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Abstract

This thesis presents the observation and cross section measurements for the electroweak

production of a W boson and a photon associated with two high energy jets where the W

boson decays to an electron or muon and its corresponding neutrino. The data analyzed

consists of 140 fb−1 of proton-proton collision data taken by the ATLAS detector between

2015 and 2018. A neural network is trained to separate the signal from the dominant

sources of irreducible background. Backgrounds arising from misreconstructed objects

are estimated using data driven approaches. A fit of the neural network output is then

performed to extract the observed number of signal events. The physics process of inter-

est is observed with a statistical significance of 9.0 σ which constitutes the first observation

of this process using data collected by the ATLAS detector. The observed number of signal

events is corrected for detector effects to obtain a total production fiducial cross section

measurement of 15.8 ± 3.0 fb, consistent with leading order Standard Model predictions.

Differential cross section measurements as a function of 6 kinematic variables chosen for

their potential sensitivity to new physics are also obtained. The differential cross section

measurements are consistent with leading order Standard Model predictions.
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Abrégé

Cette thèse présente l’observation et les mesures de section efficace pour la production

d’un boson W et d’un photon avec deux jets de haute énergie où le boson W se désintègre

en un électron ou un muon, et un neutrino. Les données analysées consistent en 140 fb−1

de données de collision proton-proton prises par le détecteur ATLAS entre 2015 et 2018.

Un réseau de neurones est formé pour séparer le signal des sources dominantes de bruit

de fond prompt. Les bruits de fond provenant d’objets mal reconstruits sont estimés

en utilisant des approches basées sur les données. Le processus physique d’intérêt est

observé avec une significance statistique de 9.0 σ, ce qui constitue la première observa-

tion de ce processus utilisant les données recueillies par le détecteur ATLAS. La perfor-

mance du détecteur est prise en compte dans le calcul du nombre d’évènements de signal

mesuré afin d’obtenir une mesure de la section efficace à 15.8 ± 3.0 fb, compatible avec

les prédictions du Modèle Standard calculés au premier ordre de la théorie. Des mesures

différentielles de section efficace en fonction de 6 variables choisies pour leur sensibilité

potentielle à la nouvelle physique sont également obtenues. Les mesures différentielles

de section efficace sont compatibles avec les prédictions du Modèle Standard calculés au

premier ordre de la théorie.
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Author’s Contribution

ATLAS is a collaboration of over 5000 members spread across 182 institutions in 42 dif-

ferent countries. Each paper published by the ATLAS collaboration has an author list of

over 3000 scientific authors. The construction and operation of the ATLAS detector is a

Herculean effort spanning decades. Hundreds of scientists work on the tools used for

simulated event generation, detector simulation and analysis software which are used

across ATLAS, including in the analysis presented here. The collective work of all these

scientists has made this measurement possible.

While many scientists, engineers and technicians build and operate the ATLAS detec-

tor, and contribute to the analysis software used, the results and methods presented in

this thesis are the work of a small team. Four PhD candidates (John McGowan (McGill

University), Benjamin Honan (University of Manchester), Zhen Wang (Tsung-Dao Lee

Institute), and Xi Wang (Shanghai Jiao Tong University)) are responsible for nearly all of

the analysis chain, including the background estimates and signal fitting. Prof. Heather

Russell (University of Victoria) also contributed to simulated event sample generation

and to studies of the pileup background. A small handful of professors and postdoctoral

researchers advised the team (Prof. Heather Russell, Prof. Andrew Pilkington (Univer-

sity of Manchester), Prof. Brigitte Vachon (McGill University), Dr. Xingguo Li (McGill

University) and Dr. Jing Chen (Shanghai Jiao Tong University)).

The results in this thesis constitute the first observation of this physics process using

data collected by the ATLAS detector. The thesis presents the first use of machine learning

techniques for the study of this process. This thesis also presents differential cross section
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measurements of the process of interest that have never before been measured, including

the rapidity ordered azimuthal separation of the two leading jets, the rapidity ordered

azimuthal separation of the lepton and the photon, and the lepton transverse momentum.

A summary of the contributions of the author and other members of the analysis team

are outlined here by chapter.

1. The author summarizes the context and motivation for the measurement presented

in this thesis.

2. The author gives an overview of the physical theory that this thesis tests and gives

a brief review of relevant literature.

3. The author describes the experimental apparatus used in the analysis, which has

been decades in the making and is the work of many scientists, engineers and tech-

nicians. The simulation of physics events and the detector response is also described

here, which is the work of many scientists inside and outside the ATLAS collabo-

ration. The author directly contributed to the construction and commissioning of

the New Small Wheel (NSW) upgrade of the ATLAS muon spectrometer. The New

Small Wheel replaced the Cathode Strip Chambers (CSCs) described in Chapter 3

after the recording of the data used in this thesis.

4. The author describes the reconstruction, calibration and selection of physics objects

used in this analysis. The reconstruction and calibration is performed by ATLAS

collaborators. The reconstructed and fiducial event selection is the work of the au-

thor and the other PhD students in the analysis team.

5. The author describes the training and validation of a multivariate classifier used

to distinguish signal from prompt backgrounds. This work is entirely done by the

author.

6. The author describes the estimation of the backgrounds in the analysis. The author

is responsible for the estimation of the background from jets misidentified as pho-
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tons, which is the dominant non-prompt background in the analysis. The author is

also responsible for the estimate of the pileup background, and the simulated back-

grounds. Xi Wang is responsible for the estimate of the background from electrons

misidentified as photons, and the background from jets misidentified as muons.

Zhen Wang is responsible for the background of jets misidentified as electrons.

7. The author describes the methods used to estimate the theoretical and experimental

uncertainties in the analysis. The author is responsible for preparing data samples

with theoretical and experimental uncertainty information for the analysis team.

The author is responsible for deriving the effect of the uncertainties on the fit of the

multivariate classifier.

8. The author describes a fit of the multivariate classifier and the measurement of a

fiducial cross section which is the work of the author.

9. The author describes a fit of various kinematic variables and their unfolding for de-

tector effects. This chapter is largely the work of Benjamin Honan and Zhen Wang.

The author provided the estimate of the background arising from non-prompt pho-

tons from jets for this measurement and was responsible for implementing system-

atic variations in the analysis framework used. In addition the author defined the

fiducial volume and implemented the analysis RIVET routine to validate the fidu-

cial volume and to preserve the analysis.

10. The author discusses the results and highlights potential avenues of further investi-

gation.
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A Note on Units

Throughout this thesis ”natural” units are used where c = ~ = 1. As such energy, mo-

mentum and mass are all expressed in units of electron-volts (eV) instead of eV, eV/c, and

eV/c2.
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Chapter 1

Introduction

Science progresses as an interplay between theory and experiment. A mathematical

model makes some predictions about how nature behaves and an experiment tests these

predictions and establishes the range of their validity. In turn, new theories are developed

to revise the old, or at least expand the old theory range of validity.

The current understanding of nature at the subatomic scale is codified in the Stan-

dard Model of particle physics. This mathematical model describes the fundamental con-

stituents of matter and how they interact. To date, it has proven remarkably successful

under rigorous test; yet, the Standard Model is known to be incomplete. For example, it

does not explain the preponderance of matter in our universe when an equal amount of

matter and antimatter is understood to have existed at the beginning of the universe, nor

does it explain the nature of dark matter, or the observed non-zero neutrino masses.

These shortcomings of the Standard Model demand that experimentalists continue to

test the Standard Model in order to understand its range of validity and limits. To do

this, experimental measurements must be performed and compared with the predictions

of the Standard Model.

The work presented in this thesis constitutes a test of the validity of the Standard

Model. The rate of occurrence of an extremely rare subatomic process is studied. Rare

subatomic processes take place in proton-proton collisions produced by the highest en-
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ergy collider in the world, the Large Hadron Collider (LHC) at the CERN laboratory.

The work presented in this thesis is an analysis of data from the ATLAS detector, which

records the energy and direction of particles produced in these proton-proton collisions.

The subatomic process of interest is the production through the weak force of two

elementary particles, called a W boson and a photon, along with two sets of fragments

originating from each of the initial protons that collided. To identify these rare events

from the large background a machine learning approach is developed. The success of

the measurement relies on the ability to precisely predict the yield of different sources

of background, even when the background is difficult to mathematically model. A data

driven technique was developed to estimate the large background from misidentified

photons.

A statistical significance compatible with observation of the process of interest is ob-

tained. Fiducial and differential production cross sections are also measured in this work.

The measurements are statistically compatible with the Standard Model predictions. The

differential cross section measurements can be used in the future to search for new physics

phenomena.
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Chapter 2

Theoretical Background and Review of

Relevant Literature

In this Chapter, a brief overview of the theory relevant to the analysis presented in this

thesis is given. Shortcomings of the Standard Model are discussed as well as a potential

use of the measurement presented in this thesis to search for beyond Standard Model

physics. A review of relevant literature also presented.

2.1 The Standard Model

The Standard Model [1] is a quantum field theory that describes all of the experimentally

observed particles and their interactions under three forces: the strong force, which binds

protons and neutrons in the nucleus; the electromagnetic force which binds electrons to

atoms; and the weak force that is responsible for weak decays. For a complete description

of the Standard Model, the reader is referred to [1]. A brief, qualitative overview is given

here.

The Standard Model is described by a Lagrangian density function and has 19 free

parameters that must be determined by experiments. In addition, the Standard Model

obeys local symmetries U(1)Y , SU(2)L, and SU(3)C which come with conserved charges
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hypercharge Y , weak isospin T , and color C, respectively. The better known electric

charge Q is related to hypercharge and weak isospin by the Gellmann-Nishijima formula

Q = T3 + Y
2

where T3 denotes the third component of isospin. Elementary particles of the

Standard Model can be classified according to the values of their charges.

2.1.1 Elementary Particles and Interactions

The particles of the Standard Model consist of spin-1/2 “fermions”, integer spin “gauge

bosons” and the Higgs Boson, which has spin 0. The fermions can be further classified

into two categories: quarks and leptons. Quarks and leptons come in three generations,

which differ by their masses. Note also that for each fermion, there exists a charge conju-

gate antiparticle. In this thesis, when a particle is referred to, its charge conjugate state is

implied.

The three generations of charged leptons are the electron (e−), the muon (µ−) and the

tau lepton (τ−) which interact via the electromagnetic force and the weak force. With

each charged lepton comes a corresponding neutrino, νe, νµ and ντ . The neutrino carries

no electric charge and only interacts via the weak interaction.

Quarks carry color charge, weak isospin and a fractional electric charge (+2/3 or -1/3).

The six quarks are the up (u), down (d), charm (c), strange (s), top (t) and bottom (b). Like

the leptons, each flavor of quark comes with an antiparticle of opposite charge (ū, d̄, c̄, s̄,

t̄, b̄). As carriers of weak isospin and electric charge, quarks interact with leptons via the

electromagnetic and weak force. As carriers of color charge, quarks also interact with one

another by way of the strong force, and bound states of quarks are possible. However,

only colorless states are observed in nature. This “color confinement” results in quarks

forming colorless hadrons, which are either mesons (a quark-antiquark pair) or baryons

(three quarks with a total color charge of 0). For example, protons are a bound state of

two up quarks and a down quark.

The spin 1 “gauge bosons” are the force carriers that mediate the electromagnetic,

weak, and strong interactions. The weak interaction is mediated by the massive W±
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and Z bosons. The electromagnetic interaction between charged particles is mediated by

the massless photon (γ). At energies far above the mass scale of the weak interaction

(O(100 GeV)) the W and Z masses are negligible and the electromagnetic and weak forces

are indistinguishable. These energies are far beyond the energy probed in the analysis

presented in this thesis. At lower energies the electromagnetic and weak forces behave

differently due to a mechanism called electroweak symmetry breaking [1]. This mecha-

nism gives the W± and Z bosons non-zero mass. The strong interaction is mediated by

eight massless gluons (g). As the W± bosons are both electrically and weakly charged,

they can interact with themselves, with the photon, and with the Z boson as well as with

the leptons and quarks. Similarly, as the gluons carry color charge, they can interact with

themselves as well as with the quarks.

Finally there is the spin 0 Higgs boson. The Higgs boson is an excitation of the Higgs

field, which gives mass to the fundamental particles.

The elementary fermions and bosons described by the Standard Model are summa-

rized along with their basic properties in Tables 2.1 and 2.2, respectively.

Leptons (spin = 1/2)
Particle Mass Q [e] Particle Mass Q [e] Particle Mass Q[e]
e− 0.511 MeV - 1 µ− 105.7 MeV - 1 τ− 1.77 GeV - 1
νe < 2 eV 0 νµ < 0.19 MeV 0 ντ < 18.2 MeV 0

Quarks (spin = 1/2)
Particle Mass Q [e] Particle Mass Q [e] Particle Mass Q[e]

u 2.2 MeV + 2/3 c 1.28 GeV + 2/3 t 173.1 GeV + 2/3
d 4.7 MeV - 1/3 s 96 MeV - 1/3 b 4.18 GeV - 1/3

Table 2.1: Elementary fermions and their properties. Values are taken from [2].

Particle Mass Q [e] Spin
W± 80.38 GeV ± 1 1
Z 91.19 GeV 0 1
γ 0 0 1
g 0 0 1
H 125.09 GeV 0 0

Table 2.2: Elementary bosons and their properties. Values are taken from [2].
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Given the Standard Model Lagrangian, a prescription known as Feynman rules [3] can

be used to calculate a quantity called the matrix element, M, beginning with so-called

Feynman diagrams drawn using the allowed Standard Model interaction couplings. The

matrix element encodes the probability of a transition from an initial state to a final state

and can be used to calculate observable quantities such as interaction cross sections and

particle decay widths. The matrix element calculation involves a perturbative expansion

in a coupling constant which is truncated at a given order. Feynman diagrams repre-

senting possible interactions can be drawn for each order, with higher order correction

diagrams typically including internal loops which come with a suppression factor.

2.1.2 The Electroweak Production of a W Boson and a Photon in Asso-

ciation with Jets

The analysis described in this thesis seeks to measure the electroweak production cross

section of a W boson and a photon in association with two jets. At leading order, the Feyn-

man diagrams used to calculate the matrix element for this process include electroweak

couplings. Example diagrams of the electroweak production of a W boson and a photon

in association with jets are shown in Figure 2.1.

u γ
u

W+

u

d

d
W+d

(a)

u d

W+

u
d d

W+
W+

γ

(b)

u u

γ

W+

u d
W+

γ

(c)

Figure 2.1: Example Feynman diagrams for the electroweak production of a W boson and

a photon in association with two jets at leading order. Time flows from left to right.

Following the Feynman rules, each three particle vertex in the diagrams in Figure 2.1

comes with a factor of the relevant coupling while the quartic vertex comes with a factor
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of the relevant coupling squared in the rate of production. The signal process in this thesis

concerns diagrams with order αW +αEM = 4 at leading order where αW represents a cou-

pling characterizing an interaction that proceeds via the weak force and αEM represents

a coupling characterizing an interaction that proceeds via electromagnetic force. Note at

leading order there are no contributions from the strong coupling, αS . At next-to-leading

order, one can add diagrams with loops involving electroweak or strong vertices, and

additional factors of αS , αEM or αW can enter the calculation.

Note also that the process of interest is sensitive to both the triple gauge boson cou-

pling between two W bosons and a photon (Figure 2.1(b)) and the quartic gauge boson

coupling WWγγ (Figure 2.1(c)). The diagram including the WWγγ coupling is referred

to as the “vector boson scattering” diagram. The measurement in this thesis is designed

to be most sensitive to the vector boson scattering diagram by performing the analysis

in kinematic regions where this diagram is the dominant contribution to the process of

interest. The “vector boson scattering” diagram is highly sensitive to new physics.

2.1.3 The Strong Production of a W Boson and a Photon in Association

with Jets

The largest prompt background in this analysis arises from the production of a W boson

and a photon in association with two jets in which the strong interaction is involved.

Since the theory of the strong interaction is called Quantum Chromodynamics (QCD),

this background is referred to as the QCD production of a W boson and a photon in

association with two jets throughout the thesis. An example Feynman diagram of this

background, at leading order, is shown in Figure 2.2.

The cross section of this diagram is proportional to a factor of α2
S and a factor of α2

W .

At the energy scales probed at the LHC, αS is of order 10 times larger than αEM , and even

larger than αW . The rate of production of this background is therefore of order 100 times

larger than that of the reaction of interest.
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Figure 2.2: Example Feynman diagram for the QCD production of a W boson and a pho-

ton in association with two jets at leading order.

2.2 Physics at Hadron Colliders

Matrix elements are used to calculate interaction cross sections from initial state particles,

in the case quarks, to final state objects. At hadron colliders, initial state quarks come from

the colliding protons and the final state quarks undergo a process called hadronization.

The relevant aspects of physics at hadron colliders are briefly discussed here.

2.2.1 Hadronization

The value of the strong coupling constant decreases with the energy scale of the process

probed, Q, as shown by multiple experiments in Figure 2.3. At large Q, or small distance,

quarks and gluons behave as nearly free particles. This is referred to as “asymptotic free-

dom” as this behavior occurs as the value of the strong coupling constant asymptotically

vanishes. At low Q, or large distance, where the value of the strong coupling constant is

large, quarks bind together. If two quarks are pulled apart, the energy density between

them becomes so large that quark-antiquark pairs are created from vacuum to form lower

energy bound states. As a result of this hadronization process quarks are only observed

in bound states. This phenomena is known as “confinement” Due to hadronization and

confinement, in collider experiments, the presence of a parton (quark or gluon) in the fi-

nal state of a reaction is inferred from the production of collimated jets of hadrons whose

properties are correlated to the energy and direction of the original parton.
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Figure 2.3: The strong coupling constant as a function of the energy probed as measured

by various experiments [4]

2.2.2 Parton Distribution Functions

Protons consist of three valence quarks (uud) but also the gluons that bind the quarks to-

gether. These gluons can create quark-antiquark pairs called sea quarks. Thus in proton-

proton collisions, valence quarks, gluons, or sea quarks can interact. The probability that

a quark or gluon is contained in a proton at a given energy is given by a Parton Distribution

Function (PDF). An example Parton Distribution Function is shown in Figure 2.4. One can

see that at an energy scale of Q2 = 10 GeV2 and large values of the fraction of total proton

energy carried by a parton, x, the probability for a proton to contain an up or down quark

is the greatest, while at small x values the proton content is largely dominated by gluons.
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Figure 2.4: The NNPDF3.0 [5] proton parton distribution function at scale Q2 = 10 GeV2

[2]. The symbol x represents the fraction of the total proton energy carried by a parton.

The y-axis is the value of the parton distribution function multiplied by x.

2.2.3 Cross Sections in Proton-Proton Collisions

Given a matrix element describing the parton interactions of interest calculated using a

perturbative expansion in the strong coupling constant and the proton parton distribution

functions, the factorization theorem [3] may be used to calculate a cross section of interest

in proton-proton collisions.

The factorization theorem states that the total cross section for two hadrons with lon-

gitudinal momentum P1 and P2, can be computed using a weighted combination of the

relevant partonic cross section using:

σpp→X =
∑
i,j

∫ 1

0

dx1dx2fi(x1, µ
2
F )fj(x2, µ

2
F )σ̂(p1, p2, αs(µ

2
R), Q2/µ2v

R , Q
2/µ2

F ) (2.1)
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where i, j represent the different possible combinations of initial state partons, fi,j(x,Q2)

are the parton distribution functions, p1 = x1P1 and p2 = x2P2 are the momentum of

the two interacting partons and σ̂ is the parton cross section of the process of interest

as calculated from the matrix element. Infrared and ultraviolet divergences arise in the

calculation of the matrix element. These are dealt with by introducing a renormaliza-

tion scale (µR) and a factorization scale (µF ) as described in [3]. The parton distribution

functions and parton cross section is dependent on these scales unless the perturbative

expansion is carried out to all orders, which is not practical. For fixed order calculations,

the calculations are typically done by fixing µ = µF = µR = Q where Q is the energy scale

of the process of interest.

2.3 Beyond the Standard Model

The Standard Model describes interactions at hadron colliders remarkably well; however

it does not explain other observed phenomena. Below the shortcomings of the Standard

Model are briefly discussed. In addition a tool to use Standard Model measurements to

search for signs of beyond the Standard Model physics is outlined.

2.3.1 Standard Model Shortcomings

In the first section, the reader likely noticed that gravity is not mentioned among the

forces described by the Standard Model. As a quantum mechanical picture of gravity

does not exist, gravity is not included in the Standard Model. Several measurements

from astrophysics and cosmology suggest that the universe is made of mostly dark mat-

ter and dark energy which does not exist in the Standard Model. These measurements

suggest that the Standard Model only describes 5% of all the content in the universe. The

Standard Model also fails to describe the matter-antimatter asymmetry observed in the

universe. By Standard Model predictions, matter and antimatter should have been cre-

ated equally in the early universe and the annihilation of matter and antimatter should
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have left nothing but radiation, rather than the matter dominated universe observed to-

day.

The nature of neutrinos is not fully described by the Standard Model. In the Standard

Model, neutrinos are assumed to be massless, in direct conflict with recent observations

[6].

Another hint that the Standard Model may be incomplete is the so-called “Fine-Tuning”

problem [7]. The Higgs boson mass observed at the scale of 100 GeV is consistent with

the Standard Model only if the parameters of the Standard Model are such that higher

order contributions to the Higgs mass perfectly cancel. Many argue that this fine tuning

is unnatural and should not be required in a complete theory.

2.3.2 Standard Model Effective Field Theory

The many shortcomings of the Standard model and yet the lack of evidence for new

physics at hadron colliders motivate using Standard Model measurements, like that pre-

sented in this thesis, to indirectly search for new physics. This may be done using an

effective field theory.

In the Standard Model Lagrangian, all operators consistent with Standard Model sym-

metries are included up to dimension four. However one could continue to write down

higher order operators consistent with Standard Model symmetries, arriving at the Stan-

dard Model Effective Field Theory (SMEFT) [8] Lagrangian

LSMEFT = LSM +
inf∑
n=5

fn
Λn−4

On (2.2)

where fn are coupling constants, On are n-dimension operators with n > 4, and Λ is

an energy scale at which new physics appears, which is assumed to be greater than the

scale experimentally probed. In such a parameterization, new particles do not appear

explicitly, but their effect is indirectly incorporated in these higher order operators and in

anomalous values of Standard Model couplings.
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Both dimension 6 and dimension 8 SMEFT operators modify the couplings probed

in this thesis. Some dimension 6 operators violate charge parity conservation and may

modify distributions of azimuthal separation of the final state particles measured. Di-

mension 8 operators may modify the gauge boson quartic couplings and may result in

larger than expected cross sections in the tails of the dijet mass or diboson mass distribu-

tions of multiboson production processes.

2.4 Status and Prospects of Standard Model Multiboson

Measurements

Measurements of vector boson scattering and the electroweak production of gauge bosons

in association with jets have become possible thanks to the large data samples recorded

at the LHC. Vector boson scattering measurements join other multiboson measurements

as important tests of the Standard Model. Before the LHC, measurements of diboson pro-

duction were performed at the Large Electron Positron collider (LEP) [9] and at the Teva-

tron [10]. The LHC has made it possible to achieve more precise diboson measurements

such as those that have been performed by the ATLAS and CMS collaborations [11–24].

The large LHC data samples have made the study of triboson production possible for the

first time. Triboson production in many channels has been studied, including the produc-

tion of Wγγ and WWγ, which probe the same quartic gauge coupling as the production

of a W boson and a photon in association with jets [15, 25–28].

Many measurements of the electroweak production of gauge bosons in association

with jets have been performed since the beginning of LHC running [29–43]. The elec-

troweak production of a W boson and a photon in association with jets was first observed

and measured by CMS [43–45].

To date, no significant deviation from Standard Model predictions have been found

but collaboration between the experimental and theory communities have allowed for a

better understanding of the modelling of vector boson scattering processes [46].
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In absence of deviation from Standard Model predictions, multiboson measurements

have been used to set limits on the size of potential anomalous couplings using an effec-

tive field theory framework. Some channels have been used to set combined limits and

global combinations are foreseen in the near future.

The High Luminosity upgrade of the LHC (HL-LHC) will collide protons at
√
s =

14 TeV and with a projected peak luminosity of 7.5 · 1034 cm−2s−1. Increased statistics will

improve the precision of vector boson scattering measurements, which are often domi-

nated by statistical uncertainties. Upgraded detectors will allow for reduced experimen-

tal uncertainties. The prospects for vector boson scattering measurements at the HL-LHC

are outlined in [47] along with prospects for vector boson scattering measurements at

future colliders.
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Chapter 3

Experimental Setup

The analysis presented in this thesis is performed using 140 fb−1 of proton-proton col-

lision data at a center of mass energy
√
s = 13 TeV collected by the ATLAS detector.

The proton-proton collisions are provided by the Large Hadron Collider (LHC). In this

chapter, the LHC and the ATLAS detector are briefly described. Simulated proton-proton

collisions are used to interpret the data. The simulation of proton-proton collisions and

the simulation of the ATLAS detector are also discussed in this chapter.

3.1 The Large Hadron Collider

The CERN accelerator complex is shown in Figure 3.1. The Large Hadron Collider is

located inside an underground tunnel of 27 km circumference. The LHC uses radio fre-

quency cavities for proton acceleration and quadrupole and dipole magnets for focusing

and bending proton beams. Protons originate from the nuclei of hydrogen atoms in a

bottle. The hydrogen atoms are ionized in an electric field and the protons are sent to

LINAC2, a linear accelerator. After being accelerated to 50 MeV in LINAC2, the protons

are injected into the proton sychrotron booster which accelerates the protons to 1.4 GeV.

The protons are then injected into the proton sychrotron where they are accelerated to
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Figure 3.1: Schematic diagram representing the CERN accelerator complex [48].

25 GeV, then the super proton sychrotron (SPS) where they are accelerated to 450 GeV

before injection into the LHC. Finally the LHC accelerates the protons to 6.5 TeV.

During the acceleration protons are grouped into bunches using the procedure de-

scribed in [49]. In the dataset considered in this thesis, there is a bunch crossing, or

possibility of proton-proton collision, at most every 25 ns.

With knowledge of the proton bunch and beam parameters, the rate of opportunity

for proton-proton collision, or instantaneous luminosity, measured in units of b−1s−1 1

can be calculated as [49]

L =
N2
b nbfrevγr
4πεnβ∗

F (3.1)

where Nb and nb are, respectively, the number of protons per bunch and number of filled

bunches per beam, frev is the frequency of the beams circulation around the LHC ring

11 barn = 10−28 m2
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and γr is the relativistic Lorentz factor to account for protons travelling at a speed near

the speed of light. The beam emittance, εn, is a measure of the spread of the beams in the

plane transverse to the beam direction, β∗ is the beta function which parameterizes the

length of the beam in the longitudinal direction, and F is a factor accounting for the angle

at which two beams cross at the time of a collision. Instantaneous luminosity is one of the

parameters used to measure the performance of a particle collider.

Using the instantaneous luminosity, the number of events expected from a given physics

process in a given period of time can be calculated as

N = L × σ (3.2)

where σ is the cross section of the process expressed in units of barn (b), and L is the

integrated luminosity, defined as

L =

∫
Ldt (3.3)

where the time integral runs over the amount of time during which particle collisions

occur. The integrated luminosity is expressed in units of b−1 and provides a measure of

the total number of collisions produced over a period of time. The integrated luminosity

of the dataset used in this thesis is measured by detectors described in Section 3.2.4.

3.2 The ATLAS Detector

The ATLAS detector is a cylindrical multi-purpose detector located along the LHC. A

schematic drawing of the ATLAS detector is shown in Figure 3.2. The ATLAS detec-

tor was designed to enable a broad physics program, that includes the observation of

the Higgs boson, precision electroweak measurements and searches for new physics. To

achieve these goals, high detector granularity and hermiticity is paramount. The multiple

subsystems of the ATLAS detector are shown in Figure 3.2 and described in this section.
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Figure 3.2: Schematic drawing of the ATLAS detector with each detector subsystem indi-

cated [50].
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Figure 3.3: The ATLAS coordinate system [51].

The ATLAS coordinate system is shown in Figure 3.3. The interaction point where

proton beams collide is taken to be the origin of the coordinate system used to describe

the ATLAS detector. The detector is oriented such that the LHC beamline lies long the

z-axis while the x-axis points toward the center of the LHC ring and the y-axis points

upwards. The azimuthal angle φ, is defined from −π to π starting from the x-axis. The

polar angle θ, is defined from 0 to π starting from the positive z-axis. The detector is

31



approximately symmetric in φ and θ. Throughout this thesis, the variables rapidity and

pseudorapidity are used. Rapidity is defined as

y =
1

2
ln
E + pz
E − pz

(3.4)

whereE is the total energy of a particle and pz is the component of the particle momentum

in the z direction. The difference between rapidities of two particles is invariant with

respect to Lorentz boosts along the z-axis. This makes this quantity particularly useful in

a hadron collider where proton collisions rarely have their center of mass frame coincide

with the detector rest frame. Since rapidity can be hard to measure for highly relativistic

particles, in practice, pseudorapidity is used. Pseudorapidity is defined as

η = ln tan
θ

2
. (3.5)

For highly relativistic particles such as those produced in proton-proton collisions at the

LHC, pseudorapidity is a good approximation of rapidity.

In increasing radius, the ATLAS detector consists of an inner detector, electromagnetic

and hadronic calorimeters, and a muon spectrometer. The detector is segmented into a

cylindrical barrel section with detectors designed to detect particles with a large momen-

tum component transverse to the z-axis, and two wheel-shape endcaps designed to detect

particles with a large longitudinal momentum component.

3.2.1 The Inner Detector

The inner detector (ID) [52] comprises the detector subsystems closest to the interaction

point. The inner detector serves to precisely measure the trajectory of electrically charged

particles and, in doing so, provides a measurement of the particles momentum. The

reconstructed particle trajectories are used to identify whether a particle originated from
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a high momentum transfer collision, the hard scatter. Reconstructed trajectories, or tracks,

are also used for particle identification. Momentum and spatial resolution is paramount.

The inner detector consists of, in increasing radius, the insertable B-layer (IBL) [53],

the pixel detector [54], the silicon strip tracker (SCT) [52], and the transition radiation

tracker (TRT) [52]. A schematic of each inner detector subsystem and its radial posi-

tion is shown in Figure 3.4. The ID operates in a 2 T solenoidal magnetic field, enabling

the identification and momentum measurement of charged particles from the bending of

their tracks in the x−y plane. The ID is designed to accurately reconstruct the momentum

of charged particles down to 100 MeV. The momentum resolution is momentum depen-

dent and ranges from 1.6% for particles with transverse momentum below 5 GeV to 50%

in the TeV range [55].

Figure 3.4: Schematic diagram representing a cutaway view of the inner detector and its

subsystems: the IBL, pixel detector, silicon tracker and transition radiation tracker. Image

taken from [55].
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The Pixel Detector and Insertable B-Layer

The pixel detector provides up to three layers of charged particle hits. The pixel detector

is segmented into a barrel covering 0 < |z| < 400.5 mm and 50.5 < R < 122.5 mm and

two endcaps covering 495 < |z| < 650 mm and 88.8 < R < 149.6 mm. The barrel layers

are concentric around the beam pipe while each endcap layer is a disk in the x− y plane.

In both barrel and endcap, each pixel is a silicon p-n junction of 50× 400 µm. The spatial

resolution of charged particle hits is 10 µm in the R − φ plane and 115 µm along the

z-axis [52].

The insertable B-layer is an additional layer of silicon p-n junctions that was inserted

between the pixel detector and the beam pipe in 2014 before the beginning of Run 2. The

additional layer covers |z| < 332 mm and 31.0 < R < 40.0 mm and serves to increase

the ability of the inner detector to identify whether a particle originated in the hard scat-

ter and to protect the first layer of the pixel detector from radiation damage at Run 2

luminosity.

The Silicon Strip Tracker

A charged particle leaving the pixel detector will next traverse 4 or 9 layers of silicon

strip tracker (SCT) depending on its trajectory through the barrel or endcap region of this

subsystem. The charged particle crosses the first layer of the SCT at R = 299 mm and

leaves at R = 514 mm in the barrel, which covers 0 < |z| < 749 mm. In the endcap, the

charged particle crosses the first layer at |z| = 839 mm and the last at |z| = 2735 mm. The

endcaps cover 275 < R < 560 mm. Each SCT layer consists of one layer of silicon strips

aligned with the beamline and another offset by 40 µrad. The strip pitch is 80 µm.

In each layer, a position is recorded by fitting the pulse on the strips that record hits

above threshold. With the additional constraint that the line between two layers points to

the origin of the interaction, the spatial resolution of the SCT is 17 µm in the R − φ plane

in both the barrel and the endcap. The resolution in z in the barrel is 580 µm while the

resolution in R in the endcap is 580 µm.
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The Transition Radiation Tracker

The final and largest subsystem in the inner detector is the transition radiation tracker

(TRT) which covers 0 < |z| < 712 mm and 563 < R < 1066 mm in the barrel and 848 <

|z| < 2710 mm and 644 < R < 1004 mm in the endcaps. The TRT is composed of 4 mm

diameter drift tubes, or straws, filled with a xenon gas mixture and each constructed with

an anode wire in its center held at a voltage of 1.5 kV. A charged particle passing through

a straw ionizes the xenon gas mixture, and the resulting current produced by the drift of

ionization electrons and ions is read out on the anode wire as a hit.

The barrel segment of the TRT consists of 73 layers of 1.44 m long straws that run

parallel to the beam pipe. In the endcap, there are 160 layers of 37 cm long straws pointing

radially outwards from the beam pipe. A charged particle travelling through the TRT in

the barrel traverses on average 36 straws. The spatial resolution of the TRT is 130 µm in

R× φ in the barrel and 130 µm along the z-axis in the endcap.

The TRT provides additional information in the measurement of transition radiation

[56]. When a charged particle passes through the polypropylene fiber between the drift

tubes, it emits soft x-ray photons. The intensity of this so called transition radiation is

proportional to the particle’s Lorentz factor,

γ =
E

m
(3.6)

where E and m are the energy and mass of the charged particle traversing the TRT. The

transition radiation photons are absorbed by the xenon gas mixture inside the drift tubes

resulting in gas ionization of a greater magnitude than that generated by the passage of

a charged particle. This further aids in particle identification, principally to distinguish

electrons, which come with the most transition radiation due to their small mass, from

pions.
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3.2.2 Calorimeters

Moving radially outward from the interaction region, after the inner detector and the

solenoid magnet is the ATLAS calorimeter, schematically represented in Figure 3.5. The

ATLAS calorimeter is composed of the electromagnetic calorimeter, whose role is to mea-

sure the energy and position of electrons and photons, and the hadronic calorimeter,

whose role is to measure the energy and position of hadrons such as neutrons and pi-

ons.

Sampling calorimetry is employed for both the electromagnetic calorimeter and the

hadronic calorimeter. A sampling calorimeter consists of a dense absorber material, which

serves to break up a particle into a particle shower, interspersed with an active material

which serves to measure the energy of the shower. An electromagnetic shower is a cas-

cade of photons and electrons. In the dense absorber material, photons are radiated from

electrons as bremsstrahlung and photons convert into electron-positron pairs. The multi-

plication of electron-positron pairs over multiple layers gives the shower its namesake.

The ionization by the electrons of the active material in the electromagnetic calorimeter

provides the energy measurement. Hadronic showers consist of hadron production and

subsequent decays, including pion and muon decays. Neutral pions decay into two pho-

tons which create an electromagnetic component to the hadronic shower.

Both the electromagnetic and hadronic calorimeters have modules in the barrel and

endcaps, to measure the energy and position of particles with large transverse or longi-

tudinal momentum, respectively. For particles with a very large longitudinal component,

there is a special forward calorimeter located near the beam pipe which also uses sam-

pling calorimetry to detect electromagnetic and hadronic showers.

The Electromagnetic Calorimeter

The electromagnetic calorimeter [50] is composed of liquid argon (LAr) active layers and

lead absorber layers. A schematic diagram of a section of the barrel electromagnetic

calorimeter is shown in Figure 3.6. Charged particles from an electromagnetic shower
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Figure 3.5: Schematic diagram of the ATLAS calorimeter [50].

traversing the liquid argon gap produce ionization electrons. The ionization electrons

and positive ions drift under the influence of an electric field across the liquid argon gap.

This motion of charge induces a current on electrodes in the gap whose amplitude is

proportional to the amount of energy deposited. In the barrel, lead absorber layers and

copper electrodes are arranged in an accordion shape to provide full coverage in φ. The

degree of folding in the accordion shape is varied in η in order to keep the thickness of

the calorimeter, in terms of radiation length, constant across the barrel.

The electromagnetic calorimeter covers |η| < 1.475 in the barrel and 1.375 < |η| < 3.2

in the endcap. A gap exists between the barrel and the endcap which is used for the

cabling of the inner detector. This gap, at 1.37 < |η| < 1.52 is referred to as the crack

region and is excluded from the analysis. In the endcaps, the electromagnetic calorimeter

is segmented into an inner and outer wheel covering 2.5 < |η| < 3.2 and 1.37 < |η| < 2.5,

respectively. In the barrel, the electromagnetic calorimeter extends from R = 2.8 m to R =

4m and is segmented into three layers of decreasing granularity. From the first to the third
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layer, the granularity is η×φ = 0.0031×0.1, η×φ = 0.025×0.025 and η×φ = 0.05×0.025.

The electromagnetic calorimeter thickness is 22X0 in the barrel and 24X0 in the endcap,

where X0 represents the radiation length2. This thickness ensures that electromagnetic

showers originating from an electron or a photon are well-contained within the volume of

the electromagnetic calorimeter. The energy resolution of the electromagnetic calorimeter

is σ
E

= 10%√
E
⊕ c where c is 1-2% depending on η [57].

Figure 3.6: Schematic diagram of a section of the electromagnetic calorimeter showing

the geometry and granularity of each of the 3 layers in the barrel [58].

The Hadronic Calorimeter

The hadronic calorimeter [50] is composed of active layers of scintillating plastic tiles and

absorber layers of steel in the barrel. Charged particles in a hadronic shower produce

UV light in the scintillating tiles which is then carried by wavelength shifting fibers to
2The radiation length is the mean distance an electron travels in a material before losing all but 1/e of its

energy
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photomultiplier tubes. In the endcap, active layers of liquid argon are interspersed with

absorber layers of copper and the operating principal is the same as that of the electro-

magnetic calorimeter.

The hadronic calorimeter covers |η| < 1.7 and 2.28 < R < 4.25 m in the barrel and

1.7 < |η| < 3.2 and 0.475 < R < 2.03 m in the endcap. At η = 0 the hadronic calorimeter

thickness is 7.4λ0, where λ0 is the nuclear interaction length 3 ensuring that the hadronic

shower development is contained within the hadronic volume. The hadronic calorimeter

energy resolution is σ
E

= 52%√
E
⊕ 5.7% [59]. Not all of the energy of the hadronic shower is

detected within the hadronic calorimeter. Some charged particles from hadronic showers

end up being detected in the muon spectrometer located behind the hadronic calorimeter.

This ”punch through” is one of the many experimental systematic uncertainties in this

analysis, which are discussed in detail in Chapter 7.

The Forward Calorimeter

Particles very close to the beam pipe (3.1 < |η| < 4.9) interact with the forward calorime-

ter [50]. The forward calorimeter is composed of three layers, each 45 cm in length. The

first consists of liquid argon active layers, alternating with copper absorption plates. The

other two layers also use liquid argon active layers, but alternate with tungsten absorber

layers for their short interaction length. Each active layer consists of electrodes in the

shape of rods inserted into a matrix of round tubular holes running parallel to the beam

axis and filled with liquid argon. This unique geometry insures the full containment

of even the highest energy hadronic showers. The forward calorimeter provides good

hermiticity which is important, for example, for the precise calculation of missing mo-

mentum in a proton-proton collision.

3The nuclear interaction length λ0 is the mean free path a particle travels in a given material before
undergoing an inelastic nuclear interaction.
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3.2.3 The Muon Spectrometer

As muons are an important final state particle in many processes of interest that take

place in proton-proton collisions at energies probed at the LHC, the ATLAS detector

is equipped with a muon spectrometer [60]. Unlike electrons, photons that are largely

contained within the calorimeter system, muons lose a small amount of their energy to

bremsstrahlung which initiates electromagnetic showers. In addition, due to their large

mass, the bending radius of a muon in a magnetic field is much larger than that of an

electron. At large muon transverse momentum of the order 100 GeV, the lack of curva-

ture of muon trajectories in the inner detector degrades the muon transverse momentum

resolution of the inner detector [50]. To measure the momentum of high energy muons,

the muon spectrometer covers 5 < R < 10 m in the barrel and 7.4 < |z| < 21.5 m in the

endcap. The rapidity coverage of the muon spectrometer is |η| < 1.4 in the barrel and

1.6 < |η| < 2.7 in the endcap.

A schematic diagram of the muon spectrometer is shown in Figure 3.7. Four detector

technologies are used in the muon spectrometer. Monitored drift tubes (MDTs) and cath-

ode strip chambers (CSCs) are used for precision position measurements while resistive

plate chambers (RPCs) and thin gap chambers (TGCs) are used for triggering and for ad-

ditional position measurements for track reconstruction. Muons bend in the barrel in a

1 T magnetic field provided by a large barrel toroidal magnet and in the endcaps in a 0.5 T

magnetic field provided by two smaller endcap toroid magnets. This allows measurement

of muon momentum up to 1 TeV. The muon spectrometer is capable of measuring muon

momentum down to a transverse momentum of 3 GeV. In combination with the inner

detector, muon momentum resolution is better than 3% for a large transverse momentum

range and 10% at 1 TeV [61].

Monitored Drift Tubes

Monitored drift tubes are aluminum cathode tubes of 30 mm diameter filled with a 93%-

7% argon-CO2 mixture. A tungsten-rhenium anode wire runs down the center of each
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Figure 3.7: Schematic diagram of the ATLAS muon spectrometer [50]. Not shown on the

diagram is the first station of Thin-Gap Chambers located on small endcap wheels.

tube and is held at a potential of 3080 V. A muon passing through an MDT ionizes the gas

and the subsequent movement of free electrons in the large electric field induces a current

on the anode wire which is read out as a signal. The maximum ionization drift time of

monitored drift tubes is about 700ns.

MDTs are arranged into multilayers of three or four tubes. Two multilayers make up a

chamber. Chambers are arranged into three cylindrical layers in the barrel and four layers

in each endcap. The single-hit spatial resolution, averaged over all drift tube chambers is

about 80 µm [62].

Cathode Strip Chambers

The cathode strip chambers are located in the endcap of the ATLAS detector from η = 2.0

to η = 2.7 and must cope with a much higher particle flux than the MDTs. The CSCs are
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arranged into two wheels of 8 chambers each. Each chamber is a multi-wire proportional

chamber with wires oriented radially out from the beam axis and cathodes segmented

into readout strips. The chambers are filled with an argon-CO2 mixture and the anode

wires are held at a potential of 1.9 kV. The spatial resolution of the CSCs is 60 µm per CSC

plane.

Resistive Plate Chambers

RPCs are parallel electrode plates operated at a voltage of 9.8 kV. The chambers are filled

with a 94.7%-5%-0.3% mixture of C2H2F4-Iso-C4H10-SF6 gas. The RPCs are segmented

into stations of two chambers. There are three concentric layers of stations in the barrel. A

hit coincidence requirement is used as a trigger. While the RPCs have a spatial resolution

limited to 1 cm by the electrode strip pitch, they have an excellent timing resolution of 1.5

ns and are therefore excellent systems to use in triggering.

Thin Gap Chambers

Thin Gap Chambers are multiwire proportional chambers. Copper strips and pad elec-

trodes sit 2.8 mm apart. Anode wires separated by 1.8 mm and oriented radially lie be-

tween the cathodes and are held at an operating voltage of 3.1 kV. The chambers are filled

with a 55%-45% mixture of CO2 and n-pentane. The TGCs are arranged in four stations

in each endcap of the ATLAS detector. The second station has three layers of TGCs while

the remaining three have two layers of TGCs. The TGCs provide an azimuthal angular

resolution of 2-3 mrad. A timing resolution of better than 25 ns allows them to serve as a

trigger in the muon spectrometer endcap.

3.2.4 Luminosity Detectors

The luminosity recorded by the ATLAS detector is measured using the LUCID (Lumi-

nosity measurement with a Cherenkov Integrating Detector) detector [63] and the BCM
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(Beam Conditions Monitor) [64]. Each detector provides an independent measurement of

luminosity, and the combination of the two measurements is used to reduce uncertainty.

The LUCID detector is made of 16 photomultiplier tubes (PMT) located at |z| = 17 m from

the interaction point. Cherenkov photons are produced in quartz windows on the PMTs.

The BCM consists of four diamond sensors located at |z| = 184 mm and R = 55 mm with

two sensors oriented along the y-axis and two sensors oriented along the z-axis.

The luminosity produced by a single pair of colliding proton bunches is

L =
µfr
σinel

(3.7)

where µ is the average number of inelastic interactions per bunch crossing, fr is the LHC

bunch revolution frequency, and σinel is the reference cross section for inelastic proton-

proton collisions. Several algorithms can be used for each luminosity detector to go from

a number of hits to a luminosity measurement. For example, assuming the number of

inelastic proton-proton interactions in a bunch crossing follows a Poisson distribution,

the probability of a signal above threshold in one PMT of the LUCID detector is

Phit =
Nhit

NBC

= 1− e−µvis (3.8)

where Nhit is the number of hits above threshold, NBC is the number of proton-proton

bunch crossings sampled, and µvis = εµ where ε is the efficiency of the PMT. The quantity

σinel is determined by ”van der Meer” scans [65] performed at low luminosity. During

Run 2, the LHC provided 156 fb−1 of integrated luminosity. Of this total, 140 fb−1 of

proton-proton collisions were recorded by ATLAS. The uncertainty on the luminosity

measurement in LHC Run 2 is 0.8% [66]. The dominant source of uncertainty arises from

the extrapolation from the low luminosity regime where the ”van der Meer” scans are

performed to the high luminosity data taking regime.
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3.2.5 The ATLAS Trigger

Proton bunches in the LHC cross at most every 25 ns, corresponding to an event rate of

40 MHz. Available readout bandwidth and data storage prevents recording data from

each collision. Thus a trigger system is employed to select data in only potentially inter-

esting events. The trigger is segmented into a Level-1 (L1) system which selects events

at a rate of up to 100 kHz followed by a high level trigger (HLT) which selects events at

a rate of up 1.5 kHz. The L1 trigger is implemented on custom hardware while the HLT

is implemented on commercial off-the-shelf components. If the rate of events passing

requirements for the L1 or HLT is higher, a prescale factor is applied to reduce the rate

down to these specifications.

The L1 trigger relies on limited granularity information from the calorimeters and

muon detectors. In the calorimeters, trigger towers of granularity ∆η × ∆φ = (0.1 × 0.1)

along constant η lines are the basic elements used for event selection. Different clustering

algorithms for jets, electrons and photons, and taus are used to define regions of inter-

est (ROIs) in the detector volume. The coordinates of the identified regions of interest

satisfying a minimum energy threshold are sent to the high level trigger. The informa-

tion used from the muon spectrometer are hits in the RPCs and TGCs. Event information

from events with coinciding hits satisfying a minimum transverse momentum threshold

are passed to the HLT.

The HLT runs more complex object reconstruction based on the full detector granu-

larity. The HLT reconstructs only fractions of the detector based on the regions of interest

identified by the L1 trigger. In addition, for computationally intensive reconstruction

tasks, dedicated algorithms that are less computationally intensive then those used for

offline event reconstruction are used at trigger level. This allows the HLT to keep up with

the rate of events delivered by the L1 trigger. The HLT processes events within 200 µs of

the bunch crossing. Collision events can then be selected based on predefined sets of cri-

teria based on different combinations of detector patterns reconstructed by the L1 trigger

and the HLT.
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3.3 Event and Detector Simulation

The analysis and interpretation of LHC data requires the ability to simulate proton-proton

collisions and the ATLAS detector response. The basic ingredients of event and detector

simulation are discussed here.

3.3.1 Event Simulation

The first step in generating simulated events of proton-proton collisions is the compu-

tation of the matrix element, which relates the initial state and the final state of a scat-

tering process. This is done to some order in perturbative quantum chromodynamics

(QCD), i.e. leading order (LO) or next-to-leading order (NLO). The matrix element cal-

culation involves a complex integration, so the use of Monte Carlo methods are essential.

Along with the matrix element, the distribution of parton momentum inside the colliding

protons (PDFs) are needed in order to calculate scattering cross sections as discussed in

Chapter 2.

The output of event generators is a list of final state particles and their four-vector. This

information is interfaced to simulation packages designed to simulate the parton shower-

ing and hadronization processes. These packages use parameterized models tuned to real

data collected at different particle colliders. The partons that take part in the hard scatter

emit gluons which can further emit gluons. This process is called the parton shower and

is also simulated. Due to confinement, partons hadronize to form jets. The hadronization

itself must be simulated. The partons that do not take part in the hard scatter, i.e. the pro-

ton remnant, may also interact in elastic or inelastic collisions. These processes forming

the so-called underlying event must also be simulated.

Parton distribution functions as well as inputs to parton shower and hadronization

models include many free parameters. These free parameters are determined from ex-

perimental measurements. Collaborations, like NNPDF [5], derive parton distribution

functions (PDF) from comparisons of theoretical predictions to experimental results.
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A table of the event generators, PDFs, parton shower and hadronization packages,

and parameter sets used to simulate different processes used in this thesis are shown in

Appendix A. In some cases multiple event generators which are interfaced to different

hadronization or showering algorithms are available.

3.3.2 Pileup

In addition to events coming from the proton-proton collision that includes the hard scat-

ter, different proton-proton interactions can simultaneously occur in the same proton-

proton bunch crossing. This pileup is quantified by the number of inelastic collisions in a

bunch crossing µ and is measured using the ATLAS minimum bias trigger. The average

of that quantity over all proton bunches is quantified by 〈µ〉. This quantifies the average

number of expected proton-proton collisions per bunch crossing. Pileup is simulated by

overlaying the simulated hard scatter with enough simulated minimum bias events to

reproduce the observed 〈µ〉. Minimum bias interactions refer to any possible inelastic in-

teractions between protons that satisfy the most inclusive and least biased trigger criteria

defined during data taking. The pileup distribution 〈µ〉 is reweighted to match the 〈µ〉 of

the recorded dataset.

3.3.3 Detector Response

The output of the simulation of individual proton bunch crossings consists of the mo-

mentum 4-vector of all particles generated through the different phases of the simula-

tion chain (proton-proton interaction, underlying event and pileup). These momentum

4-vectors and particle types are then passed to the GEANT4 [67] package to simulate the

ATLAS detector response. The detector geometry, materials and electric and magnetic

fields are included in the GEANT4 model of the ATLAS detector. Physics processes such

as ionization, transition radiation, scintillation, electromagnetic and hadronic showering

are simulated. The result is detector output that is in the same format as real data. The

46



same reconstruction algorithms as well as particle and event selection can then be run on

simulated physics samples as is run on real data. This way simulation and data can be

compared. In the next chapter, event reconstruction algorithms and event selection are

discussed.
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Chapter 4

Event Reconstruction and Selection

In this Chapter the reconstruction of photons, leptons, and jets from raw detector signals

are described. The selection of events with specific kinematic properties defining a signal

enriched data sample is also described.

In the process of interest studied in this thesis, a W boson and a photon are each ra-

diated from the constituent quarks of two protons and scatter off one another as shown

in Figure 2.1c. The W boson then promptly decays into a lepton and a neutrino. The

expected reconstructed event signature in the detector consists of at least two jets, or

collimated sprays of hadronic particles, a photon, either an electron or a muon, and an

imbalance of momentum in the transverse plane associated with the production of an un-

detected neutrino. Event signatures with an electron or positron are hereforward referred

to as belonging to the electron channel, while those with a muon or antimuon are referred

to as belonging to the muon channel. Signal events are further characterized as having

two very high energy forward jets and a centrally produced W and photon system. An

event display of a candidate signal like event is shown in Figure 4.1.
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Figure 4.1: Computer reconstruction of a candidate signal event. The event features two

forward jets, a muon (indicated in red), a photon (indicated in green), and an imbalance

of momentum in the transverse plane (indicated by the dotted line).

4.1 Data Quality and Trigger Requirements

Only data satisfying basic data quality requirements are used in this analysis. The data

is required to have been recorded when the ATLAS detector was fully operational, all

detector subsystems were calibrated and the trigger and data acquisition systems were

functional. The full list of data quality requirements is described in [68]. For an event to

be considered, it must pass a single lepton trigger. Single lepton triggers require that an

event contained an electron or a muon satisfying a transverse momentum requirement

and an identification and isolation requirement. Multiple triggers are used, each with dif-

ferent transverse momentum, identification and identification requirements, depending

on the run period. The trigger requirements are summarized in Table 4.1. The raw data

from all events satisfying at least one of the single lepton triggers, about 2.9 billion events,

are then processed to to identify different types of final state objects.
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Channel Run Period pT Identification Isolation

Electron

2015
24 GeV Medium None
60 GeV Medium None

120 GeV Loose None

2016-2018
26 GeV Tight None
60 GeV Medium None

120 GeV Loose None

Muon
2015 20 GeV None Loose

50 GeV None None

2016-2018 26 GeV None Medium
50 GeV None None

Table 4.1: Summary of transverse momentum, identification and isolation requirements

for each trigger used in the analysis. For an event to be considered in the analysis, it must

satisfy the requirements of at least one trigger.

4.2 Photons

A schematic diagram depicting the expected detector signature from a photon is shown

in Figure 4.2. Photons are reconstructed from localized clusters of energy deposited in

the electromagnetic calorimeter. Since they do not carry an electric charge, photons do

not generate hits in the inner detector. Their trajectory is inferred from the position of

the reconstructed energy cluster in the calorimeter. A photon travelling through the inner

detector can interact with material in the inner detector and convert into an electron-

positron pair. In this case inner detector tracks from the electron and positron can be used

in photon reconstruction.

The localized clusters of energy deposited are identified using an algorithm with a

sliding window in the η − φ plane of size 3 × 5 in units of calorimeter cells [69] in the

2nd layer of the electromagnetic calorimeter where the photon deposits most of its energy.

Neighboring cells with a combined total energy greater than 2.5 GeV become photon

candidate energy clusters.

A photon candidate energy cluster only has a matching track in the inner detector if it

has converted into an electron-positron pair. In this case a conversion vertex reconstruc-

tion algorithm is used with tracks that are loosely matched to the calorimeter cluster as in-
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Figure 4.2: Schematic drawing of signals left by various particles in different layers of the

ATLAS detector [70].

puts. In some cases where a calorimeter cluster belongs to a converted photon candidate

track and an electron candidate track, an ambiguity removal algorithm is applied [69].

Once energy clusters in the electromagnetic calorimeter are identified, additional cri-

teria are used to identify electromagnetic showers most likely originating from the pas-

sage of photons through the electromagnetic calorimeter. Photon identification quality is

based on nine different variables that parameterize the shape of the reconstructed shower

in the electromagnetic (EM) calorimeter. The cuts on these values are dependent on the

cluster transverse energy, η, and whether the photon is converted or not. The variable

definitions are given below, as well as the cut used to determine if a candidate passes or

fails the cut for unconverted photon candidates with 25 GeV < ET < 30 GeV and η < 0.6:

• Rhad: The ratio of transverse energy deposited in the first layer of the hadronic

calorimeter to the cluster transverse enerty. Rhad < 0.042.
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• Rη: Ratio of energy measured in a 3×7 cell area in η×φ around the photon candidate

to the energy measured in a 7× 7 cell area in η × φ around the photon candidate in

the middle layer of the EM calorimeter. Rη > 0.920.

• Rφ: Ratio of energy measured in a 3×3 cell area in η×φ around the photon candidate

to the energy measured in a 7× 3 cell area in η × φ around the photon candidate in

the middle layer of the EM calorimeter. Rφ > 0.935.

• wη2 : Energy weighted lateral shower width in the middle layer of the EM calorime-

ter in units of pseudorapidity. wη2 < 0.0115.

• ws3: Energy weighted lateral shower width in the first layer of the EM calorimeter,

in units of cells, calculated from energy deposited in three strips around the strip

with the highest energy. ws3 < 0.692.

• wstot : Energy weighted lateral shower width in the first layer of the EM calorimeter,

in units of cells, calculated from energy deposited in 20 strips around the strip with

the highest energy. wtot < 3.71.

• Fside: The fraction of energy outside the three central strips, but within 7 strips.

Fside < 0.305.

• ∆E: The difference in energy between the strip with the second largest energy de-

posited and the strip with the smallest energy deposit between the two leading

strips. ∆E < 239 MeV.

• Eratio : The ratio of the energy difference between the largest and second largest

energy deposits over the sum of these energies Eratio > 0.82.

A signal photon in this analysis is a photon that passes transverse momentum and

pseudorapidity dependent cuts on all 9 of the shower shape variables above. A candi-

date signal photon satisfying all these conditions is referred to as a tight photon. The tight
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Figure 4.3: Efficiencies of the tight photon identification definition for unconverted (left)

and converted (right) photons. The ratio of data to simulation efficiencies used as a cor-

rection scale factor is also shown. The “Matrix method”, “Radiative Z” and “Electron

extrapolation” refer to three different independent methods of assessing the identifica-

tion efficiency. These plots are taken from [69].

identification requirement selects narrow clusters of energy that are characteristic of pho-

tons. The tight photon identification efficiency for unconverted and converted photon is

shown in Figure 4.3.

In addition to tight photons, non-tight photons are also used in the estimation of the

background due to non-prompt photons from jets described in Section 5.1. The non-tight

working points are defined as electromagnetic clusters that are allowed to fail at least one

of a subset of the tight selection criteria cuts. The subsets of the different non-tight working

points are listed below:

• Loose’2: ws3, Fside

• Loose’3: ws3, Fside,∆E

• Loose’4: ws4, Fside,∆E,Eratio

• Loose’5: ws4, Fside,∆E,Eratio, wtot
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The Loose’4 working point is used to define the default non-prompt photon enriched

control region in Section 5.1. The non-tight working points allow for no overlap with the

tight photon sample. Even with the tight requirement, hadronic jets may be occasion-

ally misidentified as photons. In addition photons not originating from the hard scatter,

such as photons from neutral pion decays may be classified as tight photons. To further

distinguish signal photons from photons from jets or hadrons, the photon candidate is

additionally required to be isolated.

An illustration of photon isolation energy can be seen in Figure 4.4. The raw isolation

energy, Econe40
T,raw , is the sum of transverse energy clusters in the calorimeter located within

a distance of ∆R = 0.41 from the photon candidate as found by the sliding window algo-

rithm introduced above. The photon energy (ET,core) is subtracted from the raw isolation

energy by subtracting the energy contained in a ∆η×∆φ = 5×7 rectangle around the cen-

ter of the photon cluster. As the photon energy may not be contained in this 5×7 window,

a transverse momentum and η dependent leakage correction is applied. An η dependent

average pileup contribution is also subtracted from the raw isolation energy [69]. The

photon calorimeter isolation is then expressed

Econe40
T = Econe40

T,raw − ET,core − ET,leakage(ET , η)− ET,pile−up(η) (4.1)

where Econe40
T,raw is the sum of transverse energy in a distance ∆R = 0.4 from the photon

center, ET,core is the sum of transverse energy in the η × φ = 5 × 7 window, and ET,leakage

and ET,pile−up are the leakage and pileup corrections, respectively.

An isolated photon is defined as a photon candidate satisfying the condition

Econe40
T < 0.022 Eγ

T + 2.45. (4.2)

The isolation requirement is of the form XET+ Y as at lower transverse momentum, the

rate of background processes is higher. The values of X and Y were chosen to optimize

1∆R =
√

(∆φ)2 + (∆η)2
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Figure 4.4: An illustration of photon isolation energy. The isolation energy is defined as

the sum of energy deposited in a cone of ∆R < 0.4 around a photon candidate minus the

sum of energy in a 5 × 7 cell window. Additional corrections for photon energy leakage

and pileup are applied.

signal efficiency for identifying photons originating from Higgs boson decays and rejec-

tion of jet misreconstructed as photons.

In summary, photons in this analysis are defined by clusters of energy in the electro-

magnetic calorimeter. Photons can be either “unconverted”, if they are not matched to

tracks in the ID, or “converted” if one or two tracks point back to the proton-proton colli-

sion. A signal photon is defined to be a tight and isolated photon. For simulated events,

scale factors are used to match the efficiency of photon identification and isolation cuts

between data and simulation.

4.3 Electrons

Electrons are reconstructed as a cluster of energy deposited in the electromagnetic calorime-

ter, similar to that from a photon, but with matching tracks that point back to the origin

of the proton-proton collision as can be seen in Figure 4.2. Thus electron reconstruction

relies on two intermediate objects in addition to clusters in the calorimeter: tracks in the

inner detector and the object point of origin, or the vertex.
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The first step in track reconstruction is clustering pixels or strips that record energy

deposited above a threshold in the pixel tracker and SCT, respectively. Three resulting

space points are used to seed a track which is extrapolated using a Kalman filter [71].

Track candidates are then removed against one another using a score based on the number

of hits and the χ2 fit of the track. Tracks with pT > 400 MeV and at least 7 space points

within |η| < 2.5 are kept.

Tracks are then matched to a reconstructed origin of the proton-proton collision, called

a vertex. Vertices are reconstructed using only high quality tracks to ensure good spatial

resolution. The definition of high quality tracks as well as a description of the vertex

finding and fitting procedure is given in [72]. The vertex made up of tracks with the

highest total transverse momentum is taken as the primary vertex in the event.

A candidate electron consists of a cluster of energy in the electromagnetic calorimeter

that is matched to a track that points back to the primary vertex. This association of tracks

with a primary vertex is quantified with cuts on the transverse impact parameter and the

longitudinal impact parameter. The transverse impact parameter is defined as |d0/σd0|,

where d0 is the shortest distance between the track and the primary vertex in the trans-

verse plane and σd0 is the uncertainty on d0. The longitudinal impact parameter is defined

as |z0sinθ|where z0 is the shortest distance between the track and the primary vertex pro-

jected on the z-axis. A signal electron is required to have a transverse impact parameter

less than 5 and a longitudinal impact parameter less than 0.5 mm. Similarly to photons,

additional requirements are applied to select good signal electrons [69]. The identifica-

tion of electrons is defined using a likelihood discriminant based on track quality, track to

cluster matching, detection of transition radiation in the TRT, and the reconstructed elec-

tromagnetic shower shape. The isolation requirement is Econe20
T < 0.06 pT where Econe20

T is

defined similarly to Econe40
T as described above, but with a cone size of ∆R = 0.2. There is

an additional isolation requirement on the electron track: pcone30
T < 0.06 pT where pcone30

T is

the sum of the transverse momentum of tracks in a cone of ∆R = 0.3 around the electron

candidate track. Tight and isolated electrons are used as signal electrons in this analysis,
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but these cuts are inverted for background estimates discussed in Sections 5.2 and 5.3.

Again, scale factors are used to match the efficiency of isolation, identification and trigger

requirements for electrons between data and simulation.

4.4 Muons

Muons are identified as a track reconstructed in the inner detector matched, in η−φ, with

a track reconstructed in the muon spectrometer. In the muon spectrometer, each detector

subsystem (i.e. MDTs, CSCs, TGCs, RPCs) has a dedicated algorithm to produce track

segments. Track segments that are matched to the interaction point are then combined,

forming muon spectrometer track candidates. A muon track candidate must have at least

two track segments in the barrel or one track segment in the endcap.

A combined muon track can be formed by fitting the combined hits from the inner

detector and the muon spectrometer. Since the muon spectrometer and the inner detector

do not have full coverage in η, multiple muon reconstruction algorithms are considered

to recover efficiency [61].

The requirements on the muon transverse and longitudinal impact parameters are

|d0/σd0| < 3 and |z0sinθ| < 0.5 mm, respectively. Track information is used to define isola-

tion and identification working points [61]. The particle flow algorithm is used for muon

isolation, and combines track and calorimeter information. An isolated muon candidate

satisfies pcone30
T + 0.4EN < 0.045pT where EN is a measure of energy from neutral energy

flow objects in the calorimeter. Muon isolation is described in detail in [73]. Signal muons

are required to be tight and isolated. For background estimates discussed in Section 5.3

the identification, isolation, and impact parameter cuts are inverted. Scale factors are

used to match the efficiency of muon isolation, identification and trigger cuts in data and

simulation.
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4.5 Jets

Both inner detector track information and energy deposited in the calorimeter are used

in jet reconstruction. Energy deposited in neighboring cells above a specified signal-to-

noise ratio in the hadronic calorimeter are combined to form clusters [74]. These energy

clusters are combined using the anti-kt algorithm [75]. The anti-kt algorithm compares

the distance, dij , between two energy clusters

dij = min(k−2
T,i, k

−2
T,j)

∆ij

R
(4.3)

with the distance between the energy cluster and the jet axis, di,B. The quantity kT,i is the

transverse energy of cluster i, and ∆2
ij = (ηi − ηj)2 + (φi − φj)2 is the geometrical distance

between clusters in η × φ. If di,B > dij , cluster i is merged into a jet, otherwise, cluster i

forms a new jet.

Jet energy clusters are then combined with tracks using the particle-flow algorithm

[76]. The leading transverse momentum track is matched to a jet energy cluster in the

calorimeter. The expected energy in the calorimeter deposited by the particle that created

the track is calculated from the track momentum and the position of the cluster. Based

on this calculation, energy clusters are combined until the energy cluster matches the

expected energy. The particle flow algorithm is then applied to the remaining tracks and

calorimeter clusters in order of decreasing track transverse momentum.

4.6 Missing Transverse Energy

The transverse energy of neutrinos can be inferred using conservation of momentum in

the transverse plane. The missing transverse energy, Emiss
T , is defined as

Emiss
T =

√
(Emiss

x )2 + (Emiss
y )2. (4.4)
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The quantities Emiss
x and Emiss

y are defined as the magnitude of the negative vector

sum of the reconstructed objects in the event projected on to the x or y axis. Included

in the reconstructed objects are tracks that are matched to the primary vertex but not

matched to reconstructed particles such as photons, electrons, muons or jets.

4.7 Object Overlap Removal

It is possible for detector signals to be used in the reconstruction of more than one object

(e.g. photons, electrons, muons and jets). To avoid this, an object overlap removal proce-

dure is applied. The following requirements are applied in the order they are described.

• If two electron candidates reconstructed in the electromagnetic calorimeter share

the same track, the electron candidate with the lower transverse momentum is dis-

carded.

• If a muon candidate reconstructed in the calorimeter shares a track with an electron,

the muon is discarded.

• If a muon reconstructed in the muon spectrometer shares a track with an electron

candidate reconstructed in the electromagnetic calorimeter, the electron candidate

is discarded.

• Photon candidates reconstructed within ∆R =
√

∆φ2 + ∆η2 < 0.4 of electron and

muon candidates are discarded.

• Jet candidates reconstructed within ∆R < 0.2 of an electron candidate are discarded.

• Electron candidates reconstructed within ∆R < 0.4 of remaining jet candidates are

discarded.

• Jets reconstructed within ∆R < 0.2 of a muon candidate are discarded.
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• Muon candidates reconstructed within ∆R < 0.4 of remaining jet candidates are

discarded.

• Photons candidates reconstructed within ∆R < 0.4 of remaining jet candidates are

discarded.

4.8 Event Selection

With the basic analysis objects defined, various criteria are applied to the events in the

dataset in order to select events with kinematic characteristics expected from the physics

reaction of interest.

First, events are required to contain at least one reconstructed vertex. In events with

greater than one reconstructed vertex, the primary vertex is taken as the vertex with the

highest sum of track transverse momentum. The event is required to contain at least 2

jets with transverse momentum greater than 50 GeV and |η| < 4.4. The large jet trans-

verse momentum requirement limits the background from jets originating from another

proton-proton collision. At least one photon with |η| < 2.37 and transverse momentum

greater than 22 GeV is required. Both of these cuts suppress the background originat-

ing from hadrons misreconstructed as photons. The finely segmented first layer of the

electromagnetic calorimeter does not cover beyond |η| = 2.37 and the fraction of photons

originating from misreconstructed hadrons is greater at low photon transverse momen-

tum. The event is required to have exactly one lepton (electron or muon) that is well iden-

tified and isolated. An electron is required to have |η| < 2.47 consistent with the central

electron acceptance of the tracker and the electromagnetic calorimeter. Similarly muons

are required to have |η| < 2.5. Photons and electrons have the additional requirement

that they fall outside the region 1.37 < |η| < 2.47 to avoid the crack in the electromag-

netic calorimeter between the barrel and the endcap where photon and electron energy

is poorly measured. The lepton transverse momentum cut is required to be greater than

30 GeV, to be consistent with the region where the trigger efficiency is well modelled in
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simulation [77,78]. To select events where the lepton likely comes from the leptonic decay

of a W boson, events are required to have a missing transverse energy above 30 GeV.

The above kinematic requirements select a phase space with good acceptance of final

state objects as well as a phase space where the final state object momentum and en-

ergy are well measured. These requirements do not eliminate background processes with

similar kinematics as the signal process, nor do they completely eliminate backgrounds

arising from mis-reconstruction and mis-identification of final state objects. Additional

cuts are applied to reduce these sources of background.

A Z boson decays to two leptons approximately 10% of the time. To avoid background

from leptonic decays of Z bosons, it is required that there is no second lepton in the event,

with the same flavor as the first lepton, that passes loose identification. To suppress the

background arising from events where one of the leptons from the Z boson decay is mis-

reconstructed as a photon, it is required that the invariant mass of the combined lepton

and photon system be at least 10 GeV away from the Z mass, i.e. |MZ −Mlγ| > 10 GeV.

To reduce the background arising from events where jets originate from a different

vertex than the primary vertex, an algorithm called a jet vertex tagger is used to select jets

that likely come from the vertex of interest based on the information of the tracks in the

jet [79]. A similar tagger is used to reduce the background from events with a top quark.

Top quarks predominantly decay to a W boson and a bottom quark. A tagger is used

to identify events with jets that likely arise from bottom quarks [80]. Requiring that no

events contain a so-called b-jet reduces the background originating from the production

of top quarks.

An additional requirement that the two leading jets be well separated from the missing

transverse energy (∆φ > 0.4) is required to reduce the background coming from events

where mismeasurement of jet transverse momentum generates an artificial large missing

transverse energy.

As described in Chapter 2 events with the same final state arising from the QCD pro-

duction of a W boson and a photon in association with jets constitute a large irreducible
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background and there is interference between the QCD and electroweak production. This

interference is largest when the two leading jets are close together in rapidity. To limit the

effect of interference, the two leading transverse momentum jets are required to be sepa-

rated by 2 units of rapidity.

Similarly, as described in Chapter 2, multiple processes contribute to the electroweak

production of a W boson and a photon in association with jets. The quartic coupling

diagram is of interest because of its sensitivity to beyond Standard Model physics. This

diagram dominates at large jet energies. Thus an invariant mass cut of Mjj = 500 GeV is

required to be maximally sensitive to the diagram including the quartic coupling.

The object and event selection used to define a data sample for the analysis are sum-

marized in Table 4.2. In addition, Table 4.3 shows the number of events in data at selected

points in the event selection. In the following chapters this is referred to as the Baseline

Selection. With the signal sample defined, the next chapter describes the background esti-

mation for the analysis.
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Object Selection Criteria

Photon

pT > 22 GeV
|η| < 2.37

Econe40
T < 0.022 pT + 2.45 GeV

Tight Identification

Electrons

pT > 30 GeV
|η| < 2.5
|d0/σd0| < 5

|z0sinθ| < 0.5 mm
Econe20
T < 0.06 pT
pcone30
T < 0.06 pT

Tight Identification

Muons

pT > 30 GeV
|η| < 2.5
|d0/σd0| < 3

|z0sinθ| < 0.5 mm
pcone30
T + 0.4EN < 0.045pT

Tight Identification

Jets
pT > 50 GeV
|η| < 4.4

Jet Vertex Tag
No b-jets

Event

|MZ −Mlγ| > 10 GeV
Emiss
T > 30 GeV
MW

T > 30 GeV
Object Overlap Removal

∆Φ(j0(1), E
miss
T ) > 0.4

Mjj > 500 GeV
∆Y (j0, j1) > 2

Table 4.2: Summary of object and event selection criteria used in this analysis.
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Selection Number of Events in Data
Has a Primary Vertex 5.4× 109

Passes Triggers 2.9× 109

Passes Photon Criteria 6.8× 106

Passes Lepton Criteria 4.8× 106

Passes Jet Criteria 1.0× 106

|MZ −Mlγ| > 10 GeV 6.3× 105

Emiss
T > 30 GeV 3.4× 105

MW
T > 30 GeV 2.9× 105

No b-jets 1.9× 105

pTj0(1)
> 50 GeV 5.5× 104

Mjj > 500 GeV 8.1× 103

∆Y (j0, j1) > 2 6.5× 103

Table 4.3: Number of events in data at various points in the event selection.
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Chapter 5

Background Estimation

In this section the background estimate of the analysis is described. The event selection

described in Chapter 4 is designed to select events with two jets, a prompt photon, and a

lepton and missing transverse momentum in a phase space sensitive to the quartic cou-

pling between W bosons and photons; however, other physics events invariably enter

the selected data sample. First there is a prompt background, that is to say events which

contain the same final state objects as the signal process. Principal among these is the

QCD production of a W boson, a prompt photon and two jets. This is the largest real

background in this analysis. Events containing a prompt photon and a top quark also

constitute a large real background. Since top quarks primarily decay into W bosons and

b−jets, an event where the W boson decays leptonically will share the final state with the

signal. While the b−jet veto is used to reject these events, it is less than perfectly efficient,

so a large amount of this so-called top background enters the data sample selected. Events

where a leptonically decaying Z boson, a photon, and jets are produced but where one of

the leptons from the Z boson is not reconstructed will also resemble signal events. Con-

tributions from the different sources of real background are estimated using simulated

event samples. The numbers of events associated with the QCD and electroweak produc-

tion of Wγjj are simultaneously determined from a fit to data as described in Chapters 8

and 9.
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In addition to the prompt background, there is a non-prompt background arising from

events where either the lepton or the photon do not come from the hard scatter. For exam-

ple, a π0 might be produced in a jet and decay to two photons. One of these photons might

pass the criteria for a prompt photon. In this way events where a W boson is produced

in association with jets or events with a top quark pair might enter the signal region. The

non-prompt photon background is the largest non-prompt background of this analysis.

Similarly a lepton from a jet could be misidentified as a prompt lepton. Since photons

and electrons have similar signals in the electromagnetic calorimeter, tracking inefficien-

cies and less than perfect calorimeter cluster to inner detector track matching can result in

electrons being misidentified as photons. In this way events with Z bosons produced in

association with jets can enter the signal region. Finally since the photon point of origin

is not well measured for unconverted photons, events where the photon comes from a

different collision can also enter into the data sample selected. This is termed the pileup

photon background.

Each of the non-prompt sources of background discussed above is estimated using a

data driven method. The data driven estimates are described and validated in the sections

that follow.

5.1 Jets Misreconstructed as Photons

The modelling of hadronic showers in the electromagnetic calorimeter is imperfect. A

data driven method called the template fit method is used to estimate the background

arising from jets that are misreconstructed as photons. The results of this method are

checked with a 2D sideband method and with a closure test performed on simulated

data, discussed in Appendix B and C, respectively.
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5.1.1 The Template Fit Method

The template fit method exploits the difference in shape of the distribution of photon iso-

lation energy between tight and non-tight reconstructed photons. Photon isolation energy

is described in Chapter 4. Recall that an isolated photon satisfies the condition

Econe40
T < 0.022 Eγ

T + 2.45GeV (5.1)

.

To estimate the number of jets faking tight and isolated photons the method proceeds

as follows in each bin of a kinematic distribution

1. A template shape ofEcone40
T −0.022Eγ

T expected from prompt photons is obtained by

fitting the Econe40
T −0.022Eγ

T distribution of reconstructed tight photons in simulated

data that originate from simulated truth photons.

2. A template shape of Econe40
T − 0.022 Eγ

T expected from jets misreconstructed as pho-

tons (non-prompt photons) is extracted by fitting the Econe40
T − 0.022Eγ

T distribution

of events containing a non-tight photon in data.

3. A probability distribution function is made by summing the prompt photon and the

non-prompt photon templates. The normalization of the prompt and non-prompt

contributions are then fit to data that contains a reconstructed tight photon. In the fit

to data, the parameters of the two template shapes are floated, but are constrained

by the statistical uncertainties around their best fit values obtained in steps (1) and

(2). In this way statistical uncertainties on the template fits are propagated to the

final result.

4. The estimated number of jets misreconstructed as photons is finally obtained by

integrating the fitted Econe40
T − 0.022 Eγ

T template for non-prompt photons from -20

up to 2.45 GeV. This corresponds to the Econe40
T − 0.022 Eγ

T selection criteria used to

identify isolated photons in the event selection.
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In the following sections, fP (x|θP ) and fNP (x|θNP ) denote the prompt photon prob-

ability density function of true photons, and the non-prompt photon probability density

function, respectively. The variable x represents the kinematic variable Econe40
T − 0.022Eγ

T

and θ, the free parameters of the fit.

1. Prompt photon template extraction

The prompt photon template is obtained from a fit to the isolation energy distribution of

simulated electroweak signal and QCD Wγjj events where the basic event selection is

applied without the isolation selection.

A double-sided Crystal Ball function [81] is chosen for the prompt photon shape. A

Crystal Ball function, fCB(x) is a Gaussian convoluted with a power law tail and is de-

fined as

fCB(x) =


e(− (x−x0)2

2σ2 ) x−x0

σ
> −α

( n
|α|)

ne(− |α|
2

2
)( n
|α| − |α| −

x−x0

σ
)−n x−x0

σ
≤ −α

(5.2)

where x0 and σ are the Gaussian mean and width, α is a cutoff parameter and n is the

power of the exponentially decaying tail. A double-sided Crystal Ball is the addition of

two Crystal Ball functions sharing the same mean and width. The double-sided Crystal

Ball has six free parameters: one parameter defining the Gaussian mean x0, one parameter

defining the Gaussian width σ, two cutoff parameters α1(2), and two parameters describ-

ing the exponentially decaying tail n1(2).

The prompt photon template, fP (xθP ) is extracted by performing an unbinned fit of

Econe40
T − 0.022 Eγ

T of tight, truth-matched photons from simulated Wγjj events with the

double-sided Crystal Ball function. The fit minimizes the negative log-likelihood given

by

− lnL = − ln

[∏
i

fP (x|θP )

]
(5.3)

where i runs over each event. An example of this fit is shown Figure 5.1.
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Figure 5.1: Example fit of the photon isolation energy distribution of tight photons ob-

tained using simulated electroweak and QCD Wγjj events. This fit is used to extract the

prompt photon template shape.

2. Non-prompt photon template extraction

The non-prompt photon template is obtained with a fit to the Econe40
T − 0.022 Eγ

T distribu-

tion of a data sample defined by non-tight identification criteria in place of tight identifi-

cation criteria. This change in the photon identification creates a data sample enriched in

jets misreconstructed as a photons.

A Novosibirsk function [82] is chosen to describe the non-prompt photon shape. The

Novosibirsk function is defined as

fN(x) = e−0.5(ln qy)2/Λ2+Λ2

(5.4)

where

qy = 1 +
Λ(x− x0)

σ
×

sinh
(

Λ
√

ln 4
)

Λ
√

ln 4
(5.5)
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and x0 is the peak position, σ is the width of the peak and Λ parameterizes the tail of the

distribution.

The negative log-likelihood minimized to extract the non-prompt photon template,

fNP (x|θNP ) is

− lnL = − ln

[∏
i

fNP (x|θNP )

]
(5.6)

where i runs over the number of events. An example of the fit used to extract the shape

of the non-prompt photon template is shown in Figure 5.2.
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Figure 5.2: Example fit of the photon isolation energy distribution of data events from a

control region enriched in jets misreconstructed as photons. The result of the fit is used to

extract the shape of the non-prompt photon template.

3. Normalization fit

Finally the resulting prompt and non-prompt photon templates are summed and their

relative normalizations fit to data satisfying the signal selection. In this step the tem-

plate parameters are again floated but constrained by multivariate Gaussian functions.
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The multivariate Gaussian functions are defined to have a mean and width given by the

best-fit values and statistical uncertainties of the template parameters. The negative log

likelihood used to fit the data is given by

− lnL = − ln

[∏
i

fP (x|θP )fNP (x|θNP )G(θP |σθP )G(θNP |σθNP )

]
(5.7)

where G are multivariate Gaussian constraints and i runs over the number of events.

The symbols θP and θNP represent the parameters of the prompt and non-prompt photon

templates, respectively, and the quantities σθP and σθNP are the statistical errors on those

parameters obtained in the fits to extract the prompt and non-prompt photon shapes. An

example of the fit performed to extract the relative normalizations of the two templates is

shown in Figure 5.3.
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Figure 5.3: Example of the fit to data containing reconstructed prompt photon data per-

formed to extract the relative normalizations of the prompt photon and non-prompt pho-

ton templates.
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It is valuable to understand how the values of the free parameters of the templates

change in the fit to the normalization compared to their values obtained in the fit to extract

the template shapes. For this the pull is a useful quantity. The pull is defined as

pull(θ) =
θ̂ − θ0

∆θ
(5.8)

where θ̂ is the value of the parameter resulting from the fit used to extract the template,

∆θ is the uncertainty on the parameter after the fit used to extract the template and θ0

is the value of the parameter obtained from the normalization fit. A large pull of one

of the prompt photon template parameters would indicate that the modelling of photon

isolation energy is imperfect, while a large pull of the non-prompt photon template pa-

rameters could indicate that the shape of photon isolation energy of non-prompt photons

that satisfy the tight photon working point is different from the shape of photon isolation

energy of non-prompt photons that satisfy the non-tight working point. Figure 5.4 shows

an example of template fit parameter pulls. Neither large pulls of the prompt photon

template parameters nor non-prompt photon template parameters are seen.
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Figure 5.4: Example template parameter pulls resulting from the fit of the prompt and

non-prompt photon normalizations to signal region data. The green and yellow bands

represent 1σ and 2σ where σ is the statistical uncertainty on the template parameter val-

ues obtained in the fits used to extract the prompt and non-prompt photon shapes.
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4. Estimation of Event Yields

To obtain a number of events containing a jet misreconstructed as a photon the non-prompt

photon template after normalization is integrated from -20 to 2.45 GeV in order to apply

the criteria Econe40
T − 0.022 Eγ

T < 2.45 used to define an isolated photon.

5.1.2 Uncertainties on Jets Misreconstructed as Photon Estimate

Four sources of uncertainty on the estimate of the background from jets misreconstructed

as photons are considered:

1. Statistical error on the estimated number of events containing a jet misreconstructed

as a photon.

2. Uncertainty in the non-prompt photon template shape associated with the leakage

of real photons into the non-prompt photon enriched control region.

3. Uncertainty in the non-prompt photon template shape associated with the defini-

tion of the non-tight photon identification.

4. Uncertainty in the modelling of the prompt photon template shape.

Statistical error on yield: Statistical uncertainty on the yield accounts for the limited

statistics in the regions used to defined the template parameters and to estimate the num-

ber of jets misreconstructed as photons. Statistical uncertainty is propagated to the final

result by allowing the template fit parameters to float during the fit of normalization

but constraining parameters by multivariate Gaussian constraints as described above.

The statistical uncertainty on the estimated number of events containing a jet misrecon-

structed as a photon is obtained by integrating the function describing the non-prompt

photon contribution with its best fit parameters varied by their statistical uncertainties..
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Uncertainty due to real photon leakage: The nominal method does not account for

prompt photon leakage into the non-tight control region in data used to derive the param-

eters of the non-prompt photon template. The effect of prompt photon leakage is studied

by including an additional template in the non-prompt photon fit to account for prompt

photons in the non-prompt region. This template is called the leakage template and is

fit to prompt photons from simulated electroweak and QCD Wγjj events that fail the

tight photon identification criteria. As is the case for tight photons, a double-sided Crystal

Ball function is used to describe the shape of this template. An example leakage template

shape is shown in Figure 5.5. The negative log likelihood which is minimized in the fit to

non-tight photon data then becomes

− lnL = − ln
∏
i

fNP (x|θNP )fL(x|θL)G(θL|σθL) ](5.9)

20− 0 20 40
 [GeV]

γ
T - 0.022 Econe40

TE

0

20

40

60

80

100

E
ve

nt
s 

/ 2
 G

eV

(non-Tight)
jj Simulated EventsγW

Fit

5−

0

5

da
ta

σ
(D

at
a 

- 
cu

rv
e)

 / 

Figure 5.5: Example fit of the photon isolation energy distribution of non-tight photons

obtained using simulated electroweak and QCD Wγjj events. This fit is used to extract

the prompt photon leakage template shape used to study the effect of real photon leakage

into the control region used to extract the non-prompt photon shape.

74



20− 0 20 40

 [GeV]
γ
T - 0.022 Econe40

TE

0

10

20

30

40

50

60

70

80

E
ve

nt
s 

/ 2
 G

eV

Non-tight Data

(Signal Leakage)
jj Simulated EventsγW

Fit

)γ(prompt 
Signal Leakage

γNon-prompt 

Figure 5.6: Example of a fit of the photon isolation energy distribution of events with a

photon satisfying the non-tight photon identification criteria where an additional template

for prompt photon leakage is included.

whereG is a Gaussian constraint defined by the best fit parameters and their uncertainties

in the fit to prompt photons that fail tight identification. An example of a non-prompt

photon fit with the additional leakage template is shown in Figure 5.6.

The inclusion of the additional leakage template has a small effect on the estimated

jet misreconstructed as photon yield as the non-tight template shape is not changed dra-

matically when the leakage template is included. The difference in jet misreconstructed

as photon yield is taken as a systematic uncertainty on the estimated yield of jets recon-

structed as photons.

Uncertainty due to photon identification definition: As discussed in Section 4, four

different photon identification definitions can be used to define a non-prompt photon

enriched control region. The so-called Loose’2 working point allows two photon identifi-

cation criteria to fail and is thus the most similar to criteria used to define prompt photon
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data, i.e. the most biased. The Loose’5 working point allows up to five selection criteria to

fail and therefore has the least bias. To account for bias in the choice of non-tight photon

definition, the template fit method is performed with each photon identification defini-

tion in addition to the nominal (the Loose’4 working point). The maximum deviation from

the nominal non-prompt photon yield is taken as the uncertainty on the method due to

the choice of the non-tight photon identification criteria used to define the non-prompt

photon enriched control region.

Uncertainty in modelling of the prompt photon template: The prompt photon tem-

plate is obtained using simulated electroweak and QCD Wγjj events. Since the photon

isolation energy modelling of real photons in simulated events may be imperfect, a the-

ory uncertainty is estimated. The factorization (µF ) and renormalization (µR) scales used

in the event simulation are varied to create a systematic variation in the photon isolation

energy distribution. The (µF , µR) = (0.5, 0.5) and (µF , µR) = (2.0, 2.0) variations are used

to define an up and down variation. As the fit allows the prompt photon template shape

parameters to be pulled within their statistical uncertainty to fit the data, the method it-

self accounts for mismodelling of the prompt photon isolation energy distribution. For

this reason this systematic is small.

5.1.3 Non-prompt Photon Differential Distributions

To obtain differential distributions of the non-prompt photon from jet yield, the method

outlined above is performed in each bin of the observable of interest. As an example,

the differential distribution of non-prompt photons from jets and the size of the statisti-

cal and systematic uncertainties on the estimate as a function of the photon transverse

momentum is shown in Figure 5.7. The dominant source of uncertainty on the estimate

of the background from jets misreconstructed as photons comes from the variaion of the

definition of the non-prompt photon enriched control region.
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Figure 5.7: Estimated event yield and uncertainties for the non-prompt background orig-

inating from jets misreconstructed as photons as a function of photon transverse momen-

tum.

For the differential cross section measurement described in Chapter 9 there are not

sufficient statistics to perform the template fit in each bin of each phase space region used.

Either there are not enough events in the non-prompt photon enriched control region to

get realistic non-prompt photon template shapes, or there are not enough prompt photon

events to constrain the normalization. Instead, the template fit is performed inclusively in

each phase space region and the prompt photon purity in simulation is used to derive the

shape of the differential distribution of jets misreconstructed as photons. The assumption

of this method is that the purity dependence on the variable of interest in the differential

measurement is well modelled in simulation. To check this assumption, the purity as a

function of the variables being extracted is fit with a linear function in both simulation

and in data, and the slopes are compared. The assumption is found to be a valid one. The

details associated with this cross-check may be found in Appendix D.
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5.2 Electrons Misreconstructed as Photons

Photons and electrons are both characterized by a narrow electromagnetic shower in the

electromagnetic calorimeter. Electrons are identified by a track in the inner detector that

points from the primary vertex to the energy cluster in the calorimeter; however, a photon

that converts to an electron-positron pair at low radius in the inner detector can leave a

similar signal. While the electromagnetic calorimeter has a high reconstruction efficiency,

tracking inefficiencies and less than perfect calorimeter cluster to track matching can re-

sult in an electron being wrongly reconstructed as a photon. This source of background is

estimated in data by measuring the probability that an electron is misreconstructed as a

photon and applying this probability to a selection of events resembling that of the signal

selection, but with the reconstructed photon replaced by an electron.

5.2.1 The Tag and Probe Method

To aid the reader, a schematic diagram illustrating the calculation of the probability that

an electron is misreconstructed as a photon as a function of the reconstructed object’s

transverse momentum and pseudorapidity is shown in Figure 5.8.

Assuming a pure sample of true electrons in data, the fraction of electrons misrecon-

structed as photons can be defined as the ratio of the probability to misreconstruct a true

electron as a photon, P (e → γ), to the probability to reconstruct a true electron as an

electron, P (e→ e),

Fe→γ =
P (e→ γ)εγ
P (e→ e)εe

=
(
Nreco
γ

Ntruth
e

)εγ

( N
reco
e

Ntruth
e

)εe
=
N reco
γ εγ

N reco
e εe

(5.10)

where N reco
γ and N reco

e are the numbers of reconstructed photons and electrons, respec-

tively, N truth
e is the number of true electrons, and εγ and εe are the selection efficiencies

for photons and electrons respectively. Written in this form, this fraction can be estimated

purely in data.
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Figure 5.8: A schematic diagram depicting the calculation of the probability that an elec-

tron is misreconstructed as a photon. A pure sample of dielectron events is chosen by

selecting events in data with a dielectron or electron and photon mass consistent with the

objects coming from a Z boson. The number of events with one reconstructed photon and

one reconstructed electron are divided by the number of events with two reconstructed

electrons to calculate the probability that an electron is misreconstructed as a photon. This

is done in bins of transverse momentum and pseudorapidity.

To do this estimate in data, two control regions are needed: one region that is rich in

true electrons reconstructed as electrons, and another region enriched in true electrons

misreconstructed as photons. These two control regions are identified by selecting events

with a reconstructed invariant mass, Mee or Meγ , within 10 GeV of the Z boson mass,

i.e. |MZ − Mee| < 10 GeV or |MZ − Meγ| < 10 GeV. This results in a relatively pure

sample of true dielectron events where a reconstructed photon is very likely to originate

from a true electron. A “Tag and Probe” method is used to select Z boson events with

two reconstructed electrons or one reconstructed electron with one reconstructed photon.

The Tag is a reconstructed electron that passes the analysis requirements of electrons.
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The Probe electron is an electron with opposite charge from the Tag, and since it is used

to calculate the probability that an electron is misreconstructed as a photon, the same

kinematic cuts as those applied to the photon are applied to the Probe electron. The object

selection for the Tag and Probe objects are summarized in Table 5.1.

Tag Electron Probe electron Probe photon
pT > 30 GeV pT > 22 GeV pT > 22 GeV
|η| < 2.5 |η| < 2.37 |η| < 2.37
Isolated Isolated Isolated

Tight Tight Electron Tight Photon
|z0 × sin θ| < 5 mm |z0 × sin θ| < 5 mm
|d0/σd0| < 3 |d0/σd0| < 3

m
W (eν)
T > 30 GeV Opposite charge to Tag electron
Pass Trigger

Table 5.1: Selection criteria of Tag electron and Probe objects used for calculating the prob-

ability that an electron is misreconstructed as a photon.

To determine the number of true electrons reconstructed as either an electron or a

photon, two additional points must be considered. The first point to consider is that

background contamination in the two regions may lead to different signal to background

ratios. The background contamination must then be corrected for. This is done by assign-

ing a weight to each type of Tag and Probe pair. The weight is the signal fraction S
S+B

,

determined by an S +B fit to the invariant mass of the appropriate type of Tag and Probe

pair. For the Z boson signal shape, a double-sided Crystal Ball function, as described in

Section 5.1, is used while an exponentially decaying function is used to model the back-

ground. Both shape parameters and normalizations are floated in the fits. The fits for

the Tag electron-Probe electron pair and the Tag electron-Probe photon pair are shown in

Appendix E.

The second point to consider is that in the case where the Probe electron also passes the

Tag requirement, either electron can contribute to the denominator in the calculation of

the fraction Fe→γ . To account for this, the number of electrons in the denominator should

be filled twice in the case where there is a Probe electron that passes the Tag requirements

80



and once in the case that the Probe electron does not pass the Tag requirements. In other

words, the fraction of true electrons misreconstructed as photons can be calculated as

Fe→γ =
Netagγprobe

2Netagetag +Netageprobe

(5.11)

where Netagγtag is the number of events with one electron satisfying the Tag criteria and

one photon satisfying the photon Probe criteria, Netagetag is the number of events in which

both electrons satisfy the Tag criteria, and Netageprobe is the number of events where one

electron satisfies the Tag criteria and one electron satisfies the Probe criteria.

Taking these two considerations into account, the resulting probability that an electron

is misreconstructed as a photon in bins of the probe object pseudorapidity and transverse

momentum is shown in Figure 5.9.
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Figure 5.9: Fraction of true electrons misreconstructed as photons, Fe→γ , in bins of Probe

object pseudorapidity and transverse momentum with statistical uncertainties.
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The background coming from true electrons misreconstructed as photons is estimated

by applying the fraction Fe→γ to data events in a signal-like region. The signal-like region

is defined by the analysis selection described in Chapter 4 but with the photon selection

criteria replaced with selections for an electron satisfying the probe electron criteria de-

scribed above. The background coming from true electrons misreconstructed as photons

is estimated separately in the electron and muon channels in the analysis. The result of

the application of the fraction Fe→γ to these selected events in data is the distribution of

events where an electron is misreconstructed as a photon in the analysis region.

5.2.2 Uncertainties on the Estimate of the Background from Electrons

Misreconstructed as Photons

Systematic uncertainties are included on the data driven estimate of electrons misrecon-

structed as photons. The systematic effects considered are the following:

• The fitting range in the fit to correct for background contamination is varied by

±5 GeV.

• The definition of the region enriched in dielectron or electron and photon misrecon-

structed as electron events is varied by ±5 GeV around the Z boson mass.

• The size of the binning of the fraction Fe→γ in pseudorapidity is varied by adding

or subtracting two bins.

• The size of the binning of the fraction Fe→γ in transverse momentum is varied by

adding or subtracting two bins.

• The choice of fitting functions for the signal fraction weights is changed to a Gaus-

sian with exponential tails for the signal modelling and a 4th order Bernstein poly-

nomial [83] for the background modelling.
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5.2.3 Electrons Misreconstructed as Photon Differential Distributions

The differential distribution of electrons misreconstructed as photons and the size of the

statistical and systematic uncertainties on the estimate as a function of the photon trans-

verse momentum is shown in Figure 5.10. The systematic uncertainties are small every-

where except for the first bin where changing the fitting range has a large effect due to

high background contamination at low lepton and photon transverse momentum.
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Figure 5.10: Electron misreconstructed as photon yield and uncertainties as a function of

photon transverse momentum.

5.3 Jets Misreconstructed as Leptons

An additional source of non-prompt background arises from jets misreconstructed as an

electron or muon (lepton). This can occur, for example, when a true electron or muon is

produced within a jet as part of the decay of particles created from the hadronic cascade

and its interaction with the detector material. This background contribution is estimated

using a data driven approach. The number of events from this source of background,
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Nj→`, is estimated as

Nj→` = (Nnon−tight
Data −Nnon−tight

prompt )× N tight

Nnon−tight = Nnon−tight
Data,non−prompt × Fj→` (5.12)

where Nnon−tight
Data represents the number of events in data satisfying the signal selection,

except for the lepton failing the tight identification criteria and Nnon−tight
prompt represents sim-

ulated events with prompt leptons that satisfy the signal selection criteria but the lepton

failing the tight identification criteria. Subtracting this prompt contribution from data

with a non-tight lepton gives an estimate of the number of events in data with a non-

prompt lepton that fails the tight identification criteria, Nnon−tight
Data,non−prompt. The quantity

Fj→` = Ntight

Nnon−tight represents the number of jets containing a non-prompt lepton that sat-

isfies the tight lepton identification selection divided by the number of jets containing a

non-prompt lepton that fails the tight lepton identification criteria.

The factor Fj→` is calculated using data in a region that is enriched in jets. This re-

gion is defined by selecting data events that contain one reconstructed lepton and one jet.

These requirements primarily select events originating from dijet process or processes

where a W or Z boson is produced in association with jets. In order to suppress the con-

tribution from the W+jet events in this data sample, events are further required to have

missing transverse energy Emiss
T < 20 GeV and a transverse invariant mass, calculated

using the lepton transverse momentum and missing transverse momentum vector, less

than 20 GeV. To increase the purity of the data samples containing jets, the simulated

contributions from physics processes other than dijet processes is subtracted from these

data samples. The resulting data yields are used to calculate the factor Fj→`, introduced

in Equation 5.12, as a function of lepton transverse momentum and pseudorapidity. The

calculated values of Fj→` are presented in Appendix F.

In order to calculate differential yields of jets misreconstructed as leptons, Fj→` is ap-

plied in a signal-like region with the lepton identification cut inverted. Prompt back-

grounds are subtracted from the signal-like region where Fj→` is applied.
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5.3.1 Uncertainties on the Background from Jets Misreconstructed as

Leptons

The following sources of systematic uncertainty are considered in the estimate of the

event yield from jets misreconstructed as leptons:

• The factor Fj→` is calculated using dijet simulated events and using γ+ jet simu-

lated events. Since these event samples have a different composition of the origin

of non-prompt leptons, the difference in values of Fj→` is applied to the data driven

estimate as a systematic.

• The background subtraction in the dijet enriched region and in the non-prompt lep-

ton enriched region where Fj→l applied is done where the W+ jet background scale

variations are applied and where an alternate QCD Wγ simulation is used.

• The choice of the binning in transverse momentum and pseudorapidity used to

calculate Fj→` is varied.

• The value of the selection cuts on Emiss
T and MW

T used to define the data samples

enriched in dijets are varied by ±5 GeV.

• An alternate QCDWγjj sample is subtracted from the region where Fj→` is applied.

5.3.2 Jets Misreconstructed as Leptons Differential Distributions

The differential distribution of jets misreconstructed as leptons and the size of the statis-

tical and systematic uncertainties on the estimate as a function of the photon transverse

momentum is shown in Figure 5.11. The estimate is done independently for jets misrecon-

structed as electrons and for jets misreconstructed as muons. In Figure 5.11 the resulting

yields and their uncertainties from both the electron and muon channel are combined.
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Figure 5.11: Jets misreconstructed as lepton yields and uncertainties as a function of pho-

ton transverse momentum.

5.4 Photons from Other Collisions

The final non-prompt background considered is the background arising from so-called

“pileup” photons. Unlike the lepton selection, as part of the photon reconstruction there

is no explicit requirement on the point of origin of the photon as this is not well measured

in most events. It is then a possibility that a photon from a different proton-proton inter-

action in the same LHC bunch crossing combines with a W+jet event from the primary

vertex resulting in a signal-like event in the final state.

The assumption of the data driven method used to estimate the pileup photon back-

ground is that the distribution of the difference between the photon and primary vertex z

position at x = y = 0 (∆z(γ, PV )) will have a different shape for events where the photon

is from pileup and events where the photon is from the hard scatter. To minimize the

impact of the photon pointing resolution, only converted photons with hits in the silicon

pixel detector are used as these have a better z position resolution.
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The ∆z(γ, PV ) distribution in data is shown in Figure 5.12 where good resolution pho-

tons have been selected. The ∆z(γ, PV ) distribution is peaked at 0 and has a width of ap-
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Figure 5.12: The distribution of ∆z(γ, PV ) in data with the baseline selection applied

using only photons with a good vertex spatial resolution.

proximately 35 mm, which is the longitudinal spread of proton bunches in the LHC. This

reflects the fact that good resolution photons have been selected and most events have a

reconstructed photon that originates from the hard scatter. However for pileup photons,

the ∆z(γ, PV ) distribution is the difference of two uncorrelated Gaussian distributions of

width 35 mm and should thus be a Gaussian distribution of width 35 mm ×
√

2 = 50 mm.

The tails of the ∆z(γ, PV ) can be used to calculate the fraction of events in data where

the photon is from pileup. The expected number of events from pileup in the tails of the

∆z(γ, PV ) distribution is N |∆z|>50mm
data − N

|∆z|>50mm
simulation where N |∆z|>50mm

data is the number of

events in data with z(γ, PV ) > 50 mm and N
|∆z|>50mm
simulation is the number of simulated QCD
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Wγjj events with z(γ, PV ) > 50 mm. Since ∆z(γ, PV ) is Gaussian distributed for pileup

photons, 32% of the pileup photon distribution should have ∆z(γ, PV ) > 50 mm. Thus

the fraction of pileup photons in data can be calculated as

fPU =
N
|∆z|>50mm
data − C ×N |∆z|>50mm

simulation

Ndata ∗ 0.32
(5.13)

where C is a normalization factor derived by comparing the QCD Wγjj simulation to

data. The Wγjj simulation is chosen for its relatively large statistics. To validate that a

normalization factor is all that is needed, the shape of the simulation is compared with

data in Figure 5.13. No mismodelling of the shape of the ∆z(γ, PV ) distribution is ob-

served. With the baseline selection, the normalization factor is found to be C = 1.84±0.06.
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Figure 5.13: Comparison between the distribution of ∆z(γ, PV ) in data and simulated

QCD Wγjj events.
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Using the ∆z(γ, PV ) distribution shown in Figure 5.12 and the value of the correction

factor C, the fraction of pileup photons is calculated using Equation 5.13 to be

fPU = 0.019± 0.005 (5.14)

The pileup background contains a component where a pileup jet is misreconstructed

as a photon. This component is already accounted for in the data driven background esti-

mate of jets misreconstructed as photons (Section 5.1). In order to avoid double counting,

the data driven estimate of jets misreconstructed as photons is performed on a sample of

data containing a single reconstructed photon. The photon purity of this sample is as-

sumed to be the same as in pileup events. The photons in this sample are required to pass

the same baseline event selection and are required to convert in the silicon pixel tracker.

The photon purity in this sample is found to be 56.7± 0.1% using the data driven method

described in Appendix B.

Applying the photon purity to the pileup fraction found above, the fraction of pileup

photons in data is found to be 0.011 ± 0.003. This fraction is applied to data with non-

prompt backgrounds subtracted to derive the differential distribution of the background

arising from pileup photons. The background arising from pileup photons as a function

of photon transverse momentum is shown in Figure 5.14.

5.5 Summary

This section summarizes the estimated contribution of various types of background pro-

cesses to the data sample selected using the kinematic criteria described in Chapter 4.

Yields from prompt background sources are estimated using simulated events. As de-

scribed in Sections 5.1 to 5.4 yields from non-prompt background sources are estimated

using data driven methods.

The estimated yield of signal events and events from each source of background satis-

fying the baseline selection criteria defined in Section 4 as well as the number of selected
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Figure 5.14: Estimated yield and uncertainty of the background where the photon comes

from another collision as a function of photon transverse momentum.

data events are shown in Table 5.2. The yields as a function of the photon transverse mo-

mentum are shown in Figure 5.15. The uncertainty shown includes the systematic uncer-

tainties on the data driven estimates described in this chapter, the statistical uncertainty

on the simulated events, and the uncertainties described in Chapter 7.

From Table 5.2 it is observed that QCD Wγjj is the largest background and jets misre-

constructed as photons constitute the largest non-prompt background. The non-prompt

photon from jets estimate has the largest contribution to the total uncertainty of the non-

prompt backgrounds. Signal events are predicted to make up approximately 10% of the

events satisfying the baseline selection. As shown in Figure 5.15 while statistically com-

patible with the observed data distribution, the total number of events expected neverthe-

less displays a systematic trend. As described in Chapters 7, 8 and 9, this small difference

in the shape of the distribution between the observed and expected yields is taken into ac-

count by allowing the expected yield from the dominant QCD Wγjj background to vary

within uncertainties in the fit used to extract the fiducial and differential cross sections.
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Process Yield
Signal EW Wγjj 618 ±183

Prompt Background

QCD Wγjj 3357 ±1569
Top Bkg. 283 ±52
Zγjj 283 ±119

Non-prompt Background

j→ γ 778 ±137
e→ γ 320 ±11
j→ l 234 ±25

pileup 57 ±1

Total 5930 ±1591

Data 6367

Table 5.2: Estimated event yields of signal, prompt backgrounds and non-prompt back-

grounds satisfying the baseline selection compared with the observed yield in data.
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Chapter 6

Neural Networks for Signal

Classification

The challenge of identifying a small signal in the presence of a large irreducible back-

ground makes this analysis an ideal ground to explore the use of machine learning tech-

niques. In this chapter, the development of a neural network for signal identification is

presented. Neural network training, performance and validation are discussed and the

neural network used to discriminate the signal from the dominant sources of prompt

background is presented.

6.1 Introduction to Neural Networks

Neural networks are universal approximators, i.e. they are capable of modelling any con-

tinuous function to arbitrary accuracy given sufficient complexity. In general a neural

network is a function f that maps a vector of input features x inRn to a vector of outputs

y inRm through the use of layered linear transformations along with a non-linear activa-

tion function R → R. To help guide the reader, a schematic diagram of a simple neural

network with one so-called hidden layer is shown in Figure 6.1
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Figure 6.1: Schematic diagram of a fully connected neural network with one hidden layer.

The operation of the so-called hidden layer can be described by

hi = σ(αTi x + α0) (6.1)

where αi is a vector of weights and α0 is a bias term. The weights and bias terms are the

free parameters of the neural network that are fit during network training. The hidden

layer contains the transformation σ, which is a non-linear activation function. This hidden

layer is then mapped to an output f(x) as

f(x) = φout(β
Th + β0) (6.2)

where φout is another non-linear activation function, and β and β0 are another set of

weights and a bias term, respectively, that are fit during training. This can be general-

ized to an arbitrary number of hidden layers and an arbitrary number of hi in each layer,

which are henceforth referred to as nodes. It is not necessary for all input variables to be
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fed to each hidden node, or each hidden layer node to be fed to each of the next hidden

layer nodes. In other words, weights may be fixed to zero. A neural network with a float-

ing weight for every connection between each node or input layer to the next is called

densely connected or fully connected.

6.1.1 Training

Like any procedure to fit a function to data, neural networks are trained by minimizing

some metric or loss function. For classification tasks this commonly takes the form of the

binary cross entropy (BCE) loss function [84]

LBCE = Ex∈X[−y log f(x|θ)− (1− y) log(1− f(x|θ))] (6.3)

where f(x|θ) is the neural network output given parameters θ and input x and y is the

true value of the data. The error is averaged over a set of inputs x ∈ X which is denoted

by Ex∈X. In the case of classification, the neural network output is restricted to have a

value 0 < f(x) < 1 by the choice of non-linear activation function.

Typically, to minimize the value of the loss function, the gradient of the loss function

is computed with respect to each parameter, and then a step is taken in the parameter

space towards the minimum in a gradient descent procedure. In neural network training,

the gradient is derived using the chain rule and this is used for weight updates. This

procedure is called backpropagation [85].

To simply illustrate backpropagation, the cross-entropy loss is replaced with the sum

of squared loss

L = Ex∈X[(y − f(x))2] (6.4)

though the same procedure can be applied to any differentiable loss function. Using the

chain rule, the derivatives of the loss with respect to a unit bm of the vector β and a unit
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αml of one of the vectors αl are

∂L

∂βm
= −2(y − f(x))φ′(βTh)hm

∂L

∂αml
= −2(y − f(x))φ′(βTh)βmσ

′(αTmx)xl.

(6.5)

Using these derivatives, the weights of the neural network may be updated as

β(r+1)
m = β(r)

m − η
∂L

∂β
(r)
m

α
(r+1)
ml = α

(r)
ml − η

∂L

∂α
(r)
ml

(6.6)

where η is a parameter called the learning rate that controls the size of each weight update.

The derivatives above may be written as

∂L
∂βm

= δzm

∂L
∂αml

= smlxil

(6.7)

where δ and sml are called the errors of the neural network at the output and hidden

layers, respectively. The output at the hidden layer may also be expressed as

sml = σ′(αTmx)βmδ (6.8)

The backpropagation algorithm is a two step procedure. First f(x) is computed using

Equations 6.1 and 6.2. Next the error at the output node, δ, is computed and used to cal-

culate the errors sml using Equation 6.8. The errors are then used for the weight updates

described by Equations 6.6 and 6.7. This can be generalized to an arbitrary number of

layers.
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6.1.2 Testing and Validation

Neural networks for classification and regression which have been described here are

trained on labelled samples of data (x,y) termed training data and then applied to data x’

to generate labels y’. The ability to generate large labelled simulation samples to compare

with large samples of data makes high energy physics analyses like the one presented

in this thesis an ideal ground to use neural networks for classification and regression.

The use of neural networks however relies on the assumption that randomly sampled

training data is representative of the data that the neural network is applied on. Given

the neural network power as a universal approximator, it is prone to learning attributes

of training data that are not representative of the data it is to be applied on. This is termed

overfitting. To judge if a network has been overfit, labelled data must be split into training

and testing sets, and only the training set used to calculate gradients and update weights.

With each training iteration the loss function can be calculated on both the training set and

the testing set. A neural network overfits when the value of the loss function evaluated

on the testing set begins to increase as the value of the loss function evaluated on the

training set continues to decrease.

6.1.3 Hyperparameter Tuning

While weights and bias vectors are trained in neural network training, the choice of the

number of layers, l, in the neural network, number of nodes per layer, i, activation func-

tion of intermediate layers, σ, and learning rate, η, are all chosen by the user. These

parameters defining the structure of the neural network that are chosen by the user are

called hyperparameters.

Adaptive learning rate algorithms [86] are often used such that the learning rate is

updated with each learning step based on the Hessian of the loss function. Typically, the

other remaining hyperparameters are chosen by a grid search, i.e. all combinations are

tried for a limited number of iterations, and the best performing combination of hyper-
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parameters is used in the final neural network training. More powerful hyperparameter

training algorithms are a subject of much research and the interested reader is referred

to [87] and [88] for example. A grid search is used in this thesis and other hyperparame-

ter tuning procedures are considered to be outside the scope of this work.

6.2 Neural Network Design

In this section the variables used in neural network training, the neural network archi-

tecture, and the training itself is described. Throughout this section, signal refers to elec-

troweak Wγjj production while background refers to other processes that produce the

same final state in the detector listed in Table 5.2 as “prompt background”.

6.2.1 Training Variables

A neural network is trained to discriminate signal from background using the 13 kine-

matic variables listed and explained below:

• pγT : The photon transverse momentum.

• plT : The lepton transverse momentum.

• plγT : The transverse momentum of the lepton and photon system.

• MW
T : The transverse mass of the W boson.

• |∆φ(lγ, jj)|: The separation in azimuthal angle between the lepton-photon and dijet

systems.

• ∆R(lγ, jj): The angular separation between the lepton-photon and dijet systems.

• ξγ : The centrality of the photon defined by ξγ =
∣∣∣yγ−(yj0+yj1 )

∆y(j0,j1)

∣∣∣ where y represents the

rapidity of the reconstructed object.

• ξlγ : The centrality of the lepton-photon system defined by ξlγ =
∣∣∣ylγ−(yj0+yj1 )

∆y(j0,j1)

∣∣∣.
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• ∆R(l, γ): The angular separation between the lepton and the photon.

• pj0T : The transverse momentum of the leading jet.

• ηj0 : The pseudorapidity of the leading jet.

• ∆R(γ, j0): The angular separation between the photon and the leading jet.

• |∆η(j0, j1)|: The separation in pseudorapidity of the two leading jets.

These variables are chosen based on their potential to distinguish signal from back-

ground alone, or for the potential that correlations between the variables are different

between signal and background. The comparison of the shape of these variables between

signal and background is shown in Figure 6.2. Several variables have a clear discrimina-

tory power. Some variables exhibit the same shape in signal and in background, however

the neural network may exploit subtle differences in correlations between variables in

discriminating the signal from the background.

6.2.2 Neural Network Training

In this section the neural network architecture used in this analysis is described.

The neural network consists of a layer that normalizes the input variables, followed

by three fully connected hidden layers of 512 nodes each. The model is trained with the

Adam learning rate optimizer [86], which adjusts the learning rate based on the Hessian

of the loss function. The initial learning rate chosen is 3×10−5. The number of hidden

layers, number of nodes and learning rate were determined using a grid search, i.e. the

neural network training is repeated with different combinations of number of hidden

layers, nodes, and learning rate and the model architecture with the lowest value of the

loss function on test data is chosen. The different sets of parameters used for the grid

search are summarized in Table 6.1.
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Figure 6.2: Comparison of kinematic variables used in neural network training in signal

and background simulation. All distributions are normalized to one.
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Hyperparameter Values

Number of hidden layers 2,3,4,5,7

Nodes per layer 64,128,256,512,1024

Learning rate 1× 10−5, 3 × 10-5, 1× 10−4, 3× 10−4, 1× 10−3

Table 6.1: Summary of the hyperparameter values that were considered in the grid search

to find the model with the smallest value of the loss function. The best values are shown

in boldface

Each hidden node uses a Leaky Rectified Linear Unit activation function, defined as

σ(x) =


0.01x, if x < 0

x, otherwise.
(6.9)

Rectified Linear Units are a common choice of activation function in hidden layers as they

do not saturate at large or small input values, which leads to the so-called vanishing gra-

dient problems discussed in [89]. The term “Leaky” refers to the function mapping to a

small negative value for negative inputs, as opposed to mapping to 0 as for a standard

Rectified Linear Unit. This modification is introduced to avoid that a node output be-

comes 0 and remains at 0 as training proceeds, as discussed in [90]. The output layer uses

a sigmoid activation function defined as

φ(x) =
1

1 + e−x
(6.10)

such that the output of the neural network has a range between 0 and 1.

To take advantage of the full simulated dataset, two independent neural networks are

trained on simulated events with even and odd numbers, respectively. This conveniently

partitions the simulation data into training samples and validation samples. The neural

network is fitted to the training sample and is evaluated on validation sample to ensure

there is no overfitting. To avoid overfitting, early stopping is used where the training is
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Figure 6.3: Loss function curves for the neural network trained on odd simulated event

numbers and tested on even simulated event numbers. Training stops when the valida-

tion loss function value does not decrease over 10 training epochs.

stopped when the value of the loss function on validation data does not decrease over 10

iterations through the training data, referred to as training epochs. When deploying the

networks on real data, which is not used in neural network training, the output values

of the two networks are averaged. The combination of the two networks is validated in

Section 6.2.3. Separate neural networks are not trained for the electron and muon channel

because the shape of the training variables is for the most part the same between channels,

leaving little to be gained by training a separate neural network on each channel. For

completeness, a channel comparison is shown in Appendix G.

The training and validation loss function value as a function of training epoch of the

neural network trained using odd simulated event numbers and tested using even sim-

ulated event numbers is shown in Figure 6.3. The smooth loss curve indicates that the

network is converging nicely to a minimum. As the validation loss does not have a posi-

tive slope at any point, there is no indication of overfitting.
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Figure 6.4: Receiver operator characteristic curves for the neural network trained using

odd simulated event numbers.

The neural network performance is evaluated using the area under the receiver oper-

ating characteristic curve (ROC curve) which is the area under the curve defined by signal

efficiency as a function of the background rejection rate. An example ROC curve for the

neural network trained on odd event numbers is shown in Figure 6.4. The area under the

curve is 0.75 for both the even and odd neural network. To put this in context, an area

under the curve of 0.5 would correspond to a classifier that does no better than random

guessing. The area under the curve for lepton-photon centrality alone is 0.68 and for dijet

mass alone the area under the curve is 0.67. This indicates that the neural network has a

significantly better sensitivity to signal than a single variable.

Most importantly is to be able to see the separation in the neural network distribution

for signal events and background events to see if this is a quantity that can be fit to extract

the signal process. Figure 6.5 shows this distribution on both training sample and testing

sample for the neural network trained using odd simulated event numbers. This shows

not only that the neural network is a good discriminating variable, but that it generalizes

well as the test sample is similar in shape to the training sample. This assures that the

network is not overfitting the training sample.
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Figure 6.5: Distribution of neural network output of signal and background for training

and validation samples for the neural network trained using odd simulated event num-

bers.

Finally, to get a handle on what the neural network is learning, the profiles of the

training variables as a function of neural network output are plotted. The amount of

correlation between a training variable and the neural network output value indicates

the importance of the training variable. In Figure 6.6 it can be seen that there is a strong

correlation between the centrality of the lγ system and the neural network output, while

∆φ(Wγ, jj) is largely flat as a function of neural network output. To validate that the

network should generalize well to data, in Figure 6.6, the neural network output value in

data is also shown.

The importance of each of the training variables is also evaluated in a more quan-

titative manner by training the neural network without a given training variable and

comparing the networks performance with that of the neural network trained on all vari-

ables. The most important training variable is the variable that results in the largest drop

in area under the receiving operating characteristic curve when removed. The ranking of

all training variables is shown in Table 6.2. The most important training variable is ξlγ .
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Figure 6.6: Average value of training variables in bins of neural network output value in

simulated signal and background events and in data. The neural network output for data

is the average of the odd and even event number neural networks. The baseline selection

is applied with an additional veto on additional jets in the rapidity gap between the two

leading jets.
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Training Variable Even NN AUCN−1

AUCN
Odd NN AUCN−1

AUCN

ξlγ 0.96 0.96
∆ηjj 0.96 0.96
∆R(lγ, jj) 0.98 0.98
pγT 0.99 0.99
plT 0.99 0.99
ξγ 0.99 0.99
∆R(j0, γ) 0.99 0.99
∆R(l, γ) 0.99 0.99
plγT 0.99 0.99
∆φ(lγ, jj) 0.99 0.99
MW

T 0.99 0.99
pj0T 0.99 0.99
ηj0 0.99 0.99

Table 6.2: Ranking of training variables by impact on the area under the receiver op-

erating characteristic curve. Each row represents the area under the receiver operating

characteristic curve of a neural network trained without a given variable, relative to the

area under the receiver operating characteristic curve of a neural network trained on all

13 training variables.

It can be seen that the most important variables have noticeable correlation with neural

network output as shown in Figure 6.6. It is interesting to note that some variables with

noticeable correlations in Figure 6.6 are of less importance to the neural network as quan-

tified in Table 6.2. This is likely because the neural network can reconstruct the variable

from other input variables such that removing the variable from training does not cause

a large change in area under the receiving operating characteristic curve.

6.2.3 Neural Network Combination Validation

With an optimal network configuration on a motivated set of training variables, the com-

bination of the neural network trained on simulated events with odd event numbers and

simulated events with even event numbers must be validated, i.e. it must be shown that

the two neural networks are learning similar physics. For each training variable, the dis-

tribution of the training variable that yields a neural network score in a specific range is
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plotted. The distribution of the training variable in even event number events in bins of

the neural network trained on odd event number events is compared to the distribution

of the training variable in odd event number events in bins of the neural network trained

on even event number events to validate that the two neural networks are learning the

same quantities in simulated events. The comparison is shown for the most important

training variable, ξlγ in 5 bins of neural network output in Figure 6.7. The same com-

parison can then be made where each neural network is evaluated on the full dataset.

This comparison is shown in Figure 6.8 for ξlγ . In both cases the distributions are statisti-

cally compatible suggesting that the two neural networks are learning the same physical

quantities and will generalize similarly to data.

In training a neural network to differentiate signal from the prompt backgrounds in

the analysis, an observable with a markedly different shape for signal and for background

has been created. All the different sources of background described in Chapter 5 are

estimated as a function of neural network output values. In Chapter 8 a template fit to

the average neural network output distribution in data is performed to extract the number

of signal events, from which a statistical significance of observation and a fiducial cross

section are calculated.
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Figure 6.7: Comparison of the ξlγ distributions of simulated events with even(odd) event

number in bins of neural network output trained on odd(even) event numbers.
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Figure 6.8: Comparison of the ξlγ distributions of data events in bins of neural network

output trained on even or odd numbered simulated events
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Chapter 7

Uncertainties

In addition to the uncertainties on the data driven background estimates discussed in

Chapter 5, other sources of uncertainty must be considered on the background sources

estimated using simulated events. These broadly fall into two categories: uncertainties

in the modelling of the physics and uncertainties associated with the detector response.

In this chapter, these two categories of uncertainties are referred to as theoretical and

experimental uncertainties.

7.1 Theoretical Uncertainties

Theoretical uncertainties on the predicted event yields of all simulated event samples

used in the analysis are estimated. Simulated event samples are produced following the

approach described in Section 3.3. In particular, Equation 2.1 allows for the calculation

of an inclusive cross section where σ̂ij is calculated to order n in a perturbative expan-

sion in terms of the strong coupling constant αS . The inclusive cross section calculation is

performed assuming a functional form of the parton distribution functions at an energy

scale Q and using the Dokshitzer–Gribov–Lipatov–Altarelli–Parisi (DGLAP) evolution

equations [91–94] to estimate the parton distribution functions at different energy scales.

Similarly, the value of αS is experimentally determined at the energy scale Q = MZ and
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the renormalization group equations [3] are used to estimate the value of αS at different

energy scales. Note that the DGLAP and renormalization group equations are also trun-

cated at some order in a perturbative expansion. It follows that three sources of theoretical

uncertainties are readily identified:

1. Scale Uncertainties: The quantities σ̂ij , dαS/dµR and df(x, µF )/dµF in Equation 2.1

all have expansions in power of αS with coefficients known up to a certain order.

The scale uncertainties refer to uncertainties in the calculated cross section due to

the missing higher order terms in these expansions. Here, the two relevant energy

scales are the renormalization scale, µR, and the factorization scale, µF . The renor-

malization scale is used in the renormalization group equations to eliminate loop

divergences arising from the truncation of the αS expansion [3], while the factor-

ization scale is used in the DGLAP equations to eliminate collinear divergences [3].

The dependence of the inclusive cross section calculation on these two energy scales

can be used to estimate the impact of missing higher order terms in the calculation

of an inclusive cross section.

2. PDF Uncertainties: The parton distribution functions (PDFs) used in Equation 2.1

are obtained from experimental fits to data. Typically, multiple datasets from multi-

ple experiments are included in the fit and these come with corresponding statistical

and systematic uncertainties. In addition, theory uncertainties enter into the deter-

mination of the PDF calculation from theoretical assumptions made in the PDF fit

(e.g. the mass of heavy quarks). Finally, the PDFs derived from a fit to experimental

data also depend on the functional form used to describe the PDFs. Collaborations

that measure PDFs provide error sets. A comparison of the cross section values ob-

tained using the PDF error sets is used to evaluate this source of uncertainty. In

addition, PDFs from different collaborations are used to further quantify this source

of uncertainty.
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3. Strong Coupling Uncertainties: The value of αS is experimentally determined based

on a fit to multiple datasets. Uncertainties on αS arise from statistical and systematic

uncertainties on the measurements used to extract a value of αS .

All these uncertainties are determined in accordance with PDF4LHC [95] and ATLAS

Physics Modelling Group guidelines.

7.1.1 Scale Uncertainties

Both the factorization and normalization scales are varied by a factor of 0.5 and 2.0. Six

scale variations corresponding to (µF , µR) = (1, 0.5), (1, 2), (0.5, 1), (2.0, 1), (0.5, 0.5) and

(2.0, 2.0) are used to create an envelope, i.e. max[O(µF i, µRi)−O(µF = 1, µR = 1)] in each

bin where O is the observable of interest and i is the scale variation. The envelope then

defines the uncertainty arising from the choice of scales. While the envelope approach

is the recommendation by the ATLAS Physics Modelling Group, it is worth noting that

envelopes can result in underestimating the scale uncertainty if the envelope is flat and

individual scale variations are not. The shape of individual scale variations are shown in

Appendix H. Since each individual variation is flat, an envelope is a suitable approach in

this analysis. The scale uncertainties represent the largest theoretical uncertainty in this

analysis and range from 10% to 50% depending on the process simulated.

7.1.2 PDF Uncertainties

The NNPDF collaboration PDF [5] is used as a baseline PDF for all simulated samples.

The definition of the PDF variation depends on the set of PDF variations that come with

the simulation. For those that come with variations based on Monte Carlo methods (de-

scribed in [96]) the prescription is to use the standard deviation of the variations as the un-

certainty on the PDF while for PDF sets based on Hessian eigenvectors (described in [97])

the prescription is to add the difference with the nominal PDF in quadrature. An ad-

ditional check on the PDF uncertainties is performed by comparing the results obtained
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using PDFs provided by the CTEQ-TEA group [98] with the NNPDF PDF and its uncer-

tainties to confirm that the PDF uncertainties cover the difference between the nominal

PDF provided and different PDF predictions. The total PDF uncertainty is below 5% for

all simulated samples used in the analysis.

7.1.3 Strong Coupling Uncertainties

The uncertainty on simulated event yields due to uncertainties in the value of αS is eval-

uated by comparing the nominal cross section prediction with the predictions when αS is

varied by its uncertainties around its central value. The strong coupling constant central

value is αS(MZ) = 0.1180 ± 0.0015 [5]. The size of the αS uncertainty on simulated event

yields ranges from 0% for electroweak Wγjj, where αS does not enter into the cross section

calculation at leading order, to 1-2% for the other simulated event samples.

7.1.4 Other Theoretical Uncertainties

The three sources of theoretical uncertainties described above do not cover all uncertain-

ties in the modelling of physics processes. Specifically, Equation 2.1 does not specify the

behaviour of the spectator quarks in the proton that are not involved in the hard scatter.

Particles can be produced in soft collisions between spectator partons. These in addi-

tion to the beam hadrons make up the underlying event. Since different event generators

model the underlying event differently, a theory uncertainty can be assigned by evaluat-

ing the difference between two different event generators.

Similarly, uncertainties in the parton shower and hadronization models used to simu-

late events are estimated by comparing the predicted event yields obtained using different

event generators. In this analysis, the difference between two different event generators

and parton showering algorithms are used to estimate an uncertainty in the event yield

of the signal process, as well as on the event yield of the largest simulated background,

the QCD Wγjj background.
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Figure 7.1: The effect of scale, PDF, and αS variations on the QCD Wγjj event yield pre-

dicted by the Sherpa event generator as a function of pγT . The yield predicted by the

Madgraph event generator is also shown.

The scale, PDF and αS uncertainties on the simulated QCDWγjj event yield predicted

by the Sherpa event generator as a function of pγT are shown in Figure 7.1. In addition, the

yield predicted by the Madgraph event generator is shown.

7.2 Experimental Uncertainties

Experimental uncertainties cover uncertainties arising from efficiencies of cuts on object

selections, detector resolution and calibration. The methods used to estimate these uncer-

tainties are outlined in this section. The systematic uncertainties are grouped according

to the physical object reconstruction or analysis steps in the analysis chain affected. The
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effect of each source of uncertainty on the final measurements are discussed in Chapters

8 and 9.

• Photons: The selection cuts used to identify tight photons that are also isolated have

different efficiencies in simulated samples and data. The simulated event yields are

scaled to match data distributions using scale factors. The scale factors are calcu-

lated with methods that come with their own modelling uncertainties and their own

biases [69]. For example, the uncertainty on the identification scale factor ranges

from 0.5% (high pT , unconverted photons) to 12% (low pT , converted photons) while

the uncertainty on the photon isolation energy scale factor is around 1%.

In addition to the photon selection cut efficiencies, the simulation of the calorimeter

energy scale and resolution differs from what is observed in data. The scale and

resolution of the photon energy is calibrated to match data using Z → e+e− events.

This calibration comes with uncertainties associated with electronics calibration, de-

tector geometry and uncertainties in simulation. Overall 64 different sources of un-

certainty describe the uncertainty in photon energy scale and 9 different sources of

uncertainty describe that of the photon energy resolution [99].

• Electrons: Electrons are similarly affected by the uncertainties in the energy scale

and resolution of the electromagnetic calorimeter. Scale factors to correct for dif-

ferences between data and simulation in the efficiency of the electron isolation and

identification cuts are also used and carry their own uncertainties. In addition, other

scale factors with their uncertainties are used to correct the electron trigger efficiency

and the electron reconstruction efficiency [100].

• Muons: Muons come with scale factors accounting for differences observed in data

and simulation in their identification, isolation, trigger and reconstruction efficien-

cies. An additional scale factor is also applied to muons in simulated events to cor-

rect for the track to vertex association efficiency. Uncertainties on the momentum

scale and the resolution of the muon spectrometer are also taken into account.
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• Jets: The jet energy scale is calibrated using the data to simulation ratio of the trans-

verse momentum balance between jets and a reference object [101]. Uncertainties

in the jet energy scale come from the different reference objects used, i.e. Z bosons,

photons, and multijets. The value of each uncertainty depends on the jet transverse

momentum and pseudorapidity. Additional uncertainties arise from the jet energy

that is not fully contained in the hadronic calorimeter (punch-through uncertainty)

and uncertainty in the pileup subtraction used to correct the jet energy. Over 100

different uncertainty sources describe the uncertainty on the jet energy scale [101].

Similarly, there are several uncertainties on the jet energy resolution that come from

the difference in jet energy resolution between data and simulation. The jet energy

resolution also has several sources of uncertainties associated with the pileup sub-

traction technique used to correct for the jet energy.

Another source of uncertainty is the difference in the detector response to light and

heavy flavor jets in different generators [102]. These uncertainties are derived by

comparing different hadronization models in the Sherpa event generator [103], dif-

ferent shower models in the Herwig event generator [104], as well as the differences

between Pythia [105] and Sherpa which capture differences in multi-parton interac-

tions, underlying event and hadronic shower effects.

Additional uncertainties are included in the calculation of scale factors to correct

for differences between data and simulation in the efficiency of b-jet tagging and jet

vertex tagging.

• Missing Transverse Energy: As Emiss
T is calculated by balancing the transverse mo-

mentum of objects in the transverse plane along with tracks not matched to physics

objects, the momentum scale and resolution of the physics objects as well as the

tracks affect the missing transverse energy calculation [74].

• Pileup Reweighting: The simulated event overlay of proton-proton interactions

used to simulate pileup conditions is reweighted to match the average number of
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interactions per bunch crossing observed in data. The statistical uncertainty associ-

ated with this reweighting technique is taken into account.

• Luminosity: The luminosity measurement is performed with multiple detectors us-

ing data recorded during designated “van der Meer” scans performed with a small

number of protons per bunch (low-µ) and fewer proton bunches in the bunch train.

The instantaneous luminosity during these special LHC runs designated for lumi-

nosity measurements is orders of magnitude below that of the instantaneous lu-

minosity during normal Run 2 physics data taking. The dominant source of un-

certainty in the luminosity measurement comes from the uncertainty in extrapo-

lating from the lower instantaneous luminosity of the special runs to the physics

data taking conditions. Other large sources of uncertainty come from beam-beam

effects, magnetic non-linearity in “van der Meer” scans, and scan-to-scan repro-

ducibility [66].

The uncertainties on individual objects are propagated to event yields by repeating

the analysis selection with scale factors or resolution and scale parameters varied by their

uncertainties. To provide the reader with an example, the effect of the different categories

of experimental uncertainties on the overall yield of electroweak Wγjj and QCD Wγjj

events are summarized in Table 7.1. As can be seen, the largest sources of experimental

uncertainty come from the jet energy scale and calibration.
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Uncertainty Source Impact on EW Wγjj yield [%] Impact on QCD Wγjj yield [%]
Photons 1.9 2.0
Electrons 0.6 0.6

e/γ Scale and Resolution 0.4 0.4
Muons 0.8 0.9

Jets 3.2 4.4
Emiss
T 0.7 0.8

Pileup 1.9 1.3
Luminosity 0.8 0.8

Table 7.1: Relative uncertainty values on simulated electroweak and QCD Wγjj event

yields for different categories of experimental uncertainties. The relative values from

individual sources of uncertainty in a category are added in quadrature.
.
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Chapter 8

Statistical Significance and Cross Section

Measurement

This chapter describes the method used to extract the number of signal events observed in

data. This is done using a profile likelihood fit of the neural network output distribution

described in Chapter 6 taking into account the number of background events and the

uncertainties on the predicted event yields as described in Chapter 7.

As described below, the free parameters of the fit are normalization factors for the

electroweak signal process and the QCD Wγjj background. The normalization factor for

the electroweak signal µEW is the parameter of interest in the fit. The fit uses two regions:

a signal region defined by requiring that an event has no jets in the rapidity gap between

the two leading transverse momentum jets, and a control region defined by requiring that

an event has at least one jet in the rapidity gap between the two leading jets. The control

region is enriched in QCDWγjj events while the signal region is enriched in electroweak

Wγjj events. Both regions are used to constrain the electroweak Wγjj and QCD Wγjj

normalization factors but because of the relative size of the QCD Wγjj and electroweak

Wγjj yields in the signal and control region, the QCD normalization factor is primarily

constrained in the control region while the signal normalization factor is primarily con-

strained in the signal region. To calculate an expected statistical significance of signal
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observation, as described in Section 8.2, data is unblinded in the control region but a so-

called Asimov dataset is used in the signal region. The observed significance reported in

Section 8.3 is obtained from a fit to data in both the signal and control regions. In Section

8.4, the observed number of signal events extracted is used to calculate a fiducial cross

section.

8.1 Statistical Model and Statistical Significance Calcula-

tion

A profile likelihood fit is performed to maximize the likelihood of observing n events

given that ν events are expected [106]. For this analysis, the likelihood function L can be

written in a simplified form as the product of Poisson distributions

L =

Nbins∏
i

Nreg.∏
r

P (ni,r|µEWKSi,r(θ) +Bi,r(µQCD, θ)) (8.1)

where Nbins is the number of bins of the kinematic distribution, Nreg. is the number of

regions, P represents a Poisson distribution, ni,r is the number of observed events in data

in bin i and region r, Si,r is the predicted number of signal events in bin i and region r,

Bi,r is the predicted number of background events in bin i and region r, and θ generically

refers to a nuisance parameter associated with an uncertainty in the signal prediction or

the background estimation. The normalization factors µEW and µQCD are parameters that

are allowed to float in the fit. The parameter µQCD is defined as

µQCD =
σmeasuredQCD

σpredictedQCD

(8.2)

and µEW , defined as

µEW =
σmeasuredEW

σpredictedEW

(8.3)
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where σmeasuredEW (QCD) and σpredictedEW (QCD) denote the measured and predicted cross sections of EW

(QCD) Wγjj production, respectively.

Nuisance parameters, θ, are categorized into Gaussian nuisance parameters and Gamma

nuisance parameters. Gaussian nuisance parameters, α, correspond to the sources of un-

certainty that have been estimated with auxiliary measurements but for which their true

parent distribution is not known. These include the uncertainties associated with the ex-

pected yields from non-prompt background sources, the theoretical uncertainties on the

prompt background yield estimate, and the experimental uncertainties. These uncertain-

ties are included in the likelihood as a product of Gaussian constraint terms

L(α) =
Nα∏
j

G(αj|0, 1) =
Nα∏
j

1

2π
e−

α2
j

2 (8.4)

where Nα represents the number of uncertainties and αj are free parameters of the fit. As

such, the likelihood favors values of α that are close to their estimated value.

The Gamma nuisance parameters, γ, account for the statistical uncertainty on the sum

of backgrounds in a given bin. They are constrained using a product of Poisson distribu-

tions

L(γ) =

Nγ∏
k

P (bk|γkbk) =

Nbins∏
k

(γkbk)
bke−γkbk

Γ(γkbk + 1)
(8.5)

where bk is the number of expected events in bin k, γk are free parameters of the fit and

Γ =

∫ ∞
0

tx−1e−tdt (8.6)

is the Gamma function which replaces the factorial γkbk! in a typical Poisson distribution

to account for the possibility that the expected number of events is not an integer.
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Putting all these components together, a more complete description of the likelihood

function used in the fit to data is

L(µEW , µQCD, α, γ) =

Nbin∏
i

Nreg.∏
r

P (ni,r|µEWSi,r(α, γ) +Bi(µQCD, α, γ))

×
Nα∏
j

G(α|0, 1)

Nγ∏
k

P (bk|γkbk)

(8.7)

Each experimental uncertainty is assigned one nuisance parameter since experimental

uncertainties are correlated across different physics processes simulated and analysis re-

gions. Theory uncertainties like PDF uncertainties that are constrained by measurements

are assigned one nuisance parameter per physics process simulated. There is no a priori

reason to believe uncertainties arising from missing orders of a perturbative expansion

are correlated between regions. Scale uncertainties are thus assigned one nuisance pa-

rameter per region and per physics process simulated. The difference between the two

QCD Wγjj event generators is assigned two nuisance parameters, one derived from the

difference in the shape between the two generators and another derived from the differ-

ence in normalization between the two generators. These two nuisance parameters along

with the scale uncertainty may be pulled in the fit to account for mismodelling of the

QCD Wγjj background. Similarly, one nuisance parameter is derived from difference of

shape between the two electroweak Wγjj generators.

To find the maximum likelihood estimators of µEW , µQCD and all nuisance parameters

the negative log likelihood is minimized. Using the symbol θ to represent the Gaussian

and Gamma nuisance parameters, the best values of µEW , µQCD and θ parameters are

obtained when

− ∂ [lnL]

∂µEW∂µQCD∂θ
= 0 (8.8)

Next a frequentist significance test can be used to establish whether or not the measured

value, µ̂EW , constitutes an observation. The significance test makes use of the profile
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likelihood ratio

λ(µEW ) =
L(µEW ,

ˆ̂
θ)

L(µ̂EW , θ̂)
. (8.9)

where ˆ̂
θ is the value of nuisance parameters which maximize L for a given value of µEW

and µ̂EW and θ̂ are values of the estimators that maximize L. These are referred to as the

conditional and unconditional maximum likelihood estimators, respectively. The profile

likelihood ratio, λ(µEW ), is close to one when data agrees well with the hypothesized

value of µEW .

A test statistic can then be defined to quantify the compatibility between µEW and the

measured data. The profile likelihood ratio test statistic is denoted

tµEW = −2 ln[λ(µEW )] (8.10)

such that the test statistic is 0 when data is in perfect agreement with the model under

a hypothesized value of µEW and the test statistic value grows with incompatibility be-

tween the hypothesized value of µEW and data. This incompatibility is quantified using

the p-value, defined as

p =

∫ ∞
tobsµEW

f(tµEW |µEW )dtµEW (8.11)

where f(tµEW |µEW ) is the probability density function of tµEW for a given µEW . According

to Wilke’s theorem [107], in the large statistics limit, this probability density function is a

χ2 distribution. This can be converted to an equivalent significance, Z, using

Z = Φ−1(1− p) (8.12)

where Φ−1 is the inverse of the cumulative distribution of the standard Gaussian. This

means a Gaussian distributed variable has probability p of being found Z standard devi-

ations away from the mean. The frequentist significance test is described to compare the

measured value of µEW with the null hypothesis, µEW = 0, otherwise described as the
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background only hypothesis. In this case, the equivalent significance is given by

Z =
√
−2 lnλ(µEW = 0). (8.13)

It is an accepted standard in the field that rejecting the null hypothesis with an equivalent

significance of Z = 5 constitutes an observation of the process.

8.2 Expected Statistical Significance

Before unblinding the analysis, a fit is performed to obtain an expected statistical significance

using a so-called Asimov dataset constructed from data in the control region and from the

expected yields in the signal region. In this way the fit model can be studied without risk

of bias that might come with observing the data in the signal region.

The Asimov dataset is constructed by first performing a background only fit in the

control region only. The nuisance parameters and QCD Wγjj normalization factor ob-

tained in this fit are then applied to the expected yields in the signal region to create the

Asimov dataset in the signal region. Expected results are obtained by simultaneously fit-

ting the normalization factors and nuisance parameters to data in the control region and

to the Asimov dataset in the signal region. By construction, the fitted value of the param-

eter of interest should be 1 and the fitted value of the QCD normalization factor will be

the value to which it is constrained in the control region only.

The background only fit used to construct the Asimov dataset is shown in Figure 8.1.

As can be seen before the fit there is good agreement between the data and simulation in

the control region except for a slight mismodelling of shape. This is corrected for by the

nuisance parameters in the fit associated with the QCD Wγjj theory uncertainties. The

resulting fitted value of the QCD Wγjj normalization factor is

µQCD = 1.03± 0.46 (8.14)
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Figure 8.1: Comparison of data and the signal and background model in the control re-

gion before (left) and after (right) the background only fit to data. The obtained value of

µQCD and the nuisance parameters in this fit are used to construct the Asimov dataset in

the signal region.

where the uncertainty on the parameter includes all uncertainties affecting the back-

ground prediction in the analysis. This fitted value of the normalization factor, along

with the fitted values of the nuisance parameters, are injected into the templates in the

signal region and the full fit as described above is performed. The resulting fitted values

of the normalization factors in this fit are

µEW = 1.00± 0.17 (8.15)

and

µQCD = 1.03± 0.36 (8.16)

as expected given that this fit is performed using an Asimov dataset.

125



The expected statistical significance is calculated using the procedure described above

assuming the null hypothesis µEW = 0. The expected significance obtained from the

simultaneous fit of data in the control region and the Asimov dataset in the signal region

is 6.3σ. The value of the likelihood ratio test statistic as a function of the parameter of

interest, µEW , is plotted in Figure 8.2. The significance value can be calculated using

Equation 8.13 and the value of λ at µEW = 0, corresponding to the background only

hypothesis.

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

EW
µ

0

2

4

6

8

10

12

14

16

18

20

λ
-ln

Figure 8.2: Value of the likelihood ratio test statistic as a function of the parameter of

interest, µEW , in the fit to data in the control region and an Asimov dataset in the signal

region.

Given there is reasonable agreement between data and the model in the control re-

gion, the fit converges and no unreasonable pulls of nuisance parameters are seen, and

a significance well above the observation threshold is expected, the fit is next applied to

real data in both the signal and control regions.

8.3 Observed Statistical Significance

The fit to data in both the signal and control regions is shown in Figure 8.3. As can

be seen, there is reasonable agreement in the shape of data compared to predictions in
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the signal and control regions, but a statistically significant difference in normalization

in the signal region. The electroweak normalization µEW corrects for the normalization

difference between data and predictions and good agreement is seen post-Fit.

The fitted values of the normalization factors obtained are shown in Table 8.1 and the

Signal Parameter
Value
µEW 1.51± 0.19
µQCD 1.01± 0.36

Table 8.1: Measured electroweak normalization factor (µEW ) and QCD normalization fac-

tor (µQCD) after performing the simultaneous fit to data in both signal and control regions.

pull of all nuisance parameters in the fit can be seen in Appendix I. The background only

hypothesis is rejected with a significance of 9.0σ as can be seen in the scan of the test

statistic in the parameter of interest in Figure 8.4. This constitutes the first observation of

the electroweak production of Wγjj using data recorded by the ATLAS detector.

8.4 Fiducial Cross Section Measurement

To provide a result that can be compared to measurements performed by other exper-

iments and to predictions of beyond Standard Model theories, a measured number of

events or kinematic distribution should be corrected for the finite resolution and limited

acceptance of the detector. This correction is called unfolding. Generally in the procedure

of unfolding, reconstructed quantities from detector objects must be compared with truth

quantities in the simulation before simulating detector effects. This can be done with an

unfolding correction factor

C =
N reco

N fid
(8.17)

where N reco is the number of simulated signal events passing the signal region selection,

while N fid is the number of simulated events in the sample passing a set of selection
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Figure 8.3: Comparison between data and the signal and background model in the signal

region (left) and the control region (right) before (top) and after (bottom) the simultaneous

fit to data in both regions is performed.
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Figure 8.4: Value of the likelihood ratio test statistic as a function of the parameter of

interest µEW in the fit to data in the signal and control regions (observed) and in the fit

to data in the control region and an Asimov dataset in the signal region (expected) taken

from Figure 8.2.

criteria that is made to mimic the signal region selection using only truth information.

The set of criteria applied to truth-level information defines the “fiducial region”.

8.4.1 Fiducial Region Definition

A fiducial region is defined with three goals in mind. The fiducial region should repre-

sent an area of phase space that is as close as possible to the reconstructed region to avoid

extrapolating the measurement into phase space that is not sampled in data. The fiducial

region should be chosen such that theoretical predictions do not change dramatically with

different modelling of Standard Model physics processes; in other words, the fiducial vol-

ume should be largely model independent. Finally, the fiducial region should be simple

and easy to interpret. RIVET [108] is a standard tool for comparing measured results with

simulated predictions. A RIVET routine for this analysis is provided for comparison with

theory predictions.

129



With these considerations in mind, final state objects in the fiducial region are defined

as follows:

• Leptons: Leptons are prompt electrons and muons in the event generator truth

record. Leptons generated from hadron decays are excluded. Photons within a

cone of ∆R < 0.1 from the prompt leptons are removed from the event and their

transverse momentum is added to the lepton to account for radiation of photons

from leptons.

• Jets: Jets are defined at the event generator truth level by collecting all stable parti-

cles in the event, removing the leptons as defined above, and clustering them with

the anti-kt algorithm described in Section 4. As a final step, isolated photons in the

truth record are then removed from the resulting list of jets.

• Missing Transverse Energy: The missing transverse energy is calculated as the neg-

ative of the transverse momentum of all neutrinos in the generator record, excluding

neutrinos from hadron decays.

• Photons: Photons considered in the definition of the fiducial region are those ap-

pearing in the event generator truth record. These photons are then further required

to satisfy an isolation requirement.

At truth level, photon isolation energy is defined as the sum of the transverse energy

of all stable particles in the event generator truth record that lie within a cone of radius

of R = 0.4 from the photon, excluding muons, neutrinos and the photon itself. This is

different from the photon isolation energy calculated at detector level. At detector level,

a subtraction of calorimeter cell energy at the center of the photon candidate accounts for

the photon transverse energy.

A lack of photon isolation cut would result in unfolding correction factors that are

highly dependent on the final state production mechanism. Since a photon is more likely

to fail the reconstructed isolation cut in events with high jet multiplicities, the same be-
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Figure 8.5: Schematic diagram representing model dependence considerations in truth

photon isolation definition. On the left, the energy of the particle in the photon isolation

cone is fully included in the isolation energy calculation. On the right radiative emission

from the particle migrates into the photon isolation cone, introducing a dependence on

the fragmentation model

havior should be mimicked at truth level. However a photon isolation cut can also intro-

duce a dependence on the modelling of fragmentation, or the splitting of a parton into

the multiple hadrons that make up a jet. One can imagine a parton created at the same

vertex as a photon. If the momentum vector of the parton falls within the photon isolation

cone, the full parton energy is included in the isolation energy calculation; however if the

momentum vector lies just outside the photon isolation cone, radiative emission from the

parton could migrate into the isolation cone boundary. This introduces a dependence on

the modelling of real emission into the photon isolation calculation. This consideration is

illustrated in Figure 8.5.

To minimize model dependence, a truth photon isolation cut such that half the pho-

tons with truth isolation at the value of the cut pass the reconstructed level isolation cut

and half the photons at the value fail this cut is chosen. The value of the cut satisfying this

criteria is found by mapping the truth isolation energy, scaled by the photon transverse

momentum, to the reconstructed isolation energy and choosing the value that maps to
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Figure 8.6: The average value of the isolation energy of reconstructed photons as a func-

tion of the truth value of isolation energy in simulated signal events. Both values are

scaled by the photon transverse momentum.

the value of the cut used at reconstructed level, Econe40,reco
T < 0.022 Eγ,reco

T + 2.45. This fit

is shown in Figure 8.6.

This method suggests an isolation cut at truth level of Econe40,truth
T < 0.2 Eγ,truth

T . Plot-

ting the ratio of events that pass the reconstructed isolation to those that fail the recon-

structed isolation as a function of the truth photon isolation cut (Figure 8.7) shows that

the proposed value of the cut has the desired behavior of accepting approximately 50%

of events. Note that the same cut is obtained with a different simulated event generator

used to model the signal process.

Truth-level objects have now been defined following the goals outlined in defining the

fiducial region. The same overlap removal algorithm is applied to truth objects as is done

on reconstructed objects and the identical event selection requirements are applied. As a

result, the unfolding procedure does not extrapolate through large regions of phase space

that are not sampled by the experiment.
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Figure 8.7: The ratio of events in which the photon passes the reconstructed detector level

isolation energy cut to those that fail in bins of truth level photon isolation energy scaled

by truth photon transverse energy.

8.4.2 Fiducial Cross Section

With the fiducial region defined, a fiducial cross section is calculated as

σfid =
µEWN

predicted
EW

CL
(8.18)

where Npredicted
EW is the number of predicted signal events in the signal region, µEW is the

measured signal normalization factor obtained in the fit, L is the integrated luminosity of

the dataset, and C is the unfolding correction factor used to account for the imperfect re-

construction efficiency of the detector as described above. The unfolded correction factor

is calculated using simulated reconstructed and truth level events from the Sherpa event

generator. The unfolding correction factor is C = 0.43. With a perfect reconstruction effi-

ciency and detector resolution, the unfolding correction factor would be 1. Various factors

contribute to make the correction factor less than 1 including, but not limited to, less than
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perfect resolution, limited muon trigger efficiency and limited electron identification effi-

ciency.

The error on the measured fiducial uncertainty due to a specific source of uncertainty

is calculated as

∆σfid = σfidnominal −
(µEW + ∆µEW )Npredicted

EW

(C + ∆C)L
(8.19)

where C and µEW are the nominal unfolding correction factor and measured electroweak

normalization factor, ∆C is the change in unfolding correction factor resulting in changes

in N reco and N fid induced by varying a source of systematic or theory uncertainty, and

∆µEW is the change in µEW resulting from the fit repeated with a nuisance parameter

corresponding to an uncertainty fixed to θ̂±∆θ̂. In this way, the correlation between µEW ,

N reco, and N fid are accounted for in calculating the contribution of a specific uncertainty

to ∆µEW .

Note that there is a statistically significant difference in the correction factor predicted

by the Madgraph and Sherpa event generators. Using the Madgraph event generator,

C = 0.47. This is likely due to differences in the modelling of jet kinematics between the

two event generators, in particular, the leading jet transverse momentum and the rapid-

ity separation between the two leading jets, which are both used to define the fiducial

volume. This difference between the correction factors is included as an uncertainty on

the fiducial cross section measurement.

Using Equation 8.18 and the prescription for calculating the uncertainty on the fiducial

cross section described in Equation 8.19, the measured fiducial cross section is σfid = 15.8

± 3.0 fb. The comparison of the measurement to the Sherpa and Madgraph event gener-

ator predictions is shown in Figure 8.8. Note that while the measurement is statistically

different from the Sherpa event generator prediction, the measurement is consistent with

the Madgraph event generator prediction. The contribution of various sources of error to

the fiducial cross section measurement are shown in Table 8.2. The measurement is dom-

inated by statistical uncertainty on the simulated samples. Uncertainties on the pileup
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Figure 8.8: The measured fiducial cross section compared with the fiducial cross sections

predicted by the Sherpa and Madgraph event generators.

reweighting, the jet energy scale and resolution, and uncertainties on the electroweak

Wγjj and QCD Wγjj predictions also are large contributions to the total uncertainty.

The difference in total predicted cross section between Sherpa and Madgraph has been

observed in other analyses of electroweak production of gauge bosons in association with

jets. The predictions of different generators for W±W± production in association with

two jets was studied in detail in [46]. In the Madgraph sample used in this analysis,

matrix elements are calculated for two jet events. The event generation is then interfaced

to the Pythia 8 [105] parton shower simulation. The simulated events are matched with

the parton shower using a method called FKS subtraction [109]. In the Sherpa signal

event sample the matrix element is calculated with up to one additional jet. Events are

then merged with the parton shower using the CKKW matching scheme [110]. A non-
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Uncertainty Source Fractional Uncertainty
Simulated Event Statistics 0.11
Jets 0.08
Lepton,Photon,Pileup 0.08
EW Wγjj Model 0.07
Strong Wγjj Model 0.06
Non-prompt Background Model 0.02
Luminosity 0.02
Other Background Model 0.02
Emiss
T 0.01

Table 8.2: Fractional uncertainty of various sources of uncertainty to the measured fidu-

cial cross section.

optimal handling of the flow of color charge between the simulated events and the parton

shower likely leads to the lower overall cross section. Sherpa also predicts a narrow ∆yjj

distribution and a softer leading jet transverse momentum spectrum, both of which are

used to define the phase space in which the measurement is performed.

This measurement provides a test of the validity of the Standard Model. The measure-

ment is in agreement with the Madgraph event generator prediction. The measurement is

compatible with the Sherpa event generator within two standard deviations, which likely

points to incorrect modelling in the Sherpa sample.
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Chapter 9

Differential Cross Section Measurement

The observation of the electroweak production of a W boson and a photon in association

with two jets was presented in the previous chapter. Given this observation, it is valu-

able to further characterize the kinematic properties of electroweak Wγjj events. This

process will become a background to future ATLAS Run 3 analyses and it is important to

understand the kinematic properties of these events as well as how well event generators

simulate their characteristics. Some of the kinematic distributions of electroweak Wγjj

events are also sensitive to potential non-Standard Model contributions to the quartic

WWγγ gauge coupling. In this chapter, the measurement of the differential cross section

of the electroweak production of a W boson and a photon in association with two jets

is presented in various kinematic variables. The measured differential cross sections are

compared with the predictions from the Madgraph and Sherpa event generators to assess

the quality of the modelling of this process.

9.1 Differential Extraction Methodology

The extraction of a differential cross section is not motivated by a desire to observe the

process, but by the potential sensitivity to new physics. For this reason, the differential

extraction is done in a more exclusive phase space than that used for the fiducial cross
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section measurement. Here the dijet mass is required to be greater than 1 TeV. The mea-

surement of electroweakWγjj production presented in Chapter 8 had large uncertainties

from the modelling of the large QCD Wγjj background. In order to constrain the mod-

elling uncertainties, a different methodology is used to extract differential cross sections

where the normalization and shape of QCD Wγjj background is constrained in three

control regions. The data is split into a signal region and three control regions based on

the amount of hadronic activity in the rapidity gap between the two leading jets and the

centrality of the lepton-photon system. The signal and control regions are summarized

in Table 9.1 where Mjj is the dijet mass, ∆yjj is the rapidity gap between the two leading

jets, N gapjets is the number of jets in the rapidity gap between the two leading jets and

ξlγ is the centrality of the lepton and photon system, defined as ξlγ = |ylγ−(yj0+yj1 )

∆y(j0,j1)
| where

j0 and j1 are the highest and second highest transverse momentum jet, respectively.

SR CRA CRB CRC

Mjj > 1 TeV, ∆yjj > 2

N gapjets = 0 N gapjets > 0 N gapjets > 0 N gapjets = 0

ξlγ < 0.35 ξlγ < 0.35 0.35 < ξlγ < 1 0.35 < ξlγ < 1

Table 9.1: Table summarizing the criteria used to define the signal region (SR) and three

control regions (CRA,CRB,CRC) used to extract differential distributions of electroweak

Wγjj events.

Similar to the one used for the measurement of the fiducial cross section described in

Chapter 8, the differential cross section measurements rely on a maximum likelihood fit.

In this case, the likelihood is defined as

L =
∏
r,i

P(Ndata
ri |γriνri(α))P

((
νri(1)

δri

)2
∣∣∣∣∣ γri

(
νri(1)

δri

)2
)

(9.1)

where Ndata
ri is the number of data events in bin i and region r, α are the free parameters

of the fit described below. The term γri is a nuisance parameter which accounts for the
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finite statistics in the simulated sample which is constrained by the Poisson constraint

term

P

((
νri(1)

δri

)2
∣∣∣∣∣ γri

(
νri(1)

δri

)2
)

(9.2)

where δri is the statistical uncertainty of the simulated sample. The symbol νri is the

predicted event yield in region r and bin i and is given by

νri = µiν
EW
ri + νQCD

ri + νother
ri . (9.3)

where νEW
ri is the simulated prediction for the electroweak Wγjj event yield, µi is the sig-

nal strength that is a free parameter of the fit, νQCD
ri represents the QCD Wγjj event yield

and νother
ri represents the predicted number of events from the other simulated and data

driven estimated backgrounds. The parameter νQCD
ri is constrained by the free parameters

in the fit bL,i, bH,i and C according to

νQCD
SR,i = bL,i C νQCD,MC

SR,i ,

νQCD
CRA,i = bL,i ν

QCD,MC
CRA,i ,

νQCD
CRB,i = bH,i ν

QCD,MC
CRB,i ,

νQCD
CRC,i = bH,i C νQCD,MC

CRC,i .

(9.4)

Revisiting Equation 9.1, α can be defined as the vector of free parameters in the fit, α ≡

(µ1, . . . , µn, bL,1, . . . , bL,n, bH,1, . . . , bH,n, C).

Along with the signal strength µi, the free parameters in the fit are: bL,i which can

be thought of as a term to reweight the QCD background bin-by-bin in regions of low

centrality (SR and CRA); bH,i which is a similar reweighting for high centrality (CRB and

CRC), and a correction factor C. The bin-by-bin reweighting factors are primarily con-

strained in the QCD background-rich regions with enhanced hadronic activity in the gap

between the leading jets (CRA and CRB). The correction factor is included to account
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for the extrapolation from high to low hadronic activity. A constant correction factor is

chosen.

There is a tradeoff between statistical and systematic uncertainties when adding ad-

ditional control regions to the likelihood fit. With only one control region, there are not

enough degrees of freedom to include the correction factor C, resulting in larger QCD

theory uncertainties, but this comes with smaller statistical uncertainties on a smaller

number of free parameters constrained in the fit. A choice is also made in the use of CRA

to constrain the bin-by-bin reweighting factors used in the signal region and the use of

a correction factor to account for uncertainties in the extrapolation across the N-gapjets

boundary. The bin-by-bin reweighting factors could just as well be shared by the signal

region and CRC and C be used to cross the ξlγ boundary.

Unlike the likelihood fit described ins Section 8.1, there are no Gaussian constraint

terms parameterizing the systematic uncertainties affecting the measurement here. The

same set of experimental and theory uncertainties as those described in Chapter 7 are

taken into account, but their treatment in the extraction of differential cross section mea-

surements is different than the approach used to measure the fiducial cross section. This

is done because with the smaller statistics available in each control region, it is important

to gauge the statistical significance of the systematic uncertainties.

9.2 Treatment of Uncertainties

9.2.1 Experimental Uncertainties

Each experimental uncertainty discussed in Chapter 7 is treated using the so-called boot-

strapping procedure. The bootstrapping procedure is used to separate systematic effects

from effects arising from the limited statistics available to evaluate systematic variations.

In this procedure,Nbootstrap = 10000 pseudo-experiments are performed where each pseudo-

experiment is the fit with the simulated predictions varied by the systematic. Concretely,

this means creating a nominal prediction and a different systematically varied predic-
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tion by multiplying the simulated event weights by a random number sampled from a

Poisson distribution to simulate statistical fluctuations around the systematically shifted

predicted event yields. The random number seed is the same for both the nominal and

the varied template, and thus preserves the correlation between nominal and varied tem-

plates. If this correlation were not preserved, the difference between the nominal and

systematic bootstrap samples would also reflect statistical fluctuations between the two.

The fit described in Section 9.1 is performed on each pseudo-experiment and the relative

experimental uncertainty is defined as

R
sys
exp =

〈NNom
EW,i −N

exp
EW,i〉

〈NNom
EW,i 〉

. (9.5)

where 〈〉 denotes the average over 10000 pseudo-experiments and NNom
EW,i and N exp

EW,i are

the fitted number of electroweak signal events from pseudo-experiment i for the nomi-

nal and systematically varied prediction, respectively. The statistical uncertainties on the

systematic uncertainty are then defined by taking the RMS of the distribution of the dif-

ference between the nominal and varied pseudo-experiments. The statistical uncertainty

on the systematic uncertainty provides information regarding how likely it is that the dif-

ference between the nominal yield and the yield under a systematic variation is only due

to statistics. If a systematic uncertainty is deemed to be statistically insignificant, i.e. be

below some σthresh, then it is justified to ignore the systematic uncertainty. Multiple σthresh

were considered, but ultimately all systematics are kept. The systematic variations that

are statistically insignificant are a small contribution to the final uncertainty.

9.2.2 Theory Uncertainties

The theory uncertainties are treated as described in Chapter 7. The scale uncertainties

and the uncertainty derived from the difference between the QCD Wγjj prediction of the

Sherpa and Madgraph event generator are evaluated using the bootstrap procedure. The
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uncertainty for the variation of the factorization and renormalization scale is estimated as

R
sys
(µF ,µR) =

〈NNom
EW,i −N

(µF ,µR)
EW,i 〉

〈NNom
EW,i 〉

. (9.6)

where NNom
EW,i is the fitted number of electroweak signal events obtained when using the

predictions without scale variations for bootstrap i and N
(µF ,µR)
EW,i is the fitted number

of electroweak signal events obtained when using a prediction with the scale variation

(µR, µF ). The resulting scale uncertainties are then combined in an envelope as described

in Chapter 7. The uncertainty due to the different predictions for the QCD Wγjj events

is evaluated by performing the fit twice for each bootstrap sample with a different gener-

ator (Sherpa or Madgraph) used to create the QCD Wγjj prediction. The uncertainty is

then defined as

R
sys
Gen Choice =

〈NNom, Sherpa
EW,i −NNom, MG5

EW,i 〉

〈NNom, Sherpa
EW,i 〉

. (9.7)

where NNom,Sherpa
EW is the fitted number of electroweak signal events where the Sherpa

QCD Wγjj prediction is used and NNom,MG5
EW is the fitted number of electroweak signal

events obtained when the Madgraph QCD Wγjj prediction is used. As there is no cor-

relation between the Madgraph and Sherpa predictions, the bootstraps used to evaluate

the systematic uncertainty arising from the choice of event generator are uncorrelated.

9.2.3 Statistical uncertainties

Statistical uncertainties on the data and the simulated event samples are evaluated by

performing the fit for 10000 pseudo-experiments where the data or simulated events are

fluctuated by a random value sampled from a Poisson distribution with a mean value

taken as the number of observed or predicted events. The standard deviation of the re-

sulting distribution of fitted number of electroweak signal events divided by the nominal

fitted electroweak number of electroweak signal events is taken as the statistical uncer-

tainty on the data or the simulated samples.
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9.2.4 Likelihood Fit Results

The likelihood fit described above is performed for the distribution of six kinematic vari-

ables: Mjj , p
jj
T , plT , Mlγ , ∆φ(jj) and ∆φ(lγ). The variables ∆φ(jj) and ∆φ(lγ) are defined

through the rapidity ordering of the jets, i.e. the azimuthal angle of the jet with sublead-

ing rapidity is subtracted from the azimuthal angle of the jet with leading rapidity. The

first four variables are chosen as they characterize the process of interest and are expected

to be sensitive to dimension-8 effective field theory operators that give rise to anomalous

values of the WWγγ quartic gauge coupling. The signed azimuthal jet and lγ separation

is expected to be sensitive to operators that violate charge-parity conservation.

The fitted distributions in the signal region with uncertainties calculated as described

above resulting from a fit to data are shown in Figure 9.1.

9.3 Unfolding

The measured kinematic distributions differ from the true distribution of the electroweak

production of Wγ in association with two jets due to less than perfect detector resolution

and reconstruction inefficiencies, as described in Chapter 8. In this section the unfolding

of the measured distributions to true event yield distributions is described.

9.3.1 Iterative Bayesian Unfolding

The challenge of unfolding a differential measurement is in inferring a true distribution

from a measured distribution that is affected by detector efficiency and resolution. Let

x be the true distribution of a kinematic variable and y be the measured distribution.

Each entry corresponds to the number of events observed in a given bin. The true and

reconstructed distributions are related through a response matrix A,

y = A · x (9.8)
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Each element of the response matrix is the conditional probability that a reconstructed

value y falls into bin i given the true value x in a bin j, i.e.

Aij = P (y ∈ i|x ∈ j) (9.9)

The response matrix can also be called a folding matrix as it encodes the detector resolution

and efficiency effects that transform a true distribution into a reconstructed distribution.

Similarly one can define an unfolding matrix that transforms the measured distribution

y into the truth distribution x. The entries of the unfolding matrix represent the condi-

tional probability for a true event x to fall in a bin j given that a reconstructed event y

falls in bin i, i.e.

Ãij = P (x ∈ j|y ∈ i) (9.10)

The unfolding matrix, Ã, is likely not invertible and even if it were, a simple matrix in-

version may not correctly handle statistical fluctuations. A less naive method is needed

to approach the unfolding problem.

The method outlined used in this analysis is an Iterative Bayesian Unfolding and is de-

scribed in detail in [111]. The interested reader is referred there for a more complete

description of the unfolding method, including the estimation of the uncertainties as well

as the application of the unfolding method to multidimensional problems.

As the name suggests, the method relies on Bayes’ theorem

P (x|y) =
P (y|x)P (x)∑nx
l=1 P (y|x)P (x)

(9.11)

where xi denotes a cause and y denotes an effect. The quantity P (x) is the initial proba-

bility of cause x, or the Bayesian prior of cause x, and P (y|x) is the conditional probability,

or probability of y given x. The number of possible causes is given by nx. Addressing

the problem of unfolding measured distributions in the language of Bayes’ theorem, an

effect is an observed event in a given bin of a reconstructed observable, and the cause is

144



the true bin in which the event belongs. With a perfect detector and modelling the bin in

which an event belongs at the truth and reconstructed level would be the same.

With Bayes’ theorem, Equation 9.10 can be rewritten

Ãij =
P (y ∈ i|x ∈ j)P (x ∈ j)

P (y ∈ j)
(9.12)

and making use of Equation 9.9

Ãij =
AijP (x ∈ j)∑Nbins

j AijP (x ∈ j)
(9.13)

where P (x ∈ j) is the truth distribution that is of interest. Written in this form, an initial

guess can be taken for the truth distribution, giving an initial value for Ãij . The initial

guess of the unfolding matrix can then be used to estimate the true distribution as

x̂j =
1

εj

Nbins∑
i

Ãijyi (9.14)

where yi is the measured data and εj is the reconstruction efficiency in bin j. Simulated

signal event samples are used to construct the unfolding matrix and to calculate εj . It is

logical to take the initial guess of P (x ∈ j) from the simulated signal event samples.

From the first guess, xk=0, the iterative Bayesian unfolding algorithm proceeds as fol-

lows:

1. Estimate the unfolding matrix Ãkij using Equation 9.13 where simulated events are

used to construct the folding matrix Aij .

2. Estimate x̂k+1 using Equation 9.14 where εj is taken from simulated signal events.

3. Update Ãk+1 with the new value of P (x ∈ j) =
x̂j∑Nbins

j x̂j
.

4. Continue until the χ2 between x̂k and x̂k−1 is small.
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The number of iterations for unfolding must be chosen before analysis unblinding.

Two iterations are chosen as this was shown to minimize the statistical uncertainty on the

unfolded distribution as well as the bias. In general more iterations leads to less bias and

a higher statistical uncertainty. As statistical uncertainties are the largest uncertainties on

the extracted electroweak yield, fewer iterations is preferred.

9.3.2 Unfolded Results and Treatment of Uncertainties

The unfolding technique described above is performed on the six differential event yield

distributions extracted. The response matrices of the unfolded variables are shown in

Figure 9.2. The degree to which the response matrix is diagonal reflects the choice of

binning and the resolution of the observable which is unfolded.

To evaluate the uncertainty on the unfolded number of events, the pseudo-experiments

used in calculating the systematic, theory, and statistical errors are also unfolded and the

unfolded distributions are used to construct the uncertainties post-unfolding the same

way the pseudo-experiments are used to calculate the errors on the extracted distribu-

tions. To extract a systematic due to the choice of simulation for signal events, the same

signal prediction is used to construct the response matrix and calculate efficiencies as is

used as the signal prediction in the differential signal extraction. The largest uncertainties

on the differential measurement vary based on the distribution measured. In Figure 9.3

the fractional uncertainty of different uncertainty sources on the measurement of Mjj are

shown. Consistent with the fiducial cross section measurement, statistical uncertainties,

jet energy scale and resolution uncertainties, and electroweak and QCD Wγjj modelling

uncertainties are the dominant uncertainties.

The unfolded event yield distributions are divided by the total integrated luminos-

ity of the dataset to obtain unfolded differential cross sections. The unfolded differential

cross sections are shown with all uncertainties in Figure 9.4. Each differential cross section

is shown along with the predictions from the Sherpa and Madgraph event generators.

The measured cross sections fall for the most part between the Sherpa and Madgraph
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predictions. Consistent with what is observed in the fiducial cross section measurement,

Sherpa falls systematically below the measured differential cross sections but is consistent

with measurements within two standard deviations. As well as a difference in normal-

ization, it can be seen that the jet kinematic variables are modelled differently between

Sherpa and Madgraph. The differences between Sherpa and Madgraph were discussed

in Chapter 8.

The differential measurements presented here provide another test of the validity of

the Standard Model and provide valuable inputs to understanding the accuracy of differ-

ent event generators in describing the process of interest. The measured differential cross

sections are consistent with Standard Model predictions and will be used in the future to

set limits on the size of potential anomalous quartic gauge couplings.
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Figure 9.1: The electroweak Wγjj event yield in the signal region extracted from a fit to

data, along with the total uncertainty on the measurements.
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Figure 9.2: The response matrices for each unfolded variable. The response matrix is

constructed from signal events simulated with the Sherpa event generator.
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Figure 9.3: The fractional uncertainty from various sources of uncertainty on the unfolded

Mjj distribution.
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Figure 9.4: Electroweak Wγjj unfolded differential cross section distributions as a func-

tion of kinematic variables Mjj , p
jj
T , ∆φjj , plT , ∆φlγ and Mlγ along with the predictions

from the Madgraph and Sherpa event generators. The measured cross section includes

all uncertainties described in Chapter 7 while the error bars on the theoretical predictions

are determined from scale, PDF, αs and statistical uncertainties of the simulated event

samples.
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Chapter 10

Discussion and Conclusion

This thesis presents the analysis of 140 fb−1 of proton-proton collision data taken by the

ATLAS detector between 2015 and 2018 in search of the electroweak production of a W

boson and a photon in association with two jets. This analysis constitutes the first ob-

servation of this process using ATLAS data with an observed(expected) statistical signif-

icance of 9.0(6.3)σ. A fiducial cross section of 15.8 ± 3.0 fb is measured and differential

cross sections are measured in 6 kinematic variables: Mjj , p
jj
T , ∆φ(jj), Mlγ , plT and ∆φ(lγ).

The measurements are found to be statistically consistent with Standard Model predic-

tions.

Prompt backgrounds in the analysis consist of QCD Wγjj production, which is the

largest background in this analysis, electroweak and QCD Zγjj production, and events

with a top quark and a photon. The prompt backgrounds are estimated using simulated

samples. Non-prompt backgrounds arise from jets misreconstructed as photons, elec-

trons misreconstructed as photons, leptons misreconstructed as jets, and events where

the photon comes from a different proton-proton collision. Jets misreconstructed as pho-

tons constitute the largest non-prompt background in this analysis. A template fit method

is used to estimate the number of jets misreconstructed as photons. The electron misre-

constructed as photon background is estimated using a tag and probe method, the jet

misreconstructed as photon background is estimated using the fake factor method, and
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the background arising from photons from other proton-proton collision is estimated by

calculating a pileup fraction in the tails of the ∆z(γ, PV ) distribution of events with con-

verted photons.

In order to make an observation, a neural network is trained to distinguish simulated

signal events from simulated prompt background events. This results in a distribution

which is very signal pure at high values of neural network output. This is the first use

of machine learning to study this process and results in greater sensitivity than previous

studies of this process [43, 45].

A binned likelihood fit of the neural network output is performed to extract a sta-

tistical significance of observation. The fit uses a control region defined by additional

hadronic activity in the rapidity gap between the two leading jets to constrain the QCD

Wγjj background and a signal region defined by no additional hadronic activity in the

rapidity gap between the two leading jets to constrain the normalization of the signal pro-

cess. Nuisance parameters are included in the fit to account for experimental uncertainty,

uncertainty on the data driven background estimates, statistical uncertainty on the sim-

ulated backgrounds and uncertainties arising from the modelling of prompt processes.

The profile likelihood ratio statistic is used to reject the background only hypothesis.

The fitted number of signal events is used to calculate a fiducial cross section. The

fiducial region is designed to be as close as possible to the measured phase space to avoid

extrapolating over regions that have not been probed by the experiment. A photon iso-

lation is included in the fiducial volume to limit model dependence. The measured cross

section is 15.8 ± 3.0 fb. This is consistent with the Madgraph prediction of 14.8 ± 1.0 fb

and within two standard deviations of the Sherpa prediction of 10.4 ± 1.1 fb. The largest

source of uncertainties are the statistical uncertainty, uncertainties on the jet calibration

and uncertainties in QCD Wγjj and electroweak Wγjj modelling.

Differential cross sections are measured in Mjj , p
jj
T , ∆φ(jj), Mlγ , plT and ∆φ(lγ). The

variables Mjj , p
jj
T , Mlγ and pjjT are chosen as they characterize the process of interest and

are expected to be sensitive to dimension 8 effective field theory operators that give rise to
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anomalous values of theWWγγ quartic gauge coupling. The variables ∆φ(jj) and ∆φ(lγ)

are defined through the rapidity ordering of the jets and are expected to be sensitive to

operators that violate charge-parity conservation.

The differential cross sections are measured using a fit with three control regions used

to constrain the shape and normalization of the QCD Wγjj background. The extracted

yields are unfolded to a truth number of events in the fiducial volume using iterative

Bayesian unfolding. The size of the systematic, modelling, and statistical uncertainties

are estimated using the bootstrapping procedure. The measured differential cross sections

agree with the differential cross sections predicted by the Madgraph event generator in

most bins and are above the cross section predicted by the Sherpa event generator but

within two standard deviations in most bins. The uncertainty on the differential cross

sections range from 12% to 35%. The dominant source of uncertainty on the differential

cross section are statistical uncertainties, uncertainties on the jet calibration and uncer-

tainties in the modelling of electroweak Wγjj and QCD Wγjj production.

Both the fiducial cross section measurement and differential cross section measure-

ment are statistically consistent with the Standard Model; however both show disagree-

ment with predictions from the Sherpa event generator at the level of two standard devia-

tions. Sherpa predicts a lower total cross section than Madgraph. Sherpa predicts slightly

different shapes of kinematic variables related to jets, specifically the transverse momen-

tum of the leading jet and the rapidity difference between the two leading jets. This is

likely due to how Sherpa handles the matching of generated events and the simulated

parton shower.

At the time of writing this thesis, ATLAS Run 3 is ongoing and is to be followed by

the High Luminosity LHC. The larger datasets collected in Run 3 and at the HL-LHC

will open the door to measurements of even rarer processes and more precise measure-

ments of processes that have already been observed. This measurement is statistically

limited. There is a large statistical uncertainty on the dominant non-prompt background,

and limited statistics in control regions limit the ability to constrain the large QCD Wγjj
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background. The larger datasets to be collected in years to come will provide much more

statistical power to constrain these dominant backgrounds.

Modelling uncertainties also constitute a large uncertainty on the fiducial and differ-

ential cross sections here. Differences in prediction between event generators for both

the electroweak production of Wγjj and QCD Wγjj are observed and both generators

come with large scale uncertainties. This analysis would greatly benefit from the smaller

scale uncertainties that would come with a next to leading order in QCD prediction of the

signal process.

As the measurement agrees with Standard Model predictions, there is no obvious hint

of anomalous quartic gauge couplings. Nevertheless, the measurements included in this

thesis will be used in the future to set limits on dimension 8 effective field theory operator

couplings. This measurement joins a host of other recent ATLAS and CMS measurements

that are sensitive to quartic electroweak couplings. These measurements open the door to

combined limit setting on dimension 8 effective field theory couplings which will provide

invaluable insights in possible new physics phenomena at energy scales beyond those

probed at the LHC.
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Appendix A

Simulated Event Samples
A summary of the different event generators and the accuracy of their matrix element

calculations, PDF sets, parton shower and hadronization packages, and parameter sets

used to simulate different physics processes is shown in Table A.1. The A14 parameter

tune is performed to LHC data at
√
s = 7 TeV and is described in detail in [112]. The

default tune of the Sherpa event generation shower model is performed to LEP data and

is described in [103]
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Process Prompt/Non-prompt Generator ME Accuracy PDF Shower & Hadronization Parameter Tune

EW Wγjj Prompt Sherpa 2.2.12 LO NNPDF3.0 NLO Sherpa Default

Madgraph5 LO NNPDF3.0 LO Pythia8+EvGen A14

QCD Wγjj Prompt Sherpa 2.2.11 NLO NNPDF3.0 NLO Sherpa Default

Madgraph5 NLO NNPDF3.0 NLO Pythia8+EvtGen A14

EW Zγjj Prompt Madgraph5 LO NNPDF3.1 LO Pythia8+EvtGen A14

QCD Zγjj Prompt Sherpa 2.2.11 NLO NNPDF3.0 NLO Sherpa Default

tt̄γ Prompt Madgraph5 LO NNPDF2.3 LO Pythia8+EvtGen A14

tWγ Prompt Madgraph5 LO NNPDF3.0 NLO Pythia8+EvtGen A14

tqγ Prompt Madgraph5 LO NNPDF3.0 NLO Herwig7+EvtGen Default

Single Top Non-Prompt Powheg NLO NNPDF3.0 NLO Pythia8+EvtGen A14

W+jets Non-Prompt Sherpa 2.2.11 NLO NNFDF3.0 NNLO Sherpa Default

Z+jets Non-Prompt Sherpa 2.2.11 NLO NNPDF3.0 NNLO Sherpa Default

Diboson Non-Prompt Sherpa 2.2.12 NLO NNPDF 3.0 NNLO Sherpa Default

Dijet Non-Prompt Pythia8 LO NNPDF2.3 LO Pythia8+EvtGen A14

EW Wjj Non-Prompt Sherpa 2.2.1 LO NNPDF3.0 NNLO Sherpa Default

EW Zjj Non-Prompt Sherpa 2.2.1 LO NNPDF3.0 NNLO Sherpa Default

tt̄ Non-Prompt Powheg NLO NNPDF3.0 NLO Pythia8+EvtGen A14

tW Non-Prompt Powheg NLO NNPDF3.0 NLO Pythia8+EvtGen A14

Table A.1: Summary of simulated samples used in the analysis presented in this the-

sis. Prompt samples are used to provide template shapes to the fits performed in this

analysis, while samples of non-prompt backgrounds are only used in control regions for

data driven estimates of non-prompt backgrounds or in closure tests of estimates of non-

prompt backgrounds.
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Appendix B

Jets Misreconstructed as Photons: The

2D Sideband Method

To cross check the template fit method used to estimate the number of jets misrecon-

structed as photons, an additional data driven method is employed called the 2D side-

band method. In this cut-and-count method, the photon isolation and identification are

used to define a two dimensional plane consisting of a signal region and three control

regions enriched in jets misidentified as photons. The signal region is defined by the re-

quirement that a reconstructed photon be tight and isolated and the control regions are

defined by inverting the identification requirement, the isolation requirement, or both.

The two dimensional plane is illustrated in Figure B.1.

To account for leakage of prompt photons into the control regions in this method, a

leakage coefficient is defined for each control region as follows

cB =
N sig
B

N sig
A

, cC =
N sig
C

N sig
A

, cD =
N sig
D

N sig
A

(B.1)

where N sig
x are the number of true photon simulated events in region x. The assumption

of the method is that the isolation and identification variables are uncorrelated for events

where a jet is misreconstructed as a photon, however a correlation coefficient R can be
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Figure B.1: Regions used for the 2D Sideband method to estimate the yield of jets misre-

constructed as photons.

defined to account for any deviation from this assumption

R =
N bkg
A ·N bkg

D

N bkg
B ·N bkg

C

(B.2)

where N bkg
X with X = A,B,C is the number of simulated events where a jet is misrecon-

structed in region X. Armed with these coefficients, the number of real photon events in

data is given by:

Nγ
A = NA −N other

A −R((NB −N other
B )− cBNA)((NC −N other

C )− cCNA)

((ND −N other
C )− cDNA)

(B.3)

where N other
X with X = A,B,C are the other backgrounds (events where the photon is nei-

ther a prompt photon or a jet) taken from simulation. Note that the only significant source

of this background in this region is simulated electrons misreconstructed as photons. This

is also estimated as a data driven estimate. The method was performed both with and
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Figure B.2: Correlation coefficient R and signal leakage coefficients (CB, CC , CD) in the

three control regions in the 2D sideband method.

without the subtraction of this background and the result was found to be statistically

equivalent. As such, there is no background subtraction in the following results. The

correlation and leakage coefficients are shown in bins of photon transverse momentum

in Figure B.2

The results of the template fit method and the 2D sideband method are compared in

Figure B.3. The error bars represent statistical and systematic uncertainties. Agreement is

seen between the two methods.
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Figure B.3: Comparisons of the estimated event yields coming from jets misreconstructed

as photons obtained using the 2D sideband method and template fit method in bins of

photon transverse momentum in events satisfying the baseline selection. The error bars

represent statistical and systematic uncertainties
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Appendix C

Jets Misreconstructed as Photons:

Prompt Photon Template Closure Test

As a techical check on the template fit method described in Section 5.1, a closure test is

performed using simulated events. In the closure test the template fit method is applied

with data replaced with an Asimov dataset made up of a simulated W+jets sample. The

method is blind to the truth information of the jets misreconstructed as photons, and the

resulting non-prompt photon distribution is compared to non-prompt photons as mod-

elled in simulation. The template closure test is shown here in bins of photon transverse

momentum.

First, theEcone40
T −0.022Eγ

T shape of non-tight, non-prompt photons in simulated W+jet

events is compared to the shape of tight, non-prompt photons using a χ2 shape compari-

son. This quantifies the amount of bias in taking the non-prompt photon templates from

the non-tight control region. If the distributions are significantly different in a given bin,

full closure is not expected. This comparison is shown in Figure C.1. As can be seen there

is a significant difference in shape in the first bin where the χ2 = 0.09. Non-closure may

be expected there. Also note that the closure test is limited by statistics in the distribu-

tion it attempts to predict. The fit of the non-tight Asimov dataset is shown in Figure C.2

and the fit to Asimov tight photons is shown in Figure C.3. Here good agreement can be
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Figure C.1: Shape comparison of non-tight photons and tight photons in W+jets simulated

events. Each plot represents a bin of photon transverse momentum. This quantifies the

bias in taking a jet misreconstructed as photon template from a non-tight region.

seen, however the statistical fluctuations in simulated jets misreconstructed as photons

prevents the possibility of covering this distribution with a smooth shape. Nonetheless,

agreement in the overall yields within statistical errors is found in most bins. The method

does not close in bin 1, where it is not expected to. Note also in the first bin the number of

jets misreconstructed as photons predicted in simulation is not a smooth distribution. The

comparison of the jet miscreconstructed as photon yield in simulation and in the method

applied to the Asimov dataset as a function of photon transverse momentum is shown in

Figure C.4.
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Figure C.2: Fits to non-tight Asimov data. Each figure represents the fit done in bins

of photon tranvserse momentum. The non-tight Asimov dataset is made of jet loose’4

photons from the simulated W+jets sample.
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Figure C.3: Fits to tight Asimov data. Each figure represents the fit done in a bin of phton

transverse momentum. The tight Asimov dataset is made of jets misreconstructed as tight

photons from the simulated W+jets sample and real photons from the simulated QCD

Wγjj sample. The real and misreconstructed components of the fit are shown.
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momentum from simulation with that predicted by the template fit method applied to an

Asimov dataset.
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Appendix D

Jets Misreconstructed as Photons:

Cross-check of real photon purity

modelling

As described in Chapter 5, there are not sufficient statistics to perform the template fit

to measure the background arising from jets misidentified as photons in each bin of the

phase space region used in the differential cross section measurement. The template fit

is performed inclusively in each region and the prompt photon purity in simulation is

used to derive the differential shape of the background from jets misreconstructed as

photons. The assumption in this approach is that the non-prompt photon yield relative to

the total reconstructed photon yield as a function of the observable being plotted is well

modelled in simulation. To check this assumption, the real photon purity as a function of

photon transverse momentum is fit with a linear function over two bins of roughly equal

number of events in the non-prompt photon control region in both simulation and in

data. This is shown in Figures D.1. The slope is found to be consistent between data and

simulation, validating the shape extrapolation used for the estimate of the non-prompt

photon background used in the differential measurement presented in Chapter 9.
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Figure D.1: Prompt photon purity in simulation and data as a function of photon trans-

verse momentum in the signal and control regions used for the differential cross section

extraction in Chapter 9.
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Appendix E

Electrons Misreconstructed as Photons:

Signal fraction fits

The background contamination in the region used to calculate Fe→γ in the data driven

estimate of electrons misreconstructed as photons may be different between the region

defined by a Probe electron and Tag electron and the region defined between a Probe elec-

tron and a Tag photon. To account for this, a weight is assigned to each type of Tag and

Probe pair. The weight is the signal fraction S
S+B

determined by an S +B fit to the invari-

ant mass of the Tag and Probe pair, eitherMeγ orMee. A double-sided Crystal Ball function

is used to describe the signal shape, while an exponentially decaying function is used to

model the background. Both shape parameters and normalization are floated in the fit.

The invariant mass fits in each bin of Probe |η| and transverse momentum are shown in

Figure E.1 and in Figure E.2 for Meγ and Mee, respectively.

181



75 80 85 90 95 100 105 110
) [GeV]γM(e

0

100

200

300

400

500

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [22, 30]

|: [0.00, 0.50]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

100

200

300

400

500

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [22, 30]

|: [0.50, 1.00]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

100

200

300

400

500

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [22, 30]

|: [1.00, 1.37]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

100

200

300

400

500

600

700

800

900

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [22, 30]

|: [1.52, 2.00]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

100

200

300

400

500

600

700

800

900

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [22, 30]

|: [2.00, 2.37]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

200

400

600

800

1000

1200

1400

1600

1800

2000

2200

2400

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [30, 40]

|: [0.00, 0.50]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

500

1000

1500

2000

2500

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [30, 40]

|: [0.50, 1.00]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

500

1000

1500

2000

2500

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [30, 40]

|: [1.00, 1.37]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

500

1000

1500

2000

2500

3000

3500

4000

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [30, 40]

|: [1.52, 2.00]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

500

1000

1500

2000

2500

3000

3500

4000

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [30, 40]

|: [2.00, 2.37]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

1000

2000

3000

4000

5000

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [40, 50]

|: [0.00, 0.50]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

1000

2000

3000

4000

5000

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [40, 50]

|: [0.50, 1.00]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

1000

2000

3000

4000

5000

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [40, 50]

|: [1.00, 1.37]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

1000

2000

3000

4000

5000

6000

7000

8000

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [40, 50]

|: [1.52, 2.00]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

1000

2000

3000

4000

5000

6000

7000

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [40, 50]

|: [2.00, 2.37]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

200

400

600

800

1000

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [50, 60]

|: [0.00, 0.50]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

200

400

600

800

1000

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [50, 60]

|: [0.50, 1.00]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

100

200

300

400

500

600

700

800

900

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [50, 60]

|: [1.00, 1.37]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

200

400

600

800

1000

1200

1400

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [50, 60]

|: [1.52, 2.00]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

200

400

600

800

1000

1200

1400

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [50, 60]

|: [2.00, 2.37]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

50

100

150

200

250

300

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [60, 1000]

|: [0.00, 0.50]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

50

100

150

200

250

300

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [60, 1000]

|: [0.50, 1.00]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

50

100

150

200

250

300

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [60, 1000]

|: [1.00, 1.37]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

50

100

150

200

250

300

350

400

450

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [60, 1000]

|: [1.52, 2.00]η|

Data

Signal + background

Signal only

Background only

75 80 85 90 95 100 105 110
) [GeV]γM(e

0

50

100

150

200

250

300

350

400

450

E
v
e

n
ts

 /
 (

 0
.6

6
6

6
6

7
 )

CReg

pt: [60, 1000]

|: [2.00, 2.37]η|

Data

Signal + background

Signal only

Background only

Figure E.1: Signal and background fits to the reconstructed invariant mass Mey for each

Probe |η| and transverse momentum bin.
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Figure E.2: Signal and background fits to the reconstructed invariant mass Mee for each

Probe |η| and transverse momentum bin.
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Appendix F

Jets Misreconstructed as Leptons:

Fraction Fj→`

In this appendix the fraction of jets misreconstructed as leptons, Fj→`, as a function of

lepton transverse momentum and pseudorapidity is shown. This fraction is estimated in

a dijet enriched region with one lepton and one jet requirement as described in Section 5.3.
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Figure F.1: Fraction Fj→` as a function of lepton transverse momentum and pseudorapid-

ity in the elctron (left) and muon (right) channels.
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Appendix G

Comparison of Neural Network Training

Variables in the Electron and Muon

channels

In Figure G.1 the shape of neural network training variables in the simulated samples

used to train the neural network presented in Chapter 6 are compared between the anal-

ysis muon and electron channels. Since no significant shape differences are seen between

the two channels, training is performed on the combined channels.
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Figure G.1: Shape comparison of kinematic variables used in neural network training

between the electron and muon channels in signal and background simulated samples.

All distributions are normalized to one.
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Appendix H

Treatment of Scale Uncertainties

Typically scale uncertainties are combined in an envelope, however, in the case that a

normalization is fit to data and the envelope is flat, this can underestimate the impact of

individual scale variations if those scale variations have a shape. To check that this is un-

likely the case, the shape of each individual scale uncertainty is compared with nominal

in the signal and control region for both the signal sample and the QCD Wγjj sample

in Figures H.1 and H.2, respectively. All individual scale variations are statistically flat

which justifies the envelope approach.
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Figure H.1: Shape component of individual scale variations in the neural network output

distribution for the Sherpa electroweak Wγjj sample in the signal and control region

used in the fit to extract a fiducial cross section.
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Figure H.2: Shape component of individual scale variations in the neural network output

distribution for the Sherpa QCD Wγjj sample used in the fit to extract a fiducial cross

section.
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Appendix I

Pulls of Nuisance Parameters in Fiducial

Cross Section Fit

The pulls of nuisance parameters in the fit performed on data in the signal and control

region used to extract a signal significance and fiducial cross section are shown here.

Some pulls are seen on the nuisance parameters affecting the shape of the electroweak

Wγjj yield and the shape of the QCD Wγjj yield. Overconstraints are seen on very large

systematics, like the QCD event generator choice uncertainty. This reflects that the data

has sufficient statistical power to constrain these nuisance parameters.
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Figure I.1: Pulls of the nuisance parameters in the fit simultaneous to data in the signal

and control regions.
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