i) are the true labels, while 9(” corresponds to the predicted
probabilities by the NN. In order to minimize the respectivel (™), gradient based optimization
algorithms are employed. These compute the gradient of the loss function with respect to
each weight and updates the weights in the direction that reduces the loss in parameter
space. Equation (9.9) de nes the rule for updating the weights:
~ED 0 -10): (9.9)

Here,t denotes the iteration, calledepoch andr is the learning rate which controls the size
of the steps taken in the direction of the gradient in each iteration. The learning rate plays
a crucial role during the training, as the parameter space can be high dimensional and
very complex. A too larger may lead to missing the global minimum of the loss function
by taking too large steps, causing the model to fail to converge, while a too small learning
rate can result in slow convergence, requiring too many iterations to reach an optimal
solution, or a convergence in a local minimum. All networks employed in these studies use
the Adam optimizer [201], which is an extension of the standard gradient descent described
here, that adapts the learning rate for each parameter based on estimates of the rst and
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second moments of the gradients. To propagate the updated weights from the output layer
back to the input layer of a NN, the backpropagationalgorithm is used. Backpropagation
is based on the chain rule of calculus, as it calculates the gradient of the loss function with
respect to each weight by recursively applying the chain rule starting from the output layer
and propagating backwards through the network. These gradients indicate the direction in
which the weights need to be adjusted to minimize the loss function. The derivatives of the
loss function with respect to the weights are computed locally at each node in the network.
These derivatives are then averaged over the entire input dataset. This allows the model
to compute the gradient of the overall loss function by considering all input examples
and adjusting weights accordingly. The process begins by calculating the gradient of the
loss with respect to the output of the network, which is typically the error at the output
layer. For each layer, the error is propagated backward through the network by recursively
applying the chain rule. Once the errors for each layer are computed, the gradients of the
loss function with respect to each weight are derived.

In order to perform the training of a model, i.e. the minimization of the loss function, a
set of input data, a training dataset, is used. Further, to evaluate the performance and
the generalization of a model, i.e. classi cation of data it never used to train on, during
the training a validation dataset is utilized, which consists of data not included in the
training dataset. Usually a third dataset, the test datasetis utilized to provide an unbiased
estimate of the performance after the full training is nished. Here, a slightly di erent
approach is considered: All available MC events are used and a two-fold cross validation is
employed for the training of the model. In the setup used in this work, the MC events
are divided into two subsets based on the parity of theeventNumbef. Each of the two
subsets is consequently split into a training set and a validation set. In the rst fold, the
model is trained and evaluated using all events with odd numbers, in the second fold the
model uses all events with even numbers. In the following the model of the rst fold is
denoted as odd-model, while the model of the second fold is called even-model. For the
training 80% of the events in a subset are used, while the remaining 20% are used in the
validation dataset. This procedure ensures a precise control over the performance of the
training process.

Over tting occurs once a model recognizes not only the underlying patterns in the training
dataset but also artefacts, e.g. noise or random uctuations, leading to poor generalization
to unseen data. To address this challenge and improve the generalizability of the model,
regularization techniques are employed during the training process for the NN models
in this thesis. First, L2 regularization [202], is applied to mitigate over tting. The L2
regularization penalizes large weights by adding a term to the loss function, which prevents
the NN from assigning excessively large values to the model parameters. In general, the
regularized loss function is de ned as:
X
lieg = | + kW, k*: (9.10)
j

2The eventNumber is a unique identi er assigned to each event in the simulation, used to distinguish
events within the dataset.
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Hereby, W represents the aforementioned weight matrix of the model withk W; k? being
the squared Frobenius norm, which is the sum of the squares of all entries of the matrix.
By including the regularization term, the model is penalized when applying large weights,
thereby, guiding it to smaller, more generalizable weights. The parameter controls
the strength of the regularization. A large value of leads to stronger regularization,
potentially resulting in the opposite e ect, i.e. under tting the model. In contrast, a small
value of might not su ciently constrain the chosen weights of the model.

Parameters introduced above that control the training process, e.g. the learning rate or
the number of layers and nodes in each layer, are so calldgyperparametersof the NN.
Also, regularization parameters of a network, e.g. , are included. Hyperparameters are
set before the training process begins and are not learned or updated from the data. The
performance of a model is heavily impacted by the choice of the hyperparameters, since
the convergence and generalization is in uenced by their set values.

Although the number of possible hyperparameter combinations is theoretically in nite, in
practice they are constrained by the number of events in the training dataset. Therefore,
typically, hyperparameter optimization is performed using systematic approaches with
di erent best-guessed combinations of hyperparameters being evaluated based on their
performance on the validation dataset, aiming for the set of hyperparameters that yields the
best model performance - performance measures for a NN are discussed in Chapter 9.3.2.
However, in the scope of this work, a manual approach is employed with a nite set of
hyperparameter values. The number of hidden layers and nodes in each layer, a learning
rate scheduler andr itself were varied. The learning rate scheduling technique employs a
reduction of r over time to improve the e ciency of the training process and avoid missing
the global minimum by having a too large value ofr. The common learning rate plateau
strategy is applied, wherer is decreased once the validation loss values do not improve for
a given number of epochs. This allows the model to ne-tune the remaining parameters
more precisely as it approaches convergence. The learning rate decay formula is given by

((t)= ro D: 9.11)

The decay factor,D, in Equation (9.11) is a constant factor by whichr gets reduced, while
ds is the number of epochs after that the learning rate is updated.

One individual NN model is constructed for both steps explained in the rst paragraph

of Chapter 9.2. The chosen hyperparameters for each NN were selected based on their
ability to balance model performance and training e ciency. In the rst step, a NN with a
single output node is used for the discrimination of signal and background eventbipary
classi er). For the second step, which involves the discrimination between di erent signal
processes, the output layer consists of up to six nodes, corresponding to a multiclass
NN approach, as well as another binary classi er. All models employed in this work are
implemented usingKeras [203] with the Tensorflow [204] backend.
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9.3 Distinguishing between single-top-quark  t-channel and
W +jets events

The training described in the following is aimed at separating the signal process from the
W +jets background.

9.3.1 Input features and preprocessing

In the single-top-quark t-channel cross section analysis, the NN was trained using high-level
features as input variables. These were derived from lower-level features such as information
from the four-vectors of individual physics objects. A NN architecture with one hidden
layer is designed to achieve a su cient separation between signal and background events.
In principle, a NN that has a large enough structure should be able to extract these
high-level information directly from the lower-level input features during training. Hence,
for the NN trained for this thesis, mostly lower-level variables are used. The following
kinematic variables are used from each event:

" pr, and for both jets,
" pr, , and electric charge for the charged lepton.

Since the distributions are at and also periodic between 0 and 2 , the sin( ) and
cos( ) are used as input parameters to capture the e ects and mitigating the discontinuity
of the values. Additionally, since no energy values are given to the NN in order to
prevent the algorithm to learn masses itself, the transversaV-boson massmy’, and the
reconstructed top-quark massmy,,, are calculated in each event and also used as an input
feature. The reconstruction of theW -boson and consequently the top-quark, explained in
Chapter 8.1.1, is applied with a simpli cation: In the case a complex solution is obtained,
the real part of that solution is taken as the solution instead of applying a correction
procedure. For the single-top-quarkt-channel events, the reconstructed top-quark mass is
expected to be centered around the top-quark mass used in the MC simulations, while for
the W +jets background it is expected to be shifted and the distribution to be broader.
Studies were also done by training a network with high-level variables such as distances
in the detector between objects, but no improvement in the performance was observed.
Hence, the approach with the low level variables plusn¥v and my,, was followed.

In Figure 9.3, the shape of the normalizedp; and distributions for both, the central
jet and the forward jet, are shown for all signal processes separated and for thw +jets
process. In both, thep; spectra of the central jet and the forward jet, it is visible, that the
W +jets distributions are softer. Additionally, the p; spectra of processes witht ! b are
also slightly softer than the distributions of the t ! d; s processes. In the distributions
shown in Figure 9.3(b), no trend is observed. In contrast, Figure 9.3(d) indicates that the
j j of the forward jets of the signal processes tend to be higher than the ones froWl +jets
events.

The shape of the normalizedp; and distributions of the electron and muon, for all
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Figure 9.3: Shape of normalized distributions for all individual signal processes and the
W +jets background. In (a) and (b) the pr and , respectively, of the central
jet is shown. In (c) and (d) the py and , respectively, of the forward jet is
shown. The hashed areas denote the MC statistical uncertainty.

signal processes combined and for the/ +jets process are displayed in Figure 9.4. Small
di erences are observed in both lepton distributions between W +jets and the signal
processes, as the lepton is detected more centrally for background process. No di erences
are observed in thepy spectra of both leptons forW +jets and all signal processes.

The electric charge of the electron and muon, as well amY and My, are shown in
Figure 9.5. In both charge distributions, it is observed that for W +jets the distribution is
more symmetric than for the signal processes. This is expected, as the cross section for
W™ +jets is slightly larger as for W +jets due to the quark content of the proton. Further,

it is expected to observe more positively electric charged leptons for the top-quartkchannel
processes, as the cross section for top-quark production is larger than for top-antiquark
production. The m¥v distribution shows a harder spectrum for theW +jets process. While

for my,, the distributions peak around the input top-quark mass of 1725 GeV for the
t-channel processes, th&V +jets distribution is shifted and being smeared out further.

Even though some distributions only show small separation between signal and background

117



9.3 Distinguishing between single-top-quark-channel andW +jets events

0 S o e
- = b® t® d ] N = —b® t,t® b—b® t,t® d
o 0.18¢ N '® b | S O (s=13Tev, 140" be L1®s de L 1® b
<) 0.16 ® ] c 0.12 —d® t,t® d —d® t,t® s
S 0.14F E o Tr S® t,t® b —s® t,1® d ]
QL TTTE & ] o 0.1 —s® t,t® s —W+jets 7
W o.12FF - Qo U ]
ks F ] Woosh 0000 e =
N O E B E ]
© 0.08F 3 N r ;
E ook 1 g 008 1
2 1 E oo :
0.04, | =2 C -
0.02 = 002 =
o) ST B B [T S N T R EET EUT N R R ST R
40 60 80 100 120 140 160 180 200 -25 -2 -15 -1 -05 0 05 1 15 2 25
Electron P, [GeV] Electron h

(b)
0 = T N 012 P e e e
aF 0.2 —b® t, t® d (<} F _1—b® t,t® b —b® t, t® d
S 18k d® t,t® b7 = Ol;\/E:lsTev,MOfb b® t,t® s d® t, t® b
o T F d® t,t® s 7 5 T —d® t,t® d — d® t, t® s -
3 016 —s® t,t® d] =) L S® t,1® b —s® t,t® d ]
S 0.14f —W+ets ] 123 0.08 —s® t,1® s —W+jets
(] C u| L 4
N 0.12F e e [ ]
© E 3 = 0.06— —
g 0 ER - 1
S 0.08F = 5 F 1
4 F E S 0.04- -
0.06 = z F 1
0.041 E 0.02 =
0.02F E B
| SEPERTE E ERR E ! | B o NP N PN N P PN EPUS Y IR B
40 60 80 100 120 140 160 -25 -2 -15 -1 -05 0 05 1 15 2 25
Muon P, [GeV] Muon h

(c) (d)

Figure 9.4: Shape of normalized distributions for all individual signal processes and the
W +jets background. In (a) and (b) the py and , respectively, of the electron
is shown. In (c) and (d) the pr and , respectively, of the muon is shown. The
hashed areas denote the MC statistical uncertainty.

events, the NN can potentially exploit hidden features of di erent quantities in an event
and thus, including these distribution in the training can be important. On the other hand,

having only a few distributions with noticeable di erences does indicate that a separation
of signal andW +jets events is a challenging task.

NNs are sensitive to features with vastly di erent scales, as the model may prioritize
features with larger ranges or values compared to those with smaller ranges. Since the
values and ranges of the input features dier, it is important to scale them to ensure
consistent treatment during training to reduce the probability of landing in a local minimum.
Therefore, the MinMaxScaler is utilized. This scaler transforms each value of an input
feature, x, to a xed range, typically [0; 1], via:

Xscaled = w: (9.12)

Xmax Xmin

Here, Xmin and Xpmax denotes the minimum and the maximum value of the feature.
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Figure 9.5: Shape of normalized distributions for all individual signal processes and the
W +jets background. In (a) and (b) the electric charge of the electron and
muon is shown, respectively. In (c) them¥v distributions are shown and in (d)
the reconstructed my,, is shown. The hashed areas denote the MC statistical
uncertainty.

For the combined signal, there are2:.5M MC simulated events in the training set and
1:07 M events in the validation set, while for W +jets, there are 3:1 M and 1.3 M events,
respectively. Both, the combined signal andW +jets events are weighted for the training
with the usual MC weights and normalization to the cross section of each process and
the measured luminosity is applied as a weight for each input feature. In order to avoid
any bias towards one process during the NN training, another weight is computed to
compensate any di erence in the sum of all weights between the combined signal and the
W +jets background.

All procedures described above are executed for both NNs in the odd-even cross validation
and the corresponding input datasets.
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9.3.2 Training and evaluation

The chosen NN architecture is a model with ve hidden layers with the following number of
nodes in descending order32; 16; 8; 4; and 2. For the training, a learning rate of r = 0:0005

and batch size of 256 events was chosen. The training process was run for 200 epochs.
The learning rate scheduler was implemented to scale with a factor of 0:95 after every

10 epochs during which the validation loss did decrease. After each adjustment of a
cooldown period of5 epochs was set. The best model, indicated by the smallest validation
loss, was saved during the training and used for the further steps in this work.

As mentioned above, a NN with the same settings is used for the odd-even cross validation
procedure. In the following part, all plots shown correspond to the training of both, the
NN model trained on the odd dataset, and the NN model trained on the even dataset,
respectively. In Figure 9.6, the loss and the accuracy as function of the epoch are shown.
The di erences between the loss and accuracy curves of both networks are minor, indicating
the odd-even cross validation did not introduce any bias. The curves for the validation
dataset show a more uneven behavior. This e ect is caused by the low number of events
in the dataset, compared to the training dataset. In order to evaluate the model and the
training further, the Receiver operating characteristic (ROC)-curve is examined. The ROC
curve is a graphical representation of a classi er's performance, illustrating the trade-o
between the true positive rate (TPR) and the false positive rate (FPR), both de ned in
Equation (9.13), across di erent classi cation thresholds. The TPR, also called sensitivity
or recall, is the proportion of actual positives, i.e. signal events here, that are correctly
identi ed by the model, while the FPR is the proportion of actual negatives, i.e. W +jets
events in this case, that are incorrectly classi ed as positives. These fractions are given

by
_ True Positives .
True Positives+ False Negatives
False Positives _
False Positives+ True Negatives

TPR
(9.13)

FPR =

The ROC curve depicts the TPR against the FPR for di erent threshold values, illustrating
the performance of the model as the decision threshold is varied. In Figure 9.7, the ROC
curve for both NNs used for the cross validation are shown. The ROC curves for both
NNs do not show any visible di erences. Additionally, the area under the ROC curve
(AUC) is used as a summary measure of the ability of a NN model to distinguish between
two classes, with a value of 1 indicating perfect classi cation and a value of 0.5 indicating
random guessing. For both NNs, the AUC score is comparable, with the odd NN yielding
0:732 and the even model NN vyielding0:734. Again, no bias towards one NN is observed.
Here, both value indicate a good but not optimal separation power of the NN, as it nearly
reaches the mean between a random guessing classi er and a perfect classi er. This result
underlines, how challenging the task is with the input variables available.

®In order to estimate uncertainties on the di erent metrics to validate the applied cross-validation
mathematically, one would need bootstrapping methods. These studies were beyond the scope of this
work.
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Figure 9.6: The loss curve and the accuracy curve for the odd model are shown in (a) and
(c), respectively. The loss curve and the accuracy curve for the even model
are shown in (b) and (d), respectively. The blue curve depicts the training
dataset, while the orange curve shows the validation dataset. The red dashed
line shows the best epoch saved at the end of the training.

Additionally, the NN output distributions for the saved best model are examined with
regards to signs of possible over tting. In Figure 9.8, the NN output distributions for
both NNs are illustrated. The distributions are normalized such that the sum of all bin
entries, divided by the number of bins yields one. No signs of over tting are observed,
as indicated by the ratio plots in both distributions. For both, true signal and true
background events, the events of the validation dataset are classi ed very similar to the
ones of the training dataset. Further, the output distributions for both NNs show a very
similar shape indicating that the training on odd and even data set performed equally
well.
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Figure 9.7: The ROC curve for the odd model is shown in (a), while ROC curve for the
even model is illustrated in (b). The dashed blue line depicts a classi er that
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Figure 9.8: Normalized NN output distributions for the best saved odd model are shown
in (a), while same distributions for the best saved even model are shown in (b).
The solid lines show the distributions for the training dataset, while the lled
histograms depict the distributions for the validation dataset. The bottom plot
shows the ratio between the entries of the training dataset and the validation
dataset in each bin.
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Application of NN model

After ensuring that the training was performed correctly, the NN models need to be
applied to the dataset which it was not trained and evaluated on in order to assure that
no bias was introduced. Hence, all plots shown in this section correspond to the NN model
trained on the odd dataset applied to the even data set, and the NN model trained on the
even dataset applied to the odd data set, respectively. In addition, both models are also
applied to the minor backgrounds,Z +jets, top-quark s-channel andtW, VV and tt. The
normalized NN output distributions for the combined signal and combined background
is shown in Figure 9.9. In both plots, both NN output distributions look very similar to
the ones obtained from the training of the network. Hence, both NNs did generalize the
learned information su ciently. Further, the shape of the corresponding distributions to
the background events and the signal events in both plots in Figure 9.9 shows only minor
di erences. The same distribution, but for the combined signal,W +jets and the minor
backgrounds are presented in Figure 9.10. First, it is visible, that the minor background
are also separated well from the signal. Secondly, the distributions for both, the odd
model applied to the even dataset and vice versa, have a very similar shape, also for
the background contributions not used in any training or validation dataset. Again, this
observation indicates that both NNs were able to generalize learned information during
the training. Both NNs classify diboson events (orange), single-top-quarls—channef"
events (pink) and tt events (red) as more background like, while foZ +jets (magenta) it
shows a broad distribution with a small peak in the middle, indicating that the kinematic
information of these events do not exhibit a clear signal- or background-like structure.

In Figure 9.11, the NN output distribution for the combined signal, W +jets with and
without the minor backgrounds are displayed, with the single-top-quarkt-channel events
being scaled by their SM prediction, i.e. the value from the global t[19],jV;4j =8:6 10 3
and jVij =415 10 3 Even though the NN is able to distinguishW +jets and single-
top-quark events well - and comparable to the NN used in the-channel cross section
measurement in Figure 8.4 - the background yields are still overwhelming the signal yields.
Further, Z+jets also shows a sizeable contribution in the more signal-like regions of the
NN output in the range closer to one.

In order to nd a trade-o between a quite pure region in t-channel events and a su ciently
large number of MC events, a cut value on the NN output distribution is chosen, with all
events having a score higher than that cut value being used in the next step. Figure 9.12
illustrates the ratio of signal events over background eventsS=B, as a function of the cut
value on the NN output distribution. Processes includingV,qy and V,s are scaled again to
their current SM estimations. It is visible that using that scaling only b! t;t! bhas

a sizeable contribution with respect to the background contamination. Based on these
plots, the cut value on the NN output distribution to continue the studies presented here
is chosen to beNN ,,; > 0:8. At this value, it is ensured that a su cient amount of MC
events is available in the next steps. In the following, only events with a NN output score
larger than 0:8 are utilized. In Table 9.2, the expected event yields for all processes are

*In this Chapter real s-channel events andtW events are combined and therefore calleds-channel for the
rest of the chapter.
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Figure 9.9: Normalized NN output distributions for the best saved odd model applied to

even dataset are shown in (a), while the same distributions for the best saved
even model applied to the odd dataset are shown in (b). The blue line displays
the combined signal, while the dark green line denotes the background events.

listed including the MC statistical uncertainty. Here, the single-top-quark CKM processes
are again scaled to their SM prediction. Therefore, the number ofV +jets events is still

large compared to all signal events. The overalE=B ratio is 0:36, with a combined signal
27%, which is the ratio of all signal yields after the cut on the NN of0:8
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Figure 9.10: Normalized NN output distributions for the best saved odd model applied
to even dataset are shown in (a), while the same distributions for the best
saved even model applied to the odd dataset are shown in (b). The blue
line displays the combined signal, while the green line denotes the dominant
W +jets events. All other backgrounds are also shown.
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Figure 9.11:NN output distributions for the best saved odd model applied to even dataset
are shown in (a), while the same distributions for the best saved even model
applied to the odd dataset are shown in (b). The blue line displays the
combined signal, while the green line denotes the dominani/ +jets events.
All other backgrounds are also shown. The signal processes includingy and
V;s are scaled to their corresponding SM prediction, usingVyyj =8:6 10 3
and jVisj=41:5 10 3 [19].

and all signal yields.

In order to improve the distinction between W +jets and single-top-quark t-channel events
even further, other NN architectures like graph NNs or transformer-based NNs could be
used, which might better capture the complex correlations and global event features.

In Figure 9.13, the feature importance is illustrated for both, the odd model and the even
model trained. The feature importance is quantitatively de ned as the impact of a given
input variable on the performance of a NN model. The importance of a speci ¢ input
feature is evaluated after training using a permutation-based approach. This is done by
applying the trained model to the entire dataset while randomly shu ing the values of the
feature under investigation. In this work, this procedure is performed twice, due to the
large datasef. Afterwards, the performance of the NN is compared to the performance
before. A signi cant drop in the accuracy indicates that the feature is important, as
the model strongly relies on it for classi cation, whereas small di erences between the
accuracy values before and after the permutation indicate less importance. As expected,
for both NNs, the importance of di erent input features is very similar. The six most
important variables are the same for both NNs, indicating that the events of both folds do
not introduce any bias in the networks. The most important variable is the lepton for
both networks. Additionally, the py of the forward jet as well as the distributions of
both jets and the reconstructed top-quark mass have the largest impact on the training

*The probability to end up with the correct value at the correct event from before the shuing is
negligible.
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Figure 9.12:S=B ratio as a function of the cut value on the NN output distribution (a)

for the best saved odd model applied to even dataset, and (b) for the best
saved even model applied to the odd dataset. The signal processes including
Vig and Vg are scaled to their corresponding current SM estimations, using
jVigi=8:6 10 ®andjVij=41:5 10 3[19].

Table 9.2: Number of events,N, for events with an NN, > 0:8. "Total MC" denotes the
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sum of all individual processes, including the single-top-quark-channel signal
processes. The shown uncertainty is the MC statistical uncertainty. "Total
Signal” is the sum of all t-channel events and "Total Background" the sum of
all other events. Both might not summarize exactly due to rounding e ects.

Process ‘ Nsignal region

b! t;t! b 21000 140
b! t;t! d 1.4 1.2
b! t;t! s 30 6
d! t;t! b 8.3 2.9
d! gt! d 0.00 0.03
d! tt! s 0.02 0.13
sl tt! b 90 9
s tt! d 0.01 0.09
s! tt! s 0.2 04
Z +jets 6850 80
VvV 127 11

tt 1210 30
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W +jets 50360 220
Total Signal 21120 150
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9.3 Distinguishing between single-top-quark-channel andW +jets events
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Figure 9.13: Feature importance for (a) the best saved odd model and (b) for the best
saved even model. The higher the value for a feature, the more important the
variable is for the training, i.e. the correct classi cation of training events.

of the NNs. Features with less helpful information include thep; of the lepton, as well
as all distributions and the lepton charge. Further, studies were done using the same
variables as the NN in the top-quarkt-channel cross section measurement. Using these
high-level variables, constructed from four momenta of the nal states does not improve
the training or the results. Hence, it is assumed that the NN used in these studies is able
to learn the relations during the training from the given input features. Concluding these
studies, adding variables which incorporate information regarding particle tracks might
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9.4 Distinguishing between di erent single-top-quarki-channel processes

be suitable for this task. Adding b-tagging information could be tested as well, however,
since top-quark events withoutb-quarks are part of the signal processes, this might still
not lead to a better performance overall for the aim of signal and background separation.
Further studies regarding track information and b-tagging information at this stage were
beyond the scope of this thesis.

9.4 Distinguishing between di erent single-top-quark
t-channel processes

In order to gain sensitivity to the di erent top-quark involved CKM matrix elements, an
attempt is made to separate di erent single top-quark t-channel processes. The aim is to
create di erent analysis regions, tailored to one or more speci c CKM matrix elements.
Further, exploiting possible di erences between di erent production modes is assumed
to increase the sensitivity. In a rst step, information about the DL1r tag-weight bin of
the central jet in each jet is added to the input features. As explained in the calibration
procedure in Chapter 7.1, jets are assigned to a tag-weight bin depending on therL1r
score. Therefore, it is expected that this addition will boost the classi cation of the NN.
Furthermore, the pr and the distribution of the reconstructed top-quark and the NN
output score of the previous signal-background network are added to the input features. In
addition, the reconstructed top-quark mass is dropped from the input vector, as in studies
with and without this feature, no di erences were observed in the training or performance
of the networks described in the following.

9.4.1 Multiclass Neural Network for all top-quark processes

In a rst setup, the single-top-quark t-channel processes are grouped into six categories,
based on the production and decay vertices. Hereby, processes in which the top-quark
decays into ad-quark or s-quark are grouped together in one category, as a distinction
between light avor jets originating from a d- or s-quark is currently not achievable in
ATLAS. Therefore, the six categories are

T L:b! tt! by
“2:b! o gt! o db! tt! s
S 3:d!ott! b
T 4:d! gt! dd! tt! s
“Bisl o tt! b

“6:s! ogt! ds! tt! s
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9.4 Distinguishing between di erent single-top-quarki-channel processes

with the process(es) being denoted by the top-quark production and decay included after
the colon. Analogously as for the discrimination between signal and background, an
odd-even cross validation procedure is done. The NN models for both folds are trained
to distinguish di erent all processes and classify the simulated events into the dedicated
categories. Hence, multi-class feed-forward NNs are used for these studies. For the training,
all events are assigned a true value betweeh and 6 depending on the corresponding
true class. Training and evaluation procedures are done comparable to the NN setup
described in the previous chapter. The NN architecture consists of ve hidden layers with
the following number of nodes:128 64; 32;16; 8. The learning rate is set tor = 0:00005for
the training. The learing rate scheduler is implemented to scale with a factor of 0:95 after
every 10 epochs during which the validation loss did decrease. After each adjustment of

a cooldown period of 5 epochs is set. A batch size of 256 events is used, and the training
is run for 500 epochs in total. Analogously to the NN used in the signal background
classi cation, the best model, indicated by the lowest validation loss, is saved during the
training and used for the further steps in this work.

Figure 9.14 shows the loss functions and the accuracies for the training and the validation
dataset for both NNs. For both used networks, the accuracy curve as a function of the
epoch shows the same behavior. During training, the accuracy initially increases rapidly,
reaching approximately 0:5 after around 80 epochs. However, instead of continuing to
improve, it decreases over the nexBO 100 epochs before stabilizing at a plateau around
0:4. In contrast, the loss for both networks monotonically decreases throughout training.
One possible explanation for this behavior is that, in the early training phase, the model
learns simple patterns from the input dataset that allow it to distinguish between classes
more e ectively. However, as training progresses, the model begins to capture more
complex structures in the data. This process can lead to over tting to speci ¢ features
that do not generalize well, causing a degradation in the classi cation accuracy. While the
model continues to optimize the loss function, the learned decision boundaries may shift in
a way that reduces overall accuracy. Another contributing factor could be class confusion.
In a multiclass classi cation setting, the model might initially nd clear separations for
some classes. As the NN re nes its decision boundaries, it may inadvertently increase
misclassi cation rates for certain categories, leading to a decline in accuracy despite a
decreasing loss. This e ect suggests that the model is minimizing uncertainty in its
predictions rather than improving class separability.

In order to investigate the observations further, the output of the multiclass NN is
examined. Since a multi-class approach with six classes is used, the output distribution is
a six-dimensional vector. An event is labeled as correctly identi ed if the predicted class
equals the true class for an event, i.e. if the corresponding entry in the output vector is
the largest value in the output vector.

The di erent distributions for each output vector entry for the odd NNs, comparing the
correctly classi ed true class and the true events of all other classes in the training dataset,
is shown in Figure 9.15. The output vector entry distributions of the even NNs show
qualitatively a very similar pattern compared to those of the odd NNs as well. For none
of the classes, events are assigned a probability above 0.4, indicating the di culty of
distinguishing between di erent signal processes using the NN. Moreover, the distributions
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Figure 9.14: The loss curve and the accuracy curve for the odd model are shown in (a) and
(c), respectively. The loss curve and the accuracy curve for the even model
are shown in (b) and (d), respectively. The blue curve depicts the training
dataset, while the orange curve shows the validation dataset. The red dashed
line shows the best epoch saved at the end of the training.

of the output probabilities for both the events that are part of the true class and the
events belonging to other classes exhibit a signi cant overlap. This suggests that the
model fails to assign distinctly higher probabilities to the correct class, leading to a lack
of separation in the classi cation. Additionally, no clear trend or systematic deviation is
observed, further reinforcing the observation that the network does not di erentiate well
between classes.

Further analysis of the classi cation of both NNs is performed by inspecting the confusion
matrices. The confusion matrix provides a detailed evaluation of the model's classi cation
performance by summarizing the number of correctly and incorrectly predicted events
for each class. Each row represents the true class, while each column corresponds to
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Figure 9.15: Distributions for each output vector entry for the odd NNs. The probability

of an event being classi ed for class 1 is shown in (a), for class 2 in (b), for
class 3 in (c), for class 4 in (d), for class 5 in (e) and for class 6 in (f). The
red histogram in each plot denotes the true class, while the blue histogram

depicts the events of all other classes.
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the predicted class, allowing for an analysis of misclassi cation patterns. For a perfect
classi er, the confusion matrix would be diagonal.

In Figure 9.16, the normalized confusion matrices for the training and validation dataset
are shown. For both networks, the same trend is observed in both, training and validation
datasets. For events where top-quarks decay into light quarks, no event is assigned to
class 2 p! t;t! b). Instead, the network classi es all such events into either class 4
or class 6, suggesting that it does not distinguish well between these two categories. For
top-quarks decaying into b-quarks, the network predominantly assigns events to class 1
(b! t;t! b). However, even in this case, a non-negligible fraction of more than 10%
of events is misclassi ed into each other class per true class. This indicates again that
the network struggles to e ectively separate the six individual processes, likely due to
overlapping input feature distributions and insu ciently distinct patterns in the input
space. The confusion matrix show, that the addedb-tagging information helps the networks
to distinguish between events witht ! bandt! d;s, but other di erences related to the

di erent initial states are not distinguishable for the NN.

This multi-class study indicates, that a simple feed-forward NN is not able to distinguish
properly between processes with di erent single-top-quark production and decay modes.
As mentioned for the binary classi er in Chapter 9.3.2, information about track properties
could also be used in the multiclass networks to improve their performance.

9.4.2 Multiclass Neural Network for groups of top-quark processes

As the next step, a simpler NN architecture is chosen. Instead of six classes, four classes are
utilized. Targeting di erences in the nal state objects from altering probability density
functions (pdfs) of the initial state quarks, processes are grouped as follows:

" 1:s;b! o tt! o ds;
T2:d! ott! o ds
T 3:sb! o tt! by
T 4:d!ott! by

The training process and evaluation is done analogously to the six class network described
in the previous section. The same NN architecture was chosen as for the multiclass classi er
utilized in the previous chapter, as well as the same input features.

Figure 9.17 shows the loss functions and the accuracies for the training and the validation
dataset for both trained NNs. Similarily to the previous multiclass network, the accuracy
curve exhibits a non-monotonic behavior throughout training. Initially, the accuracy
increases rapidly, reaching approximately0:45 within the rst 20 epochs. However,
during the next 20 epochs, a decline is observed, indicating a temporary degradation in
classi cation performance. Following this drop, the accuracy gradually recovers over the
next 100 epochs before stabilizing at a slowly increasing plateau ending just abo#%
after the complete training of 500 epochs. This behavior suggests that the network initially
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Figure 9.16: Confusion matrices for both models of the two-fold cross-validation for the
NN with six output classes, illustrating the classi cation accuracy. (a) and
(c) show the confusion matrices for the training and validation datasets of
the odd-fold model, respectively. (b) and (d) show the confusion matrices for
the training and validation datasets of the even-fold model, respectively. The
diagonal elements represent the number of correctly classi ed events for each
class, while o -diagonal elements indicate misclassi cations.
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Figure 9.17: The loss curve and the accuracy curve for the odd model are shown in (a) and
(c), respectively. The loss curve and the accuracy curve for the even model
are shown in (b) and (d), respectively. The blue curve depicts the training
dataset, while the orange curve shows the validation dataset. The red dashed
line shows the best epoch saved at the end of the training.

learns simple patterns that improve classi cation, but as training progresses, adjustments
to the decision boundaries lead to a temporary performance drop. The subsequent slow
recovery points to the network continuing to re ne its classi cations, albeit with diminishing
improvements in feature separability, indicating to the same observations made for the six
class NN.

The fact that the validation loss reaches its lowest value in the nal epoch, even if it
remains on a plateau, suggests that the model has reached a stable state without signs
of signi cant over tting. This indicates that additional training epochs or ne-tuning

of hyperparameters, such as the learning rate schedule, could potentially yield further
improvements. However, major further improvements are unlikely as the model has
e ectively learned to extract the relevant features from the data given the observations
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described in the following.

The output of this multiclass NN is a four-dimensional vector. Analogously to the previous
multiclass network, an event is labeled as correctly identi ed if the predicted class equals
the true class for an event, i.e. if the corresponding entry in the output vector is the
largest value in the output vector. In Figure 9.18, the confusion matrices for both NNs
for both, the training and validation dataset, are shown. Again, for both networks, the
same trend is observed. Events with é&-quark in the nal state and those without are
well separated by the network. However, distinctions between classes with the same nal
state are still unclear, especially in the case of events with &quark in the nal state.
Furthermore, events with jets originating from b-quarks that are not tagged asb-jets lead
to a non-negligible number of events front ! b being misclassi ed into categories without
a b-quark in the nal state.

Further analysis of the classi cation of both NNs can be performed by inspecting the
output vector entries, similarily to the six classes multiclass NN. The di erent distributions

for each output vector entry, comparing the correctly classi ed true class and the true
events of all other classes in the training dataset, are located in Appendix H. The output
vector entries show a very similar behavior to the ones observed for the network using
six classes, indicating the same challenges leading to low separation power between the
di erent classes as the previous NN.

Again, the same conclusions as for the network with six output classes are drawn. The
di erences in the pdfs for each top-quark process are not accessible at the detector level,
and therefore, the networks are not able to distinguish processes where the top-quark
originates from the b-, d-, or s-quark. Further, di erences in the nal state are also not
fully captured due to expected challenges using-tagged jets. Exploiting track information
might help in that regard. As mentioned before, track information was not available.
Hence, this limitation impacts the model's performance.

9.4.3 Binary classi er to distinguish t! disandt! b

In order to be able to separate the di erent top-quark decay processes, a binary classi er
is implemented. Since kinematic di erences between the single-top-quark production
processes were not su ciently large to enable the multiclass networks to distinguish
between di erent processes, two classes are constructed, depending on the top-quark
decay:

T 0:b! tt! bd! tt! bs! tt! b
“1:b! tt! db! tt! s, d! tt! dd! tt! ss! tt! ds! tt! s
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Figure 9.18: Confusion matrices for both models of the two-fold cross-validation for the
NN with four output classes, illustrating the classi cation accuracy. (a) and
(c) show the confusion matrices for the training and validation datasets of
the odd-fold model, respectively. (b) and (d) show the confusion matrices for
the training and validation datasets of the even-fold model, respectively. The
diagonal elements represent the number of correctly classi ed events for each
class, while o -diagonal elements indicate misclassi cations.
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Therefore, all top-quark events are assigned either a true value @ or 1 in the training,
depending on the top-quark decay process. A binary classi er similar to the one utilized
for the classi cation of all signal processes againsiV +jets is utilized. The chosen NN
architecture is a network with 5 layers with the following number of nodes in descending
order: 32, 16, 8, 4, 2. The same learning rate as for the signal-background-classi er is
used,r = 0:0005 A batch size of256is applied for the training, which is performed for
150 epochs.

In Figure 9.19, the evaluation metrics for the training, the loss functions and the accuracy,
are shown for the odd-fold model and the even-fold model. The loss functions do not
indicate any sign of over tting, with both the loss curves for the training and validation
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Figure 9.19: The loss curve and the accuracy curve for the odd model are shown in (a) and
(c), respectively. The loss curve and the accuracy curve for the even model
are shown in (b) and (d), respectively. The blue curve depicts the training
dataset, while the orange curve shows the validation dataset. The red dashed
line shows the best epoch saved at the end of the training.
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datasets, showing a steep declinde at the beginning and a plateau at the end. The accuracy
curves are also very similiar, both in terms of shape and accuracy values for both networks.
The network performs similarily on both, the training and the validation datasets.

The ROC curve and the corresponding AUC score are illustrated in Figure 9.20. The
ROC curve for the model shows a sharp increase in the TPR at the beginning, with a
nearly constant FPR until approximately 0:2. The TPR reaches a value of around:95 at
this point. Afterwards, the curve attens, for both, TPR and FPR torwards one. The
corresponding AUC scores ar®0:58 and 90:66, indicating strong classi cation performance
and no bias in either NN.

This shape suggests that the model is very e ective in correctly classifying the majority
of positive events early on, with a relatively low number of false positives. However, the
attening of the curve as it approaches the top-right corner (TPR = 1, FPR = 1) implies
that the model struggles to maintain a balance between identifying true positives and
controlling false positives when the decision threshold becomes more stringent. This could
indicate that the model is potentially over tting to certain patterns or input features.

The NN output distributions after the training procedure are shown in Figure 9.21. Most
events witht ! b are classi ed accordingly to their true class to the left side of the plot.
However, a small subset of events from these processes are classi ed more to the right
part of the output distribution. This is expected, as not all jet originating from b-quarks
are expected to be tagged. Additionally, another even smaller subset of events has a NN
output score around0:2 to 0:4, indicating that these events are neither strongly resembling
events with either top-quark decay for the network. Consequently, the NN is also able
to mostly classify events witht! d;s to the right side of the distribution. Nevertheless,
the majority of events are not as strongly classi ed as those from other class, with the
NN output distribution for these events peaking around0:8, and no events being classi ed
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Figure 9.20: The ROC curve for the odd model is shown in (a), while ROC curve for the
even model is illustrated in (b). The dashed blue line depicts a classi er that
guesses randomly.
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Figure 9.21:Normalized signal-versus-signal NN output distributions for the best saved
odd-fold model are shown in (a), while same distributions for the best saved
even-fold model are shown in (b). The solid lines show the distributions for
the training dataset, while the lled histograms depict the distributions for
the validation dataset. The bottom plot shows the ratio between the entries
of the training dataset and the validation dataset in each bin.

with a NN score of 0:9 or larger. This observation can be attributed to the contribution of
t! bevents being mis-classied ag ! d;s events, which makes it di cult for the NN to
distinguish between them. Therefore, assigning higher NN output score values to events
with t! d;sis not achieved.

The feature importance plot, depicted in Figure 9.22, reinforces the statement, that the
addition of the b-tagging weight bin for the central jet in an event to the input features

is highly crucial for the network's performance and primarily determines which events
receive which NN output scores: The feature importance is calculated as explained in
Chapter 9.3.2. No other feature than the associated tag-bin of théL1r algorithim of
the central jet is important to classify the events. This further demonstrates, that the
di erences in the kinematic distributions between the di erent top-quark processes are
almost negligible. This underlines the necessity to include track-based variables for such
measurements in the future.

In a next step, the odd-model is applied to the dataset with the even number and vice
versa. The corresponding normalized NN output distributions are depicted in Figure 9.23.
Most of the background events are classi ed very similar to thet ! d;s events. Since
W +jets and Z +jets make up the majority of background events, this is expected.

The NN output distribution for all events is utilized further in the nal step, the statistical
analysis.
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Figure 9.22: Feature importance for (a) the best saved odd model and (b) for the best
saved even model. The higher the value for a feature, the more important the
variable is for the training, i.e. the correct classi cation of training events.

9.5 Pro le Likelihood t procedure

The nal step is performing the statistical analysis. This step is again not examined using
data due to the missing fake lepton background. The best NN model obtained in the
binary classi er between di erent signal processes described in the previous chapter is
used in a pro le likelihood t setup. The NN model is applied to all background events
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Figure 9.23:Normalized NN output distributions for the best saved odd model applied to
even dataset are shown in (a), while the same distributions for the best saved
even model applied to the odd dataset are shown in (b). The blue and red
line display the two signal classes, respectively, while the green line denotes
the background events.

passing the cut from the NN trained for signal versus background classi cation. Hereby,
all events with an odd number are evaluated using the even model and vice versa. All
events are used together in the end to obtain one combined distribution.

The events are parametrized in the t setup as explained in Chapter 8.2.2 of this thesis.
Sincett is a negligible background, none of thet CKM samples with all possible top-quark
and top anti-quark decay modes are used for these studies. Consequently, three free oating
parameters, the POls, are introduced in the t: Vtb, Vtd and Vts. Each parameter acts
on the single-top-quarkt-channel processes as described in detail in Chapter 8.2.2.

The nal goal in these studies is to determine if a t setup is sensitive to all three CKM
matrix elements, in one t instead of having to rely on 2D likelihood scans. Therefore, a
binned pro le likelihood t using an Asimov dataset is performed. An Asimov dataset is a
simulated dataset functioning as a pseudo-dataset where each bin of an utilized distribution
contains exactly the predicted number of events from a given model, i.e. the expected
yields from the MC predictions. Hence, the maximum likelihood estimate of all parameters
matches the set value. The Asimov dataset is used to evaluate the expected statistical
precision of a t regarding expected uncertainties, limits or other quantities of interest.

The pre-t and post-t Asimov distributions are shown in Figure 9.24. The binning was
optimized by hand in order to avoid empty bins, i.e. bin without predicted MC events.
Further, the bin width was chosen such that it is approximately constant for the whole
distribution and merge together bins with small but non-zero yields. It is visible, that
the majority of the W +jets background is classi ed to the right side by the NN. This is
expected asW +light avor jets are expected to account for the largest contribution of
this background. The other backgrounds only have small contributions, withZ +jets being
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Figure 9.24:Pre-t (a) and Post-t (b) distributions of the NN output distribution used
in the Asimov t to test the feasability of one t determining Vy,, Vig and V.
The ratio plot usually shows the ratio between data and predictions. Since
no data was used, only the MC statistical uncertainty is shown as a hashed
band.

classi ed almost exclusively to the right side of the distribution and tt being classi ed
to the left side of the distribution. The overall uncertainties are shown in the ratio plots
in Figure 9.24. Since no systematic uncertainties are utilized, only the MC statistical
uncertainty is illustrated. As expected, in the post- t plot the uncertainties are reduced
due to correlation between the POIs. The values of the POIs obtained from the Asimov
pro le likelihood t are

Vtb = 1:00'%:5%; (9.14)
vtd = 0:01%% 13 (9.15)
Vts = 0:00"%13: (9.16)

The results di er from the expectations, that in an ideal case, the pro le likleihood t to
the Asimov dataset should return the exact pre- t parameter values (one for Vtb, and
zero for Vtd and Vts) with symmetric uncertainties. However, the tted value for Vtd
deviates from that expectation, as well as the uncertainites of Vtd and Vtb. In order to
understand the asymmetric uncertainties on Vtb and Vtd in Equation (9.14) and (9.15),
respectively, as well as the non-zero mean value of Vtd, further measures are examined.
The correlation matrix is depicted in Figure 9.25, together with one dimensional likelihood
scans for each POI. The covariance matrix values should be interpreted with caution, as the
1D scans of the three parameters reveal that Vtb exhibits a highly asymmetric distribution,
while Vts and Vtd appear to have a nearly at distributions around zero, transitioning to a
guadratic shape at larger values. This non-Gaussian behavior indicates that the covariance
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Figure 9.25:In (a) the correlation matrix between the three dierent free oating
parameters in the tis shown. In (b)-(d), the 1D likelihood scans for Vtb,
Vtd and Vts is shown, respectively.

matrix derived under the assumption of a quadratic log-likelihood approximation does not
correctly describe the parameter uncertainties, as the correlations between parameters
deviate from a linear regime. Hence, the standard Hessian approximation, which assumes
a parabolic likelihood around the best-t point, may not be valid. Consequently, the
correlation structure observed may not be a reliable indicator of the true relationships
between the parameters, as it could be in uenced by the non-linear and asymmetric nature
of the distributions. Given these complications, it is worth considering whether Wilks'
theorem remains valid in this case. The assumptions of the validity of Wilks' theorem are
important to correctly assess the statistical uncertainties of the parameters in this study.

In conclusion, a dedicated CKM analysis using single-top-quark t-channel samples requires
more information regarding reconstructed objects, e.g. track properties, a better rejection
of the W +jets background and a better separation of this background and the signal
processes. The distinction between di erent signal processes also needs more information,
such as track properties of jets. Without a dedicateds-tagger, the distinction between jets

of d-quarks and s-quarks will remain impossible.

143






Conclusion

The SM is one of the most extensively tested theories in physics, even though it is not
considered a complete theory as it does not include phenomena such as dark matte, neutrino
masses, or the gravitational interaction. In the search for a more fundamental theory
beyond the SM, proton-proton collision experiments at the LHC are performed in order
to probe the SM predictions and search for potential deviations that could hint at BSM
physics. Furthermore, the SM incorporates various parameters, for that no theoretical
predictions exist, requiring precise experimental measurements. The three angles and one
phase of the CKM matrix are such free parameters and play a crucial role in understanding
quark mixing and CP violation in the SM. Therefore, measuring the elements of the CKM
matrix is important to probe the SM. As the heaviest known elementary particle, the
top-quark plays a crucial role in the SM. Consequently, studying the top-quark is a key
aspect of the physics program at the ATLAS experiment, both for testing SM predictions
and exploring possible signs of new physics, making precise measurements of its properties
essential.

In this thesis, two measurements of the top-quark involved CKM matrix elements were
presented. In a rst measurement, an interpretation was performed of the single-top-quark
t-channel cross section measurement using the full Run 2 dataset recorded with the ATLAS
detector corresponding to an integrated luminosity of140fb . All dierent top-quark
and top-antiquark t-channel production modespb! t,b! tandb! t, and all di erent
top-quark and top-antiquark decay modest! b,t! dandt! s, were considered in the
interpretation. Additionally, due its large background contamination in the cross section
measurement,tt events with all possible top-quark and top-antiquark decay modes were
considered for the semileptonic as well as for the dileptonic channel. For this purpose,
dedicated simulations of these processes were produced. A parametrization of all included
single-top-(anti)quark t-channel events was developed and subsequently used in a pro le
likelihood t setup. For this purpose, the NNs developed in each SR of the analysis were
applied to the t-channel andtt CKM events, and the output distributions were used in the

t. Limits on all three CKM matrix elements, jVij with x = d;s; b were obtained in three
di erent scenarios. Each scenario includes one top-quark involved CKM matrix element
being set to a xed value, which corresponds to the current used value in the nominal MC
simulations used for top-quark processes. Consequently, a 2D pro le likelihood scan was
performed for each scenario. The three scenarios and the resulting limits at 95% CL are

1) th = O, fLV thbj < 1038, fLV jVISj < 0306,
2) VtS = 0, fLV thbj < 1048 fLV thdj < 0133,
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3) th = l, fLV thdj < 0126, fLV thSj < 0273,

Hereby, f |\, corresponds to the left-handed form factor, which is one in the SM. The
interpretation is more sensitive tojV,yj, as due to the event selection, di erences in the
event kinematics exploited by the used NN were mostly from di erences in the initial state,
i.e. the PDFs. This interpretation was published in Ref. [1].

A major challenge in this interpretation arises from the event selection used in the cross
section measurement, as it requires exactly onbetagged jet expected to originate from
the top-quark decay. Thus, events where the top-quark decays into light-quarksd or s)
were selected with very low e ciency. To improve the obtained results, a proof-of-concept
analysis was conducted to target all possible top-quark production and decay modes. As a
rst step, an event selection was developed which relaxed thé-tagging requirement while
simultaneously reducing the contribution from tt production. The latter aspect also allows
the focus to be placed solely on the single-top-quark-channel processes as the signal
processes in these studies, since the contribution becomes negligible. However, after
the selection, W +jets emerges as the dominant background, due to its signi cantly larger
production cross section compared to top-quark processes. To de ne a signal region that
enhances the sensitivity to the targeted signal processes, a feed-forward NN was employed
to distinguish betweenW +jets and the signal events. The NN output distribution shows a
clear separation between signal and background events, and events were further selected if
their NN output score exceeds a value 00:8. This selection criterion ensures a su ciently
large number of MC simulated events for further analysis, while also de ning a signal region
with improved purity. Nevertheless, due to the large cross section\V +jets events still
contribute dominantly in the selected events compared to the SM prediction of the signal
processes. In a next step, additional NNs were developed and tested to further enhance the
separation between the di erent signal processes and thus, di erent production and decay
modes. A binary classi er was trained to distinguish between events where the top-quark
decays into light-quark and those where it decays into d&-quark. A multi-class approach
did not yield in an improvement. Finally, a pro le likelihood t was performed on an
Asimov dataset to demonstrate the feasibility of the analysis. The t employs the same
parametrization for the signal processes as used in the interpretation and includes three
free parameters, one for each relevant CKM matrix element. For simplicity, systematic
uncertainties were not included at this stage. The observed asymmetry in the uncertainties
arises from the non-quadratic behavior of the t parameters, as seen in one-dimensional
scans of the individual parameters. While these studies indicate the feasibility of using
single-top-quark t-channel events to measure and constrain the top-quark involved CKM
matrix elements, they emphasize, more notably, the signi cant challenges associated with
the di erent steps of the analysis. Moreover, a direct comparison e.g. with the results from
the interpretation is inherently limited, as no systematic uncertainties were considered in
these studies.

To further enhance the sensitivity of such an analysis, dedicated control regions for the
W +jets background, could be de ned based on the avor composition of the additional jets.
Additionally, incorporating track-based information could help in developing NNs that
not only improve the discrimination between signal and background events but especially
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enhance the separation between the di erent signal processes. Exploring alternative NN
types, such as graph neural networks or transformers, may further increase the sensitivity
to the various top-quark production and decay modes. An interesting observation in this
study was the non-quadratic behavior of the t parameters in one-dimensional likelihood
scans. This could be in uenced by the choice of discriminating variable used in the t, i.e.
the NN output score. Investigating alternative NNs and their output scores or employing
a multi-dimensional t approach might help stabilize the parameter behavior.

In this context, employing an s-tagging algorithm, analogous to the existingb-tagging
algorithm in ATLAS, would greatly improve the selection of events witht ! s decays,
thereby increasing the sensitivity to V5. Under the assumption of unitarity, an improved
measurement ofV,; would simultaneously re ne the constraints on V,y and V,, and
simultaneously therefore increase the sensitivity tov;y and Vy,, respectively. In ATLAS,
an approach to develops-tagging was found to be limited by systematic uncertainties [205].
The obtained constraints were weaker folV,y but showed slight improvements for Vg,
demonstrating the potential of an s-tagging algorithm in enhancing the sensitivity to V.
A recent publication [206], introduced a new transformer-based deep learning approach
for s-jet tagging, which was found to improve the sensitivity to Vg, particularly in the
high-luminosity (HL)-LHC era.

Flavor tagging is a crucial part in top-quark physics, enabling the identi cation of jets
originating from heavy- avor quarks. Accurate avor tagging algorithms were essential not
only for top-quark analyses but also for many other precision measurements in ATLAS,
e.g. including those involving Higgs bosons.

In this thesis, an alternative calibration of the avor tagging algorithm used in Run 2 in
ATLAS was presented.

The calibration was performed for both a direct cut on the tagging output discriminant
(SingleWP) and for pseudo-continuousb-tagging (PCBT). For this purpose, W+ c-jet
events were used as the signal process, where tbget was identi ed by the presence of a
soft muon inside the jet. Hence, semileptonically decaying-Hadron events were used to
obtain data-to-MC SFs that correct for potential mismodelling in the MC simulations.
Events were selected with a pair of muons in the nal state. Since the signal process is
expected to predominantly contain opposite-sign muon pairs, the signal region was de ned
at the histogram level, by subtracting events with a same-sign muon pair from those with
an opposite-sign muon pair. This selection yielded a signal purity 089% The selected
events were categorized according to their tagging score and thg of the jet containing
the soft muon for both calibration strategies.

A likelihood t setup was employed to determine the SFs ensuring a proper treatment of
the uncertainties as well as preventing unphysical negative SFs. The resulting SFs show
reduced uncertainties in the lowp; region (up to 40 GeV) compared to the SFs obtained
with the nominal calibration method based ontt events. Most of the obtained SFs were
in agreement with those from the nominal calibration. However, for soft-muon-tagged
jets in the py range of40to 65 GeV, a trend was observed that the SFs in the presented
calibration were systematically larger than unity. The calibration is limited by systematic
uncertainties, particularly by uncertaintes related to JES and JER.
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To generalize the resulting SFs for alkc-jets, an extrapolation was performed usingt events,
following the event selection strategy of the nominal calibration. Jets in these events were
rst classi ed based on their pr and then categorized according to their tagging score and
whether they contain a soft muon. The goal was to derive SFs that quantify the di erences
between jets matched to a soft muon and those that were not. A pro le likelihood t was
used to determine the extrapolation SFs, incorporating several systematic uncertainties,
including lepton-related uncertainties and uncertainties regarding known mismodeling
e ects for di erent jet avors. The obtained extrapolation SFs show a similar trend to the
SFs obtained in the calibration: The nominal values were closer to unity for jets tagged at
looser WPs and those with lowerp;. The largest deviations were observed for jets tagged
at the 60% and 70% WP.

In order to further investigate the observed di erences, variables that were sensitive to
the jet avor, such as the secondary vertex mass, could provide valuable insights. The
calibration itself would bene t from using events with W ! e . as well, as these would
increase the available number of MC simulated events, thereby reducing the MC statistical
uncertainties. This e ect would be particularly relevant in phase space regions with

lower event counts, such as for tighter WPs or higheip; jets. This approach would be

especially advantageous for the calibration of the avor tagging algorithm in Run 3, as

the rejection rate of nonb-jets is even higher, making the mis-tag calibration analyses
even more challenging. Furthermore, including the electron channel would allow for a
direct comparison with the results obtained using only the muon channel, providing further

validation of the SFs.

Overall, the precise measurement of free parameters of the SM remains a high priority
in high-energy physics. Improving the performance and calibration of key analysis tools,
such as avor tagging algorithms, is essential - especially in Run3 and forward, where
increasing data events provide new opportunities for precision measurements. As more data
is recorded, a major challenge is the reduction of systematic uncertainties, which ultimately
limits the sensitivity of measurements, even already to date. Optimizing the (mis-tag)
calibration strategies for the utilized avor tagging algorithms, such as the alternative
approach presented in this thesis, contribute to this goal by improving the accuracy of the
physics analyses.

Additionally, achieving higher precision in measurements of top-quark properties enables
stringent tests of the SM. With future improvements in detector performance, analysis
techniques, e.g. machine learning-based approaches as tested in this thesis, these measurements
will continue to play a crucial role in advancing the understanding of the elementary particles
and their interactions.
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A Additional kinematic distributions for
W + ¢ calibration
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Figure A.1: Kinematic distributions in the OS region. (a) shows the p; and (b) the
pseudorapidity of the prompt muon in an event, respectively. (c) and (d) show
the pr and the pseudorapidity of the soft muon, respectively. The rst and last
bin of each distribution include the under ow and over ow bin, respectively.
In the bottom panel of each plot, the ratio between observed and expected
events is shown. All distributions show a good agreement between data and
simulation. The depicted uncertainty bands indicate the MC statistical error,
whereas the error bars on the black data points show the statistical uncertainty
on the recorded data.
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Figure A.2: Kinematic distributions in the OS region. In (a) the missing transverse

momentum is shown and in (b) the transverséWV -boson mass. The rst and
last bin of each distribution include the under ow and over ow bin, respectively.
In the bottom panel of each plot, the ratio between observed and expected
events is shown. All distributions show a good agreement between data and
simulation. The depicted uncertainty bands indicate the MC statistical error,
whereas the error bars on the black data points show the statistical uncertainty
on the recorded data.
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Figure A.3: Kinematic distributions in the SS region. (a) shows thepy and (b) the
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pseudorapidity of the prompt muon in an event, respectively. The rst and
last bin of each distribution include the under ow and over ow bin, respectively.
In the bottom panel of each plot, the ratio between observed and expected
events is shown. All distributions show a good agreement between data and
simulation. The depicted uncertainty bands indicate the MC statistical error,
whereas the error bars on the black data points show the statistical uncertainty
on the recorded data.



A: Additional kinematic distributions for W+ c calibration

Events / 2.0 GeV

data/pred.

Events / 2.5 GeV

data/pred.

120’ 10“ T T T T |
(s =13 TeV, 140 fo™* # Data [ 7
100 SsS Bw+b W+ T
t tt |
[ Y Wziets |
80 stat. unc. -
60 -
40 -
e 3
L----\_._ e aaal " .
12 F }
FI S SSSTRRSR SO YR RPN M NP B0 R S
08 E ¥ { 4
10 20 30 40
m GeV
soft pT [ ]
()
22000 T T T T T T T
20000 Vs =13 TeV, 140 fb™ ¢ Data Ew+c
ss Ww+b W+
18000 N i
16000 | Wz+ets

stat. unc.

12 F E|

1 ——'---'-------’""."'v"'.'"'."";"';""."'v"'"""c"'r";"';""‘;

08 E
50 60

70 80
ETSS [GeV]

40

(©

Events / 5.0 GeV

data/pred.

1

1

1

Events /0.2

data/pred.

30000

25000

20000

15000

10000

5000

4000 | T T T T T T T T ]
F (s=13Tev, 140" # Data Bwic ]
2000~ SS Ww+b w+ o
£ t it B
0000/ mw Wziets |
- stat. unc. |
8000{— =
6000/ —
4000/ —
2000 3
1.2
081 ’3"’"""'.'".";";"'."r'r';";'-r-'--r-;--0--‘--5--r-o--;--‘--r-L
' 2 1 0 1 2
m h
soft
- T T T T |
[ Vs=13TeV, 140 fb™ ¢ Data [
F ss WW+b W B
c t t —
F mvw WzHets
= stat. unc. |
= [ -
Lo 0.t =
£ ® . =|

(d)

Figure A.4: Kinematic distributions in the SS region. (a) and (b) show the p; and the
pseudorapidity of the soft muon, respectively. In (c) the missing transverse
momentum is shown and in (d) the transversaV -boson mass. The rst and last
bin of each distribution include the under ow and over ow bin, respectively.
In the bottom panel of each plot, the ratio between observed and expected
events is shown. All distributions show a good agreement between data and
simulation. The depicted uncertainty bands indicate the MC statistical error,
whereas the error bars on the black data points show the statistical uncertainty

on the recorded data.
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B Pre-t and post- t distributions for
additional WPs in SingleWP t for
W + c calibration
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Figure B.1: Pre- t and post- t plots for events in the OS-SS region with the p; of the
jet being within 20 and 40 GeV for the SingleWP calibration. (a) and (b)
show the events with the jet being tagged at the60% e ciency WP of the
DI1r algorithm, whereas the events with the jet not being tagged are shown
in (c) and (d). In the bottom panel in each plot, the ratio between data and
simulated events is shown. The MC statistical uncertainty is indicated by the
black, shaded error band.
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Figure B.2: Pre- t and post- t plots for events in the OS-SS region with the p; of the
jet being within 40 and 65 GeV for the SingleWP calibration. (a) and (b)
show the events with the jet being tagged at the60% e ciency WP of the
DI1r algorithm, whereas the events with the jet not being tagged are shown
in (c) and (d). In the bottom panel in each plot, the ratio between data and
simulated events is shown. The MC statistical uncertainty is indicated by the
black, shaded error band.
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Figure B.3: Pre- t and post- t plots for events in the OS-SS region with the p; of the
jet being within 65 and 140 GeV for the SingleWP calibration. (a) and (b)
show the events with the jet being tagged at the60% e ciency WP of the
DI1lr algorithm, whereas the events with the jet not being tagged are shown
in (c) and (d). In the bottom panel in each plot, the ratio between data and
simulated events is shown. The MC statistical uncertainty is indicated by the

black, shaded error band.
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Figure B.4: Pre-t and post-t plots for events in the OS-SS region with the p; of the
jet being within 20 and 40 GeV for the SingleWP calibration. (a) and (b)
show the events with the jet being tagged at the77% e ciency WP of the
DI1r algorithm, whereas the events with the jet not being tagged are shown
in (c) and (d). In the bottom panel in each plot, the ratio between data and
simulated events is shown. The MC statistical uncertainty is indicated by the
black, shaded error band.
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Figure B.5: Pre-t and post- t plots for events in the OS-SS region with the p; of the
jet being within 40 and 65 GeV for the SingleWP calibration. (a) and (b)
show the events with the jet being tagged at the77% e ciency WP of the
DI1lr algorithm, whereas the events with the jet not being tagged are shown
in (c) and (d). In the bottom panel in each plot, the ratio between data and
simulated events is shown. The MC statistical uncertainty is indicated by the
black, shaded error band.
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Figure B.6: Pre-t and post-t plots for events in the OS-SS region with the p; of the
jet being within 65 and 140 GeV for the SingleWP calibration. (a) and (b)
show the events with the jet being tagged at the77% e ciency WP of the
DI1r algorithm, whereas the events with the jet not being tagged are shown
in (c) and (d). In the bottom panel in each plot, the ratio between data and
simulated events is shown. The MC statistical uncertainty is indicated by the
black, shaded error band.
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Figure B.7: Pre-t and post- t plots for events in the OS-SS region with the p; of the
jet being within 20 and 40 GeV for the SingleWP calibration. (a) and (b)
show the events with the jet being tagged at the85% e ciency WP of the
DI1lr algorithm, whereas the events with the jet not being tagged are shown
in (c) and (d). In the bottom panel in each plot, the ratio between data and
simulated events is shown. The MC statistical uncertainty is indicated by the
black, shaded error band.
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Figure B.8: Pre-t and post-t plots for events in the OS-SS region with the p; of the
jet being within 40 and 65 GeV for the SingleWP calibration. (a) and (b)
show the events with the jet being tagged at the85% e ciency WP of the
DI1r algorithm, whereas the events with the jet not being tagged are shown
in (c) and (d). In the bottom panel in each plot, the ratio between data and
simulated events is shown. The MC statistical uncertainty is indicated by the
black, shaded error band.
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Figure B.9: Pre-t and post-t plots for events in the OS-SS region with the p; of the
jet being within 65 and 140 GeV for the SingleWP calibration. (a) and (b)
show the events with the jet being tagged at the85% e ciency WP of the
DI1lr algorithm, whereas the events with the jet not being tagged are shown
in (c) and (d). In the bottom panel in each plot, the ratio between data and
simulated events is shown. The MC statistical uncertainty is indicated by the
black, shaded error band.
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Figure C.1: Pre-t (left) and post-t (right) plots for events in the OS-SS region with the
pr of the jet being within 40 and 65 GeV for the PCBT calibration. (a) and
(b) rst tag-weight bin (85%-100%), (c) and (d) second tag-weight bin. In
the bottom panel in each plot, the ratio between data and simulated events is
shown. The MC statistical uncertainty is indicated by the black, shaded error
band.
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Figure C.2: Pre-t (left) and post-t (right) plots for events in the OS-SS region with the
pr of the jet being within 40 and 65 GeV for the PCBT calibration. (a) and
(b) third tag-weight bin, (c) and (d) fourth tag-weight bin, (e) and (f) fth
tag-weight bin. In the bottom panel in each plot, the ratio between data and
simulated events is shown. The MC statistical uncertainty is indicated by the
black, shaded error band.
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Figure C.3: Pre-t (left) and post-t (right) plots for events in the OS-SS region with the
pr of the jet being within 65 and 140 GeV for the PCBT calibration. (a) and
(b) rst tag-weight bin (85%-100%), (c) and (d) second tag-weight bin. In
the bottom panel in each plot, the ratio between data and simulated events is
shown. The MC statistical uncertainty is indicated by the black, shaded error
band.
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Figure C.4: Pre-t (left) and post-t (right) plots for events in the OS-SS region with the
pr of the jet being within 65 and 140 GeV for the PCBT calibration. (a) and
(b) third tag-weight bin, (c) and (d) fourth tag-weight bin, (e) and (f) fth
tag-weight bin. In the bottom panel in each plot, the ratio between data and
simulated events is shown. The MC statistical uncertainty is indicated by the
black, shaded error band.
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Uncertainty breakdown for 85 100%
WP tag-weight bin for W + c calibration

Table D.1: Summary of the systematic and the statistical uncertainty contribution to the
PCBT data-to-MC scale factor calculation for the 85 100%tag-weight bin in
all three py bins. All values are given in percent di erence from the nominal
result. The combined overall uncertainty is calculated by adding in quadrature
the corresponding sources. If up and down variation of a source di er, the
larger one is quoted here. No systematic uncertainties were symmetrized,
hence why adding up the uncertainties of each column might not result in the
overall uncertainty quoted here. The "Experimental” category includes JVT,
luminosity and pileup. If the impact is less than 0:05% it is shown as0:0%.

85-100% WP

Source \ 20-40 GeV 40-65 GeV 65-140 GeV
JES 1.0 2.9 1.7
JER 2.7 1.6 2.9
Muons 0.4 0.4 0.1
EIe_ctrons 0.0 0.0 0.0
S 0.4 0.7 0.5
Experimental 0.1 0.2 0.2
Cross section 0.2 0.3 0.1
PDF 0.1 0.1 0.1
s variation 0.1 0.1 0.0
Scale 0.1 0.2 0.1
EW corrections 0.0 0.1 0.0
ISR/ FSR 0.0 0.0 0.0
All systematic 2.8 3.4 3.4
Statistical 0.6 1.0 1.5
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£ Additional pre-t and post-t
distributions for W + c extrapolation
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Figure E.1: Pre-t (a) and post- t (b) plots for events with 20< jet pr < 40 GeV for the
inclusive c-hadron extrapolation in the SingleWP case for the60% WP. In
the bottom panel in each plot, the ratio between data and simulated events is
shown. The overall uncertainty is indicated by the blue, shaded error band.
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Figure E.2: Pre-t (a) and post- t (b) plots for events with 40< jet pr < 65 GeV for the
inclusive c-hadron extrapolation in the SingleWP case for the60% WP. In
the bottom panel in each plot, the ratio between data and simulated events is
shown. The overall uncertainty is indicated by the blue, shaded error band.
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Figure E.3: Pre-t (a) and post- t (b) plots for events with 20< jet py < 40 GeV for the
inclusive c-hadron extrapolation in the SingleWP case for the70% WP. In
the bottom panel in each plot, the ratio between data and simulated events is
shown. The overall uncertainty is indicated by the blue, shaded error band.
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Figure E.4: Pre-t (a) and post- t (b) plots for events with 40< jet pr < 65 GeV for the
inclusive c-hadron extrapolation in the SingleWP case for the70% WP. In
the bottom panel in each plot, the ratio between data and simulated events is
shown. The overall uncertainty is indicated by the blue, shaded error band.
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Figure E.5: Pre-t (a) and post-t (b) plots for events with 65< jet pr < 140GeV for
the inclusive c-hadron extrapolation in the SingleWP case for the70% WP. In
the bottom panel in each plot, the ratio between data and simulated events is
shown. The overall uncertainty is indicated by the blue, shaded error band.
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Figure E.6: Pre-t (a) and post- t (b) plots for events with 20< jet pr < 40 GeV for the
inclusive c-hadron extrapolation in the SingleWP case for the77% WP. In
the bottom panel in each plot, the ratio between data and simulated events is
shown. The overall uncertainty is indicated by the blue, shaded error band.
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Figure E.7: Pre-t (a) and post- t (b) plots for events with 40< jet pr < 65GeV for the
inclusive c-hadron extrapolation in the SingleWP case for the77% WP. In
the bottom panel in each plot, the ratio between data and simulated events is
shown. The overall uncertainty is indicated by the blue, shaded error band.
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Figure E.8: Pre-t (a) and post-t (b) plots for events with 65< jet pr < 140 GeV for
the inclusive c-hadron extrapolation in the SingleWP case for the77% WP. In
the bottom panel in each plot, the ratio between data and simulated events is
shown. The overall uncertainty is indicated by the blue, shaded error band.
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Figure E.9: Pre-t (a) and post- t (b) plots for events with 20< jet pr < 40 GeV for the
inclusive c-hadron extrapolation in the SingleWP case for the85% WP. In
the bottom panel in each plot, the ratio between data and simulated events is
shown. The overall uncertainty is indicated by the blue, shaded error band.
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Figure E.10: Pre-t (a) and post- t (b) plots for events with  40< jet pr < 65GeV for the
inclusive c-hadron extrapolation in the SingleWP case for the85% WP. In
the bottom panel in each plot, the ratio between data and simulated events is
shown. The overall uncertainty is indicated by the blue, shaded error band.
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Figure E.11: Pre-t (a) and post- t (b) plots for events with 65< jet p;y < 140 GeV for
the inclusive c-hadron extrapolation in the SingleWP case for the85% WP.
In the bottom panel in each plot, the ratio between data and simulated events
is shown. The overall uncertainty is indicated by the blue, shaded error band.
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~ Additional kinematic distributions In
studies towards a dedicated CKM
analysis
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Figure F.1: Kinematic distributions in the signal region after the event selection. (a) and
(b) show the energy and of the central jet, respectively. (c) and (d) show
the energy and of the forward jet, respectively. The rst and last bin of
each distribution denote the under ow and over ow bin, respectively. In the
bottom panel of each plot, the ratio between observed and expected events is
shown. The depicted uncertainty bands indicate the MC statistical uncertainty,
whereas the error bars on the black data points show the statistical uncertainty
on the measurement of the recorded data.

193



F: Additional kinematic distributions in

studies towards a dedicated CKM analysis

0 . T ; : " =
Q E ) EBb® t,t® b mt 7
= SOOOOiE =13TeV, 140 fb* B W-ets @mzets
I} = mwW mwh
S E stat. unc. o data B
40000 — -
S = E
= = E
(] —
kol = =
w E a
S 12 F E
% 0 él. TSR T R R L R LD e M D LA aw";
g 100 200 300
Electron energy [GeV]
(@)
. 103
Q o T T e L bt
© o ) , 3
o 120 Vs=13Tev, 14010 & Wets Wzdets 7
c = =W mwth
g 100; stat. unc. ¢ data B
S E
w C 7
s 12 F i E
(2] E|
L0 et
3 50 100 150 200
Electron P, [GeV]
(c)
10°
2 £l ‘ ‘ mbhe @b | Emi ]
N r _ g ) -
S 100;45713 TeV, 140 fb* B WHiets W ZHets |
= @mw mw, b
x stat. unc. o data ]
g 7
o 3]
g— 60 -]
= ]

S 12 F 3

% o.sl ;-.--;-;-;-;-;--.".-'.".".".".".".";';';';".".".".".".".".".";';';';","'“

8 -4 -2 0 2 4
Top quark h

(e)

Electron h/0.25

data/pred.

H,/15

data/pred.

T

Top quark p_/5

data/pred.

30000

80000 T T T T -

E (s=13Tev, 140 fb* = LA LI
70000~ i EmZiets

E =Y CTUCEE
60000 stat. unc. e data E
50000 E
40000 E

20000
10000
12 F 3
081 ORI R S
' -2 -1 0 1 2
Electron h
. 103
5001 T . : , ; -
C § EBb® ,t® b mt B
[ {s=13TeV, 140 fb™ B W-ets @ Zets ]
400(— BwW [ TR -
C stat. unc. ¢ data ]
300 —
200 —
100 —
12 F E
081 oo e e T e T U
' 200 300 200 500
H; [GeV]
‘10
160 T T ; \ ——
B e ,t® b i
140 Vs=13TeV, 140 fbo* B W-+ets @ Z+ets
=w Emw, tb
stat. unc. o data

12 ¢ E

0.8

50 100 150
Top quark < [GeV]

)

Figure F.2: Kinematic distributions in the signal region after the event selection. (a), (b)
and (c) show the energy, and py of the electron. (d) depictsHt. (e) shows

the

and (f) the py of the reconstructed top quark. The rst and last bin of

each distribution denote the under ow and over ow bin, respectively. In the
bottom panel of each plot, the ratio between observed and expected events
is shown. All distributions show an o set between data and prediction. The
depicted uncertainty bands indicate the MC statistical uncertainty, whereas
the error bars on the black data points show the statistical uncertainty on the

measurement of the recorded data.
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CKM analysis

The cut ow distributions for all SM processes are shown in Figure G.1. The plot uses a
logarithmic y-axis. All background contributions are a ected larger by each cut, than the
single top t-channel process, which is one of the signal processes. Further, it is visible that
the last two cuts suppress the main backgroundW +jets, stronger than the signal process,
as expected.
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Figure G.1: Normalized cut ow distributions in the signal region after the event selection
for all SM processes, excluding the single top quark-channel CKM processes,
with a logarithmic y-axis. The depicted uncertainty bands indicate the MC
statistical uncertainty.

The cut ow distributions for all signal processes and the main backgroundW +jets, are

shown in Figure G.2. The plot uses a logarithmicy-axis. The W +jets contribution is
a ected larger by each cut, than the signal processes, as expected.

195



G: Cut ows in studies towards a dedicated CKM analysis

[ [
C —b® t,t® b —b® t,t® d ]
| Vs=13TeV, 140 fb™ b® t, t® s @ tt®b |
—d® t,t® d a® t, t® s
1E S® t,t® b —s® t,t® d I
= —s® t,t® s — WHjets 3

101

Normalized Yields after selection cut
[

10°?

S S S S Opy; . W Bmis, ma; 'S H
1 =2, =7 17 q, mys 75 j Oemsg T
Plop % N, Wer Y %06e," % Gey, " <269 :’ U<z, 06,
el i

itz

Figure G.2: Normalized cut ow distributions in the signal region after the event selection
for all signal processes andV +jets with a logarithmic y-axis. The depicted
uncertainty bands indicate the MC statistical uncertainty.
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Output vector entries for multiclass NN
In studies towards a dedicated CKM
analysis
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Figure H.1: Distributions for each output vector entry for the even NNs. The probability
of an event being classi ed for class 1 in (a), for class 2 in (b), for class 3 in
(c) and for class 4 in (d). The red histogram in each plot denotes the true
class, while the blue histogram depicts the events of all other classes.
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Figure H.2: Distributions for each output vector entry for the odd NNs. The probability
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of an oddt being classi ed for class 1 in (a), for class 2 in (b), for class 3 in (c)
and for class 4 in (d). The red histogram in each plot denotes the true class,
while the blue histogram depicts the oddts of all other classes.
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