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Abstract

Supersymmetry is a very promising extension of the Standard Model. It predicts
new heavy particles, which are currently searched for in the ATLAS experiment at
the Large Hadron Collider at a center-of-mass energy of 13 TeV. So far, all searches
for supersymmetric particles use a cut-based signal selection. In this thesis, the use
of multivariate selection techniques, Boosted Decision Trees and Artificial Neural
Networks, is explored for the search for top squarks, the supersymmetric partner of
the top quark. The multivariate methods increase the expected lower limit in the
mass of top squarks by approximately 90 GeV from currently 990 GeV for small
neutralino masses.
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Chapter 1

Introduction

The Standard Model of particle physics has successfully passed all tests over the last
several decades. The last missing particle of the Standard Model, the Higgs boson,
was discovered in the ATLAS [1] and CMS [2] experiments at the Large Hadron
Collider (LHC) in 2012. There are, however, many experimental and theoretical
reasons to believe that the Standard Model is not the final theory of elementary
particles. Dark Matter and Dark Energy, established by astrophysical observations,
dominate the energy content of the universe and cannot be explained by the Standard
Model [3, 4]. The smallness of the Higgs boson mass compared to the energy scale
of the unification of all interaction strengths requires an explanation, the so-called
naturalism or fine-tuning problem of the Higgs mass in the Standard Model.

Supersymmetry is a very promising extension of the Standard Model, in which every
StandardModel particle is accompanied by a supersymmetric partner particle differing
by spin 1

2 . The searches for supersymmetric particles like the top squark – the partner
of the top quark – have been performed with cut-based signal selection methods in
the ATLAS experiment up to now. In this thesis, a search for top squarks with
ATLAS at 13 TeV centre of mass energy has been performed using machine learning
or multivariate methods which allow for the efficient combination of many partially
correlated discriminating variables.

In Chapter 2, the Standard Model and supersymmetry are introduced, while in
Chapter 3 the Large Hadron Collider and the ATLAS Experiment are described.
Chapter 4 explains the signatures of top squark production in ATLAS and the cut-
based search as a reference. Chapter 5 introduces the machine learning methods used,
Boosted Decision Trees (BDT) and Artificial Neural Network (ANN). Chapter 6
finally describes the results of the multivariate signal selection techniques for the top
squark search. The summary of the analysis and results are given in Chapter 7.
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Chapter 2

Theoretical Framework

2.1 The Standard Model of Particle Physics

The particle content of the Standard Model is shown in Figure 2.1. Besides the three
generations of quarks and leptons, the matter particles with spin 1

2 , there are force
mediators with spin 1 and the scalar Higgs boson.

Four fundamental forces are known – the strong, the weak, the electromagnetic and
the gravitational force. All fundamental forces, except gravitational, are described by
the Standard Model (SM based on the gauge symmetry groups [5, 6]

SU(3)C ⊗ SU(2)L ⊗ U(1)Y . (2.1)

The gauge symmetries predict mediators of the interactions with spin 1, called gauge
bosons. SU(3)C is the gauge group describing the strong force with eight gluons as
force carriers, whereas SU(2)L⊗U(1)Y is the gauge group of the unified electroweak
interaction. SU(2)L is the gauge group of the weak force with three force carriers W i,
i = 1, 2, 3, belonging to the weak isospin outer components Ti as charge operators.
U(1)Y is the symmetry group of the weak hypercharge Y , which is related to the
electric charge Q and T3 via

Q = T3 +
Y

2
(2.2)

and is mediated by a gauge boson B.

The electroweak gauge bosons mix to the electrically charged mass eigenstates.

W± =
1√
2
·
(
W 1 ∓ iW 2

)
, (2.3)

and to neutral mass eigenstates(
Z
A

)
=

(
cos θW − sin θW
sin θW cos θW

)
·
(
W 3

B

)
, (2.4)
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Chapter 2 Theoretical Framework

Figure 2.1: Particles of the Standard Model [7].
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2.1 The Standard Model of Particle Physics

where Z0 is the mediator of the neutral weak interaction and heavy partner of the
photon field A. The Weinberg mixing angle θW is related to the gauge coupling
constants corresponding to the hypercharge, gY and gW of the weak hypercharge and
the weak isospin interaction via

tan θW =
gY
gW

. (2.5)

The SU(3)C color gauge interaction predicts the existence of eight gluons as carriers
of the strong force coupling to the quarks which all appear in three color states [8].

The gauge symmetries predict invariance of the theory under local phase transforma-
tions of the matter fields and the massless spin 1 gauge bosons. The problem that the
gauge bosons of the weak interaction are massless in contradiction to experimental
observations was solved by introducing spontaneous weak interaction breaking of the
electroweak gauge symmetry [9–11], which, in its minimal form requires a complex
scalar weak isospin doublet Φ with Y = 1. The potential of the scalar field

V (φ) = µ|φ|2 + λ|φ|4. (2.6)

acquires a non-zero vacuum expectation value

Φ0 =

√
−µ
2λ

(2.7)

for negative parameter µ such that the ground vacuum state violates the SU(2)L ⊗
U(1)Y gauge symmetry. The spontaneous symmetry breaking leads to masses for the
weakW± and the Z0, while the photon field A remains massless corresponding to the
unbroken U(1) gauge group of the electromagnetic interaction. A further consequence
is the existence of a new scalar particle, the Higgs boson. It was discovered by ATLAS
and CMS experiments of the LHC in 2012 [1, 2] with a mass of about 125 GeV. All
measured properties so far fit the Standard Model predictions [12–16].

The spin 1
2 particles in the SM comprise six quarks with electric charges 2

3e or −1
3e

and six leptons which obtain their mass via Yukawa interactions with the Higgs
field [8]. The Yukawa couplings are proportional to the fermion masses. Neutrinos
may have additional mass terms.

The left-handed states of the quark and the leptons are doublets of the SU(2)L weak
interaction gauge symmetry, (

u
d

)
L

,

(
c
s

)
L

(
t
b

)
L

, (2.8)

(
νe
e

)
L

,

(
νµ
µ

)
L

,

(
ντ
τ

)
L

, (2.9)
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Chapter 2 Theoretical Framework

and participate in the charged weak interaction via the exchange of W± bosons and
transition from up to down states and vice versa.

Right-handed quarks and right-handed leptons have isospin T = 0 and are singlets of
the SU(2)L symmetry, i. e. they do not participate in the charged weak interaction.

2.2 Limitations of the Standard model

Despite the greatness of the SM passing all experimental tests with high precision,
there is a large number of open questions which show that the Standard Model (SM)
cannot be complete.

The SM does not allow for neutrino oscillations [17–19] as neutrinos are massless in
the SM.

From astrophysical and cosmological observations it is known that only 4.9% of the
universe consists of SM particles, whereas 26.8% is so-called Dark Matter and the
remaining fraction Dark Energy, neither of which is described in the SM [3,4]. It also
appears that the matter-anti-matter asymmetry in the universe cannot be explained
by the Standard Model.

Another problem – and one of the key arguments for supersymmetry – is the
naturalness- and, related, hierarchy-problem. The question is, why the electroweak
scale (≈ 100 GeV) is so much smaller than the Planck-scale (1019 GeV) [20]. Since
the quantum loop corrections to the Higgs boson mass diverge quadratically with
the cutoff scale, it remains unnatural fine-tuning of the SM parameters to keep the
Higgs boson mass as low as 125 GeV.

Finally, the SM does not describe (quantum) gravity. One very promising extension
of SM which solves several problems is supersymmetry.

2.3 Supersymmetry

Supersymmetry (SUSY) transforms boson into fermion states and vice versa.

As a consequence, in supersymmetric extensions of the SM, there is a supersymmetric
partner, each SM particle which differs by spin 1

2 , but otherwise has the same mass
as its super-partner. In this case, fermionic and bosonic loop corrections to the Higgs
mass would exactly cancel, solving the naturalness problem of to the Higgs mass.

SUSY, however, has to be a broken symmetry, since no super-partners of the SM
particles with the same mass have been observed. In order to solve the naturalness

6



2.4 The Minimal Supersymmetric Standard Model (MSSM)

problem, the SUSY breaking scale must not be higher than a few TeV, which could
be within the reach of the LHC, in particular, the masses of the partners of the top
quark.

2.4 The Minimal Supersymmetric Standard Model
(MSSM)

The MSSM is the minimal supersymmetric extension of the SM with the smallest
number of additional particles of the MSSM. The particles of the MSSM are shown in
Figure 2.2. Instead of one Higgs doublet, two Higgs doublets are required, one for up-
type and one for down-type fermions in order to avoid gauge anomalies. Spontaneous
electroweak symmetry breaking in this case leads to five Higgs bosons: a Standard
Model-like h, another heavier neutral scalar boson H0, a pseudo-scalar neutral boson
A and two charged Higgs bosons H±.

Each of these bosons is provided with its own superpartner. The nomenclature is as
follows: The supersymmetric partners of bosons are denoted by an -ino ending, the
five Higgsinos and the gauginos, the three Winos, the Bino, the eight gluinos and the
photino. The supersymmetric partners of the SM fermions are denoted by an s- at the
beginning, squarks and sleptons as the partners of the quarks and the leptons. The
symbols of the supersymmetric particles are marked with a tilde on the SM particles
symbols, e. g. t̃ for a top squark. The spin-1

2 Higgsinos, Binos and Winos mix to
four neutral mass eigenstates χ0

i , i = 1, ..., 4, the neutralinos, and four charged mass
eigenstates χ±i , i+1, 2, the charginos. Since right-handed and left-handed SM fermions
couple differently to the weak interaction, the two charginos are distinguished for each
SM fermion with mass coupling scalar superpartner states l̃1,2 and q̃1,2 for sleptons
and squarks, respectively.

2.5 R-Parity

As the lepton and baryon number are not conserved in SUSY theories, the proton is
allowed to decay rapidly without an extra symmetry, which prevents it.

In the MSSM, a new conserved quantum number is introduced, the so-called R-parity

PR = (−1)3B+L+2S (2.10)

where B is the baryon number, L the lepton number and S the spin of the particle.
The R-parity is 1 for SM particles and −1 for supersymmetric particles. In this

7



Chapter 2 Theoretical Framework

quarks

u c t

d s b

e µ τ

νe νµ ντ

leptons

gauge
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ν̃e ν̃µ ν̃τ
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gauginos

χ̃0
1 χ̃0

2
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4

χ̃±1 χ̃±2

g̃

Figure 2.2: Particles of the Minimal Supersymmetric Standard Model [21].
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2.5 R-Parity

thesis, any SUSY model with R-parity conservation is considered. In this case, the
lightest supersymmetric particle (LSP) is stable, and super-partners are produced in
pairs from SM particle collisions. If the LSP is neutral and only weakly-interacting, it
proves to be an excellent candidate for a Dark Matter particle. The lightest neutralino,
χ̃0

1, is often assumed to be the LSP. In SUSY models with R-parity violation, other
symmetries are introduced to prevent rapid proton decay.

9





Chapter 3

The ATLAS Experiment

3.1 The Large Hadron Collider

The Large Hadron Collider (LHC) at CERN, the European centre for particle physics
near Geneva, collides protons cylindrically at a centre-of-mass energy of 13 TeV and
a luminosity of L = 1.5 · 1034cm−2s−1.

It is located in a tunnel at a depth between 50m and 175m underground and has a
circumference of about 26.6 km.

The LHC utilizes 1232 superconducting dipole magnets to keep the protons on their
circular path. They are operated at a maximum current of 12 kA resulting in a
magnetic field of 8.3 T. The proton beams consist of 2808 bunches of 1011 protons
each. The bunch spacing time is 25 ns.

Before injection into the LHC, the protons are pre-accelerated in several other accel-
erators: First a linear accelerator, then the proton synchrotron (PS) and finally the
Super Proton Synchrotron (SPS), which increases the proton energy to the injection
energy of 450 GeV. Figure 3.1 shows the CERN accelerator complex schematically.

There are four detectors at the LHC: ATLAS (A Toroidal LHC ApparatuS) and
CMS (Compact Muon Solenoid), which are designed to search for production and
decays of the Higgs boson and for signatures of physics beyond SM, LHCb (Large
Hadron Collider beauty detector), a bottom quark physics experiment and ALICE
(A Large Ion Collider Experiment), built for the investigation of heavy ion collisions.

The main goal and greatest success of the LHC so far was the discovery of the Higgs
boson in 2012 by the ATLAS [1] and CMS [2] experiments.

11



Chapter 3 The ATLAS Experiment

Figure 3.1: Schematic layout of the CERN accelerator complex [22].
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3.2 The ATLAS Detector

3.2 The ATLAS Detector

ATLAS [23] is one of the two main experiments at the LHC, along with the CMS
detector. It has a length of 46 m, a diameter of 25 m and a mass of 7000 tons. It is
located about 100 m underground.

Figure 3.2 shows the ATLAS Detector and its main components. Like other collider
detectors, it consists of a barrel region containing co-axial cylindric detector layers and
endcaps with two disk-shaped detector layers. Figure 3.3 explains the functionality
of the sub-detectors for the identification and measurement of various particle types.

Figure 3.2: Schematic views of the ATLAS detector [23].

ATLAS uses a right-handed coordinate system of which the origin cuts the nominal
interaction point. The z-axis is the proton beam axis, whereas the x-axis points
towards the centre of the LHC ring. The x-y-plane is the transverse plane with
respect to the proton beam. To describe points in the detector, spherical coordinates
(r, θ, φ) are used, where r is the distance from the origin, θ the polar angle and Φ the
azimuthal angle in the x-y-plane.

Alternatively, the pseudo-rapidity η = −ln
(
tan

(
θ
2

))
serves to describe particle pro-

duction in the r-z-plane. It is related to the transverse momentum pT and the transver-

13



Chapter 3 The ATLAS Experiment

sal energy ET of particles relative to the beam axis by the expressions

pT =
√
p2
x + p2

y =
|p|

cosh (η)
, (3.1)

ET =
E

cosh (η)
. (3.2)

Figure 3.3: Schematic illustration of the detection of particles in the ATLAS detector
components [24].

3.2.1 The Inner Detector

The Inner Detector, depicted in Figure 3.4, is the innermost detector component,
which consists of three layers: the Pixel Detector, the Semiconductor Tracker and

14



3.2 The ATLAS Detector

the Transition Radiation Tracker. The Inner Detector is surrounded by a 2T super-
conducting solenoid magnet in order to measure the deflection and momentum of
charged particles up to a pseudo-rapidity of |η| =2.5.

The Pixel Detector is the detector closest to the beamline. Its purpose is to reconstruct
interaction and decay vertices. It consists of silicon pixel sensors with 80 million pixels
in total and a spatial resolution of 14 µm in the transverse plane and 115 µm in the
direction of the beam axis which are arranged in three layers in the barrel region
and three disks in the end-caps. The innermost layer is called B-layer, since it is
particularly important for the tagging of b-quark jets making use of the long lifetime
and decay length of B hadrons.

The Semiconductor Tracker is built around the Pixel Detector, consisting of four
layers and nine disks of silicon microstrip detectors with a resolution of 17 µm and
580 µm in transverse and in longitudinal direction respectively.

The outermost layer of the Inner Detector is the Transition Radiation Tracker, which
also helps to identify electrons. It consists of straw drift tubes with a diameter of 4
mm, which are filled with a gas mixture of Xenon (70%) and carbon dioxide (27%).
It measures the particle tracks in the transverse plane with about 30 layers of straw
tubes with a resolution of 130 µm. Electrons are distinguished by measuring the
transition radiation emitted when they traverse carbon foils inserted between the
straw tube layers.

3.2.2 The Calorimeter System

The Calorimeter System (illustrated in Figure 3.5) surrounds the Inner Detector and
measures the energy of particles interacting electromagnetically or hadronically. There
are two main parts – the electromagnetic calorimeter and the hadronic calorimeter.
Both consist of metal absorber plates interleaved between active detector material,
liquid argon in the electromagnetic and hadronic endcap calorimeters and scintillating
plastic tiles in the barrel hadronic calorimeter.

The electromagnetic calorimeter, consisting of a barrel and an endcap part, is located
in the front and measures the energy of electrons and photons. The barrel part
covers |η| < 1.475, whereas the end-caps cover 1.375 < |η| < 2.5. Copper plates
are used as absorber material. Electromagnetic showers start in the copper plates.
The shower particles ionize the Argon atoms in the active groups. The ionization
electrons are collected on electrode boards in the liquid Argon gaps. The thickness of
the electromagnetic calorimeter is more than 20 radiation lengths, such that photons
and electrons are completely absorbed.

The hadronic calorimeter surrounds the electromagnetic calorimeter and captures

15



Chapter 3 The ATLAS Experiment

Figure 3.4: The ATLAS Inner Detector [23].

hadrons traversing the electromagnetic calorimeter. It covers the range |η| < 4.9 and
consists of three different components: The Tile Calorimeter utilizes steel absorber
plates and scintillating tiles as active material covering |η| < 1.7, whereas the hadronic
endcap calorimeter uses copper absorber plates and liquid argon as active material
in the range 1.5 < |η| < 3.2. The forward liquid-argon calorimeter consists of three
layers with tungsten absorber plates and covers 3.1 < |η| < 4.5. The thickness of
the hadronic calorimeter is greater than 10 radiation lengths in order to absorb all
hadrons.

3.2.3 The Muon Spectrometer

Apart from neutrinos, muons are the only Standard Model particles, that pass the
calorimeters. The Muon Spectrometer (shown in Figure 3.6) is the outermost and by
far the largest component of the detector. It uses a toroidal magnetic field of 0.5 to 1
T to bend the muon tracks. Its pseudo-rapidity range is divided into three regions:
The barrel part covers the region |η| ≤ 1.0, while the regions 1.4 ≤ |η| ≤ 2.7 are

16



3.2 The ATLAS Detector

Figure 3.5: The ATLAS Calorimeter System [23].

covered by two separate endcap magnets. The η regions in between are covered by
both magnet systems.

Two different kinds of muon chambers are used: Precision tracking chambers and
trigger chambers. The precision muon tracking chambers allow for very precise mea-
surement of the momenta of muons. The momentum resolution for 1 TeV muons
is 10%, dominated by the chamber position resolution of 35 µm and the chamber
alignment accuracy of 30 µm, while it is 3-4% for 100 GeV muons. Multiple scattering
starts to become relevant. Two types of tracking chambers are used:

The Monitored Drift Tube chambers (MDT) consist of aluminium drift tubes of 30
mm diameter filled with a gas mixture of Argon (93%) and carbon dioxide (7%) at 3
bar pressure. Since there are higher background rates of neutrons and γ-rays close to
the beamline, Cathode Strip Chambers (CSC), operated with Argon (30%), carbon
dioxide (50%) and tetrafluoromethane CF4 (20%), are used in the very forward regions
of the inner end-caps wheels.

Two types of muon trigger chambers are made use of: Resistive Plate Chambers
(RPC), in the barrel region (|η| <1.05) and Thin Gap Chambers (TGC) in the end-

17



Chapter 3 The ATLAS Experiment

Figure 3.6: The ATLAS Muon Spectrometer with eight barrel toroid coils and two endcap
toroid magnets in separate cryostats. The muon chambers are installed on the barrel toroid
coils or on separate wheel-shaped support structures in the end-cap [23].

cap regions (1.05< |η| <2.4). The trigger chambers have a poorer spatial resolution
than the tracking chambers but provide fast signals for the muon trigger and for the
determination of the proton bunch collision time that the muon belongs to.

3.2.4 The Trigger System

At the LHC, proton bunch collisions take place at a frequency of 40 MHz. A collision
event contains about 1 MB of information. The resulting data rate would be much
too high to be recorded. Therefore, the data rate is drastically reduced by a two-stage
trigger system down to a maximum recording rate of 1 kHz [25]. The trigger scheme
is presented in Figure 3.7.

The first trigger stage (level-1 trigger) is completely hardware-based and uses the
transverse momentum pT , the missing transverse energy EmissT and the energy of

18



3.2 The ATLAS Detector

Figure 3.7: Schematics of the ATLAS trigger system [25].

hadron jets to reject events and define regions of interest (RoI) for evaluation by the
next trigger stage.

The second trigger stage is called High-Level Trigger (HLT) and is software-based. It
utilizes simplified versions of the reconstruction algorithms used by ATLAS for the
measurement of particle and event properties.

19





Chapter 4

The search for top squarks

In this thesis, the search for t̃-quarks is examined by using multivariate analysis
techniques. The considered model together with the final state is presented in this
chapter. This is followed by a short introduction of physical objects, by analyzing
the different background events and by describing the Monte-Carlo event generation.

Figure 4.1 depicts a sketch of the simplified t̃1-model used throughout this thesis.
The t̃1 is assumed to be produced pairwise in the pp-collisions. Each t̃1 then decays
into a fully hadronically decaying top and in χ̃0

1, which is assumed to be stable and
to leave the detector system undetected. So the final state of interest consists of
six jets, two of which are b-tagged, and a large amount of Emiss

T . The masses of the
two sparticles are considered to be the only free parameters of the model, while all
remaining sparticles are decoupled.

4.1 Reconstruction of physics objects

The physics objects considered here are jets, electrons, muons and the missing trans-
verse energy. Hadronic τ lepton are identified from jets using substructure informa-
tion [27].

The primary interaction vertex reconstruction uses charged particle tracks reconstruc-
tion in the Inner Detector [28]. Events are required to obtain at least one vertex with
at least two well reconstructed tracks [29]. Well-reconstructed tracks are required
to have a transverse momentum pT >400 MeV and a pseudo-rapidity |η| <2.5. The
primary interaction vertex is defined as the vertex with a maximum

∑
p2
T of the

associated tracks. The remaining reconstructed vertices are called pileup vertices.

The anti-kt algorithm [30] with a radius parameter of R = 0.4 is employed to re-
construct jets starting from topological clusters [31]. Area-based corrections using
calorimeter information are performed for contributions from pileup interactions [32].

Vertex reconstruction of b-hadron decays is an important ingredient for b-tagging,
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Figure 4.1: Sketch of pair production of top squarks with fully-hadronic decay into final
states with b-quark jets of which two are from b-quarks and missing energy due to the lightest
super-symmetric particle χ̃0

1 leaving the detector undetected [26].

the identification of b-quark jets. Since b-hadrons have a long lifetime (some more
than 1 ps [33]), it is possible to distinguish between b-jets and jets from lighter quarks
or gluons. Multivariate methods, neural networks and Boosted Decision Trees (BDT),
are used in order to collect the maximum information for b-tagging [34]. A jet is
b-tagged if it satisfies the 77% selection efficiency working point at a misclassification
rate of less than 1% for light jets [35]. Both numbers are extracted from simulated
tt̄-events.

Electrons are reconstructed in the range |η| < 2.47 and pT > 7 GeV using energy
deposit in the electromagnetic calorimeter matching a track in the Inner Detector in
energy and direction [36]. Likelihood-based multivariate identification techniques are
applied to discriminate electrons from jets. Electron candidates that satisfy the Loose
LH selection criteria are selected if there is not any jet in the cone 0.2 < ∆R < 0.4
or a b-jet within ∆R < 0.2. Light jets within ∆R < 0.2 are discarded as electrons.
The electromagnetic showers of electrons are distinguished from the ones of hadron
jets by a likelihood-based method. A reconstructed jet is taken as an electron if

∆R =

√
(η2 − η1)2 + (φ2 − φ1)2 < 0.2. (4.1)

If the jet is b-tagged, it is always kept, and the electron is discarded.
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4.2 Background Processes

Both the Inner Detector and the Muon Spectrometer are used to reconstruct muons
in the range |η| < 2.7 and pT > 6 GeV. The Inner Detector and Muon Spectrometer
tracks are combined into one single track forming the muon. The ∆R separation
between a muon and a nearby jet must be greater than 0.4, in order to keep the muon.
Otherwise, the jet is kept.

The missing transverse momentum pmiss
T is the negative sum of the transverse mo-

menta of all reconstructed physics objects in an event. Since neutrinos and other only
weakly interacting particles are not detected by any elements of the detector, they
lead to missing transverse momentum. The magnitude of pmiss

T is the missing trans-
verse energy Emiss

T . High Emiss
T is an important criterium in the search for processes

beyond the Standard Model.

4.2 Background Processes

Most of the SM background in the 0` channel arises from tt̄ where one top quark decays
hadronically and the other one leptonically. The produced lepton from the decay is
not reconstructed, and the neutrino leads to an amount of Emiss

T after preselection
comes from tt̄, where top quarks are produced, which decay into a W -boson and
a b-quark each, where the W -boson decays either into two quarks, or into a lepton
and a neutrino with the lepton either being falsely classified as a jet through a
hadronic decay (τ) or not being reconstructed (e, µ) leading to Emiss

T . The second
largest background arises from the production of a Z-boson with heavy jets, where
the Z-Boson decays into two neutrinos Z → νν̄, leading to very high Emiss

T . Another
important background process is the production of a W -boson in combination with
heavy jets, where the W -boson mostly decays via W → `ν, and the lepton escapes
directly. Further background processes are single top quark production in combination
with at least one jet. In comparison to tt̄, single top quarks are produced weakly and
were discovered at the Fermilab Tevatron Collider in 2009 [37,38]. The production of
tt̄+ Z where the Z-boson decays into neutrinos also contributes to the final states.
Processes involving a pair of two bosons, also known as diboson, are rare, as well as
tt̄+W processes. Single Photon and ttγ processes are negligible [26].

4.3 Event Selection

In order to search for top squark
(
t̃1
)
decays, signal regions (SR) are defined [26] by

cuts which suppress the SM background while keeping the signal events with high
efficiency. Two signal regions are used to search for high top squarks masses: signal
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Chapter 4 The search for top squarks

region A (SRA) for the case of large mass differences ∆m(t̃1, χ̃
0
1) between top squarks

and the neutralinos χ̃0
1 and signal region B (SRB) for smaller, intermediate mass

differences ∆m(t̃1, χ̃
0
1). SRA is optimized for mt̃1

=1 TeV and mχ̃0
1

= 1 GeV, SRB
for mt̃1

= 600 GeV and mχ̃0
1

= 300 GeV.

Both signal regions have the following preselection in common: A missing transverse
momentum trigger is required which is fully efficient for offline calibrated missing
transverse energies Emiss

T > 250 GeV. Thus, a cut on Emiss
T > 250 GeV is applied. In

addition, at least four jets are required, where the transverse momenta of the two
most energetic ones must be at least 80 GeV, while the third and forth jet have to
have transverse momenta greater than 40 GeV. In addition, two of the b-tagged jets
are required to have a b-tag. This preselection is also the starting point for all studies
presented in the thesis.

Events with wrongly measured EmissT , due to multijet, arising from mismeasured
jets, will be rejected by requiring the difference between the azimuthal angles∣∣∆φ (jet0,1,2, pppmissT

)∣∣ of the three highest pT jets and the missing transverse mo-
mentum vector pmiss

T to be greater than 0.4.

The track transverse momentum ptrackT is defined as the sum of the transverse mo-
menta of all ID-tracks belonging to the primary vertex. The corresponding missing
track transverse momentum and energy are denoted by pmiss,track

T and Emiss,track
T . It

is required that Emiss,trackT > 30 GeV and∣∣∣∆φ(pppmissT , pppmiss,trackT

)∣∣∣ < π

3
. (4.2)

Depending on the boost of the decay products, sometimes the six jets with a radius
parameter R = 0.4 are either all reconstructed individually or if two jets are a
distance R of less than 2R apart from each, some of the jets merge. In the latter case,
hadronic top decays must be reconstructed by the anti-kt-clustering algorithm with
R = 0.8 or R = 1.2 reclustering. For high top squark masses, two R = 1.2 jets (with
mass m0

jet,R=1.2 and m1
jet,R=1.2) and at least one top-candidate, i. e. m0

jet,R=1.2 > 120
GeV, are required. Three different regions are defined: one (TT) with a second top
candidate (m1

jet,R=1.2 >120 GeV), one (TW) without a second top candidate but with
a W candidate (60 GeV< m1

jet,R=1.2 < 120 GeV), and one (T0) where the second jet
is not even aW candidate (m1

jet,R=1.2 < 60 GeV). Each region has different optimized
selection cuts and signal-to-background-ratios in tt̄-events.

Since the neutralinos χ̃0
1 are undetectable, the missing transverse energy is a highly

important discriminating variable. Therefore, background events with semi-leptonic tt̄
decays, where the lepton is not reconstructed, are rejected by requiring the transverse
mass mT =

√
E2
T − p2

T of pmissT and the b-tagged jet with minimal azimuthal
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4.3 Event Selection

distance to pmissT to be

mb,min
T =

√
2pbTE

miss
T

(
1− cos

[
∆φ

(
pppbT , ppp

miss
T

)])
> 200 GeV. (4.3)

As shown in Figure 4.2, the majority of tt̄ events is rejected by this requirement while
minor proportions of the two signal models are rejected.

Figure 4.2: mb,min
T distribution for signal (purple and orange dashed and dotted lines) and

background (histograms) events after preselection and one further cut mb,min
T > 50 GeV. tt̄

will be surpressed [26].

The following selection criteria are used for signal region A only: The mass m0
jet,R=0.8

of the leading R = 0.8 reclustered jet must be greater than 60 GeV. It can be
interpreted as a W candidate.

The transverse momentum of an individual neutralino cannot be evaluated, since
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Chapter 4 The search for top squarks

there are two of them. The stransverse mass mT2 is defined by [39]:

m2
T2 = min

q1+q2=pmiss
T

[
max{m2

T

(
pppt̄T , qqq1

)
,m2

T

(
ppptT , qqq2

)
}
]
, (4.4)

where two the transverse momenta of top-candidates are denoted by ptT and pt̄T . Two
methods have been used to form a top quark candidate, a χ2 and a ∆Rmin based
method. In both cases, the two b-jets with the highest b-tagging BDT-score are taken
as b-jets b1 and b2 when forming the top candidates. The remaining jets are regarded
as light quark jets. In the case of the χ2 method, χ2 = (mcand−mtrue)2

mtrue
is minimized

by using all pairs of light quark jets and mtrue =80.4 GeV (W -boson mass). The
two W candidates with minimal χ2 are then combined with b1 and b2 jets to form
top candidates by minimizing χ2 = (mcand−mtrue)2

mtrue
with mtrue = 172 GeV (top quark

mass). The ∆Rmin method employs ∆φ in the transverse plane instead of χ2 to
find the W candidates. The masses of the top candidates obtained by the ∆Rmin
method are denoted by m0

jjj and m
1
jjj . The top candidates going into the stransverse

mass calculation are the ones from the χ2 method. Events with a transverse mass of
mχ2

T2 <400 (500) GeV respectively are discarded. The ∆Rmin candidates are used in
another signal region not described.

For signal region B, mb,max
T is constructed additionally from the b-jet farest away

from pmiss
T . Table 4.1 summarizes all cuts.

Figure 4.3 shows the 95% CL upper limits on the t̃1t̃1 production cross section decay
branching as a function of the top squark and neutralino mass for the cut-based signal
selection described above. The solid red line depicts the observed limits. The area
below it is excluded at 95% confidence level. The question analyzed in this thesis is
whether these limits can be improved with the help of multivariate analysis methods.

4.4 Monte-Carlo Event Simulation

In order to search for supersymmetric particles, it is necessary to simulate them.
Signal models are generated with MadGraph5_aMC@NLO [40], PYTHIA8 [41] and
EvtGen [42] v.1.2.0. The matrix elements are calculated at tree level and matched
with the parton showering via the CKKW-L prescription [43]. In order to generate
the signal samples, the parton distribution function set NNPDF2.3LO [44] is used
together with the A14 fine-tuning parameter set [45]. Cross-sections calculations are
based on next-to-leading order logarithmic accuracy, matched to next-to-leading order
supersymmetric QCD [46–48], which might also serve for possible future accelera-
tors [49].
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4.4 Monte-Carlo Event Simulation

Figure 4.3: Exclusion limits in the t̃1 − χ̃0
1 mass plane with the cut method for signal

selection [26].

27



Chapter 4 The search for top squarks

Table 4.1: Selection criteria for SRA and SRB [26]

Signal Region TT TW T0

m0
jet,R=1.2 > 120 GeV

m1
jet,R=1.2 > 120 GeV [60, 120] GeV < 60 GeV

mb,min
T > 200 GeV

Nb−jet ≥ 2

τ -veto yes∣∣∆φ (jet0,1,2, pppmissT

)∣∣ > 0.4

A

m0
jet,R=0.8 > 60 GeV

∆R (b, b) > 1 -

mχ2

T2 > 400 GeV > 400 GeV > 500 GeV

Emiss
T > 400 GeV > 500 GeV > 550 GeV

B
mb,max

T > 200 GeV

∆R (b, b) > 1.2

Likewise, simulated events are used for the description of the SM background pro-
cesses. Top-quark pair production, where at least one of the top quarks decays into a
lepton and the single top production are simulated with POWHEG-Boxv.2 [50] and
PYTHIA6 [51] with the CT10 PDF set [52] and the Perugia set [53]. Z+ jets and
W+ jets are generated with SHERPAv2.2.1 [54] and the NNPDF3.ONLNLO [42]
set. MadGraph 5_a MC@NLO [40] and PYTHIA8 [41] generate tt̄+ V and tt̄+ γ
samples with NNPDF3.0NLO [55], for which NNPDF2.3LO [44] with the A14-set [45]
is used. SHERPAv2.2.1 [54] and the CT10 [52] set generate diboson samples, whereas
SHERPAv2.1 [54] and the CT10 set [52] generate V γ samples.

The detector simulation [56] is performed using GEANT4 [57]. The simulation of
the calorimeter response can be achieved with a full or a fast simulation [58]. Events
involving the interaction of more than one proton pair are generated with the MSTW
2008 [59] and the A2 set [60].
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Chapter 5

Machine Learning

In this thesis, the possibility of increasing the signal significance is investigated by
using machine learning algorithms for the search for top squarks in the full hadronic
decay channel using simulated signal and background events. The Monte Carlos (MC)
events are split into two halves: One half is used to train the algorithms (training
sample) and the other half serves to apply the event selection to (test sample). After
training with MC simulated events, the algorithm can also be applied to the data.

For the analysis, the TMVA (Toolkit for Multivariate Data Analysis with ROOT)
program package [61] was employed.

5.1 Boosted Decision Trees

One widely-used machine learning method is the Boosted Decision Trees (BDT) [61].
A decision tree is illustrated in Figure 5.1. It is a binary tree consisting of nodes
at which the data are divided into two subsets, a signal-like and a background-like
subset. Variables are used, which separate best at the node. The purity p = S

S+B
gives the fraction of signal events at the node.

Before determining the optimum cuts for the top squark search, Ncuts grid points are
chosen for each of the Nvar input variable, picked at equal distance: A variable varj

(j = 1, ..., Nvar) is selected for which the maximum value of the training sample is
varjmax, whereas the corresponding minimum is denoted by varjmin. Then the grid
points varji with i = 1, ..., NCuts are determined by

varji = varjmin +
(
varjmax − var

j
min

)
· i

nCuts + 1
. (5.1)

For illustration, a single variable is assumed, e. g. the missing transverse energy Emiss
T

with a maximum value of 1000 GeV and a minimum value of 200 GeV. For three grid
points, Emiss

T,1 =400 GeV, Emiss
T,2 =600 GeV and Emiss

T,3 =800 GeV define the possible
cut values.
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Chapter 5 Machine Learning

Figure 5.1: Example of the training of an initial decision tree for the top squark search
chosen. The colors visualize the signal purity p = S

S+B . The blue color stands for a pure
signal sample with p = 1 and red for a pure background p = 0. The colors illustrate the local
purity of the node. The bluer, the larger the signal fraction.

For each variable nCuts many possible cuts are received. The question arises which
variables and which cut values are optimal. As a criterion, the best signal purity p

p =
S

S +B
(5.2)

is used along with the so-called Gini-Index p · (1− p). The index has its maximum
at p = 0.5 and is symmetric with respect to it, meaning that it does not distinguish
between the case of M signal and N background events and the case of N signal and
M background events. For p = 0 and p = 1 the Gini index equals zero. The smaller
the Gini index, the greater the excess of either signal or background. In order to
decide which variable and which cut value to use, the sum of the two Gini Indices for
the signal-like region and the complementary background-like region of each variable
and of each cut value is taken, being weighted by the relative fraction of events (in
the following just called Gini index)

G = w1 · p1 · (1− p1) + w2 · p2 · (1− p2) =
N1

Ntot
· S1 ·B1

N2
1

+
N2

Ntot
· S2 ·B2

N2
2

, (5.3)

which is calculated for each variable and each cut value. Here Ni = Si + Bi is the
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5.1 Boosted Decision Trees

total number of (weighted) events in node i, and Ntot = N1 +N2 is the total number
of (weighted) events in the mother node. Equation 5.3 can be simplified:

G = w1 · p1 · (1− p1) + w2 · p2 · (1− p2) =
1

Ntot
·
(
S1 ·B1

N1
+
S2 ·B2

N2

)
(5.4)

By minimizing Equation 5.4, the so-called separation gain S is maximized:

S = p0 · (1− p0)− G (5.5)

Here, p0 is the purity of the mother node. In order to determine the Gini indices
for Emiss

T at a cut value of 600 GeV, the Gini Indices for Emiss
T <600 GeV and for

Emiss
T ≥600 GeV are calculated and added together. The variable and the cut value

are chosen for which the Gini index is minimal compared to all other choices.

The cut giving best separation in the first node at the initial tree is Emiss
T ≤ 453 GeV

for the exemplary training. Events satisfying the labeled condition Emiss
T <453 GeV

in Figure 5.1 are piped to the right node in the chosen scheme of this thesis. The right
node, fulfilling the cut condition, is also called ”true” branch. The right branch is the
more background-like event branch and the left one is the more signal-like branch,
which means that the purity of the right branch pr is smaller than the purity of the
left branch: pr ≤ pl.

More than 90% of the events in the left branch are signal events (purity p = 0.901).
This node does not split further due to the hypothetical new background-like node
being smaller than the minimal node size allows. The minimal node size will be
discussed in the next paragraph. The right node has a signal contamination of 25%.
These events are further separated using the next best discriminating variable, in this
case mχ2

T2 with a separation edge of 364 GeV. The best discriminating variable cut of
the remaining events is mχ2

T2 < 364 GeV. The subsequent right side node has a purity
p = 0.187 and does not split further. The left side node splits once more for the cut
mb,min

T <176 GeV, resulting in purities of p = 0.772 and p = 0.334 respectively. When
the events at the final split are looked at, then events located on the left side are
classified as signal events (and should have a purity p > 0.5, whereas the events on
the right side are classified as background events (and should have a purity p ≤ 0.5).

If the number of nodes were not constrained, a purity of either 0 or 1 would mostly
be the case for the final nodes. The problem of such training is then that the tree
essentially memorizes each event in the training sample individually. This situation
is called overtraining. The events, not being trained with (test samples) have a
much worse score. Therefore, the amount of branchings needs to be limited. Several
parameters control when a node will not be split further. The parameter maximal
depth defines the maximal number of branchings. The default value is three, which
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means that the events can be split three times at most until reaching the final node,
as depicted in Figure 5.1. Another criterion is the minimal node size which determines
the minimum fraction of events at each node. The default value is 2.5%.

A single decision tree, however, gives poorer results than the Cut and Count method
and is highly prone to overtraining. Therefore, boosting [62] is introduced: Multiple
trees are trained, which return poor results as individual trees, but good ones as a col-
lective. The set of all decision trees used for the boosting is called decision forest. The
most commonly applied Boosting Algorithm is Adaptive Boosting (AdaBoost) [63].
The training of a tree is carried out with weighted events, such that training events
with a larger weight have a greater impact on the determination of the cut variables
and the cut values. Initially, all signal training events (in total Nsig,train events) are
weighted with 1

Nsig,train
, such that the total number of the weighted events is nor-

malized to one. Equivalently, the initial weights for the background training samples
are given by 1

Nbkg,train
. After training one tree, the weight of the events which were

classified falsely is increased, and the weight of the events that were truly classified
is decreased, whereby falsely classified events are those which were categorized by
this particular tree as signal even though they were background and vice versa. Then
training is repeated with the newly weighted events in order to obtain a new decision
tree (see Fig. 5.2). The maximum number of trees is defined by the parameter Ntrees.
After the training of all trees, the score of each event is determined from all trees as
will be explained later.

The first tree is trained as explained above with every event having the same weight.
Then, the misclassification error err

err =
number of misclassified events

number of total events
. (5.6)

is determined.

The error fraction is, per construction, err ≤ 0.5 (otherwise more misclassified than
truly classified events, meaning that switching classification would provide better
results).

The error fraction is applied to determine the boost factor α:

α = β · ln
(

1− err
err

)
, (5.7)

where β is called the learning rate of the boost algorithm. It ranges typically between
0 and 1 and α = 0 for err = 0.5. In the entire analysis, the default value 0.5 will be
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5.1 Boosted Decision Trees

Figure 5.2: Example of an 831st reweighted decision tree in a forest.

used. The weight of a misclassified event i, denoted by wim, is multiplied by

exp (α) =

(
1− err
err

)β
, (5.8)

while the weights of correctly classified (true) events j, denoted by wjt , are not modi-
fied.

Subsequently, the weights are renormalised such that the sum of all weights is one:

wim,new =
wim,old · exp (α)∑

k∈Im w
k
m,old · exp (α) +

∑
l∈It w

l
t,old

(5.9)

wjt,new =
wjt,old∑

k∈Im w
k
m,old · exp (α) +

∑
l∈It w

l
t,old

(5.10)

where Im and It denote the sets of misclassified and truly classified events respectively.
This results in wim,new ≥ wim,old and wit,new ≤ wit,old. There hardly exists, if at all, any
event which is classified truly by all events or falsely. Thus, most of the events are
truly classified by a certain number of trees and falsely classified by the rest, meaning
that the weight of an event is almost unique.
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The higher the level of decision trees, the larger will be the error fraction since
it becomes increasingly hard to classify the weighted events. Figure 5.2 shows an
example of a decision tree, constructed at a very late stage of training (tree number
831). All purities are very close to p = 0.5, resulting in an error fraction close to
err = 0.5, which indicates that a separation of signal and background events is hardly
possible. This means that the boost weight will be equally close to one. Figure 5.3
shows the error fraction as a function of the tree number. For trees with tree numbers
above 100, the error fraction is close to err = 0.5 and increases only slightly.
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Figure 5.3: The error fraction of each decision tree in the decision forest is depicted for the
top squark search. The error fraction takes values close to the poorest value 0.5 for any but
the first trees.

The total BDT-score si constructed from all decision trees of the event i is calculated
by all trees:

si =

∑NTrees
m=0 αm · qim∑NTrees
m=0 .αm

. (5.11)
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The final boost factor of treem is denoted by αm, while the decision of treem whether
event i is signal-like or background-like is denoted by

qim =

{
1 if tree m classifies event i as signal
−1 else

. (5.12)

The smaller the error fraction, the more it affects the final score. The BDT-score
is limited inside the interval between -1 and 1 (cf. Equation 5.11). The larger the
BDT-score, the more likely the event is a signal event. A BDT-score si = 1 means
that all trees in the forest with boost factor greater zero classify event i as signal. A
BDT-score si = −1 means the opposite. There is a strong reason to believe that the
events have the expected properties.

The problems looked at were classification problems in a sense that the events were
classified either signal or background. Another type of problems are regression prob-
lems, having – instead of a boolean variable as an output – a real-valued variable,
i. e. the energy deposit of a particle in a calorimeter. Regression trees are trained
such that the error function is minimized.

The main focus of the thesis, however, is the classification problems.

5.2 Neural Networks

Artificial neuronal networks (ANN) are inspired by the structure and working prin-
ciples of the brains. An input signal activates a first set of neurons. Depending on
the internal structure and on possible other input pulses, each neuron generates an
output propagated to another set of neurons. Finally, the signal is propagated to
the last layer of the ANN, returning the net’s output. In this thesis, the so-called
Multi-Layer Perceptron approach is applied [64,65].

The basic layout of an ANN is sketched in Figure 5.4. The information of the four
input variables is distributed to the first layer of the network. This layer consists of
as many neurons as variables plus an extra, so-called bias node, which generates a
constant output signal of y(1)

0 = 1. Each neuron i of a given layer l is connected to
each neuron j of the subsequent layers. For simplicity and also to save computing
resources, neurons are only considered to have a direct connection from one layer
to the following neighbouring layer (MLP). The strength of these connections is
described by weights, w(l)

i,j , whose values will be optimized during the training of the
network after its layout has been established. In general, the signal can be propagated
to an arbitrary number of middle layers (also called hidden layers) – each with a

35



Chapter 5 Machine Learning

different number of neurons – before reaching the final output-layer. The latter usually
consists of one single neuron returning one single score.

The determination which value y(l)
j a given neuron j in the lth layer returns to the

input is illustrated in Figure 5.5 and will be discussed in the following. In a first
step, the response of all neurons of the previous layer is summarized in the so-called
synapse function κ, given by

κ
(
y

(l−1)
1 , y

(l−1)
2 , ..., y(l−1)

n , w
(l−1)
1,j , ..., w

(l−1)
n,j , w

(l−1)
0,j

)
= w

(l−1)
0,j +

n∑
i=1

y
(l−1)
i w

(l−1)
i,j

(5.13)

There are also other possibilities, commonly considered to define κ, whose details
can be found in Reference [61]. The synapse function is then connected to the
activation function, which is generally any differentiable function mapping R → R.
The activation function is supposed to detect potential (non-)linear correlations
between the input variables of the network which is justified by the Stone-Weierstrass
theorem [66,67]. In this thesis three different activation functions are examined:

• the sigmoid function: α(x) = 1
1+exp(−x)

• tangens hyperpolicus: α(x) = tanh(x)

• radial function: α(x) = exp
(
−x2

2

)
.

The output yANN of a neural network as depicted in Figure 5.4 is given for tangens
hyperbolicus as the neuron activation function:

yANN
(
x1, x2, x3, x4

∣∣ w) = w
(2)
0,1 +

5∑
j=1

w
(2)
j,1 · tanh

(
4∑
i=1

x(i) · w(1)
i,j + w

(1)
0,j

)
(5.14)

Training of a neural network

As in the case of the training of a BDT, N labeled simulated events are applied
to train the network. Each event is represented by an Minput dimensional vector zi

containing all considered training variables. The goal of the training is to adjust all
weights w(l)

i,j such that the so-called error function of all training events is minimized,
which is given by

E
(
z(1), ..., z(N)

∣∣ w) =

N∑
i=1

Ei
(
zi
∣∣ w) =

1

2

N∑
i=1

(
y

(i)
ANN − ŷ

(i)
)2
. (5.15)
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Figure 5.4: Schematic layout of an artificial neural network [61].
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Chapter 5 Machine Learning

The ŷi denote the truth-label of each event, whereas signal (background) events are
labeled by yi = 1(0). Due to the complexity, this minimization problem has to be
solved by using numerical methods.

Two ways of obtaining the weights of the neural network are considered: the Back-
Propagation (BP) and the Broyden-Fletcher-Goldfarb-Shannon (BFGS) method.

The error function reaches its extremum when

∇wE(w) = 0 (5.16)

is satisfied. The Back-Propagation method is based on the steepest descent approach.
Iteratively, the w[q+1] weight is adjusted from the wq weight via

w[q+1] = w[q] − η∇w[q]E
(
z(1), ..., z(N)

∣∣ w[q]
)
, (5.17)

where η is the learning rate fixed to η = 0.02, which determines the difference between
w[q]. The larger the learning rate, the faster the convergence, but the greater the
risk of taking too big steps, which often results in divergences. The number of cycles
determines how many times this optimization is carried out, and when the algorithm
is stopped. The procedure is terminated either if the minimum is reached or after a
maximum number of iterations – also called cycles – is met. This limit is an external
training parameter, which is optimized in Appendix 3.2

The other algorithm, the BFGS-method, is explained in Appendix 3.1.

An example of a neural network can be found in Figure 5.6. In this case, the network
was trained with five input variables. One output variable provides the final results.
The weight can be evaluated from the thickness and the color of the lines [61]. The
thicker the line, the larger the absolute value of the weight. Blue colors indicate a
large negative weight, orange-yellow colors represent a large positive weight, green
color indicates a small weight. No line is an indication of very small weights.

5.3 Overtraining

One of the main important aspects in machine learning is to avoid overtraining. The
algorithm must not memorize the training events. It is rather supposed to learn the
main features of signal and background, in order to filter a potential signal from
real data. This section introduces the main concepts of how overtraining is detected
and quantified based on arbitrary BDT training as an example. All concepts can be
transferred straight forward to neural networks.
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5.3 Overtraining

Figure 5.6: An example of a neural network trained with five input variables. The lines
indicate the weights of the network. The thickness corresponds to the absolute value of the
weights. The colors indicate the sign. Blue colors show the weight being negative, orange-
yellow colors indicate a positive weight, whereas green lines correspond to small weights.
When no line is plotted, this means that the weight is smaller than the weights marked with
a green color.

Figure 5.7 shows the resulting information from a BDT. The red histogram is the dis-
tribution of the BDT-score si for background test events, whereas the blue histogram
is the si distribution for signal test events. The dots indicate the distributions for
training events. The two histograms are normalized to one.

A BDT is overtrained if the testing and the training samples for signal or background
do not share the same shape. Since the differences in the histograms in Figure 5.7 are
small, little overtraining can be expected. Overtraining, however, must be quantified
for the final analysis.

As a measure of overtraining, i. e. of the level of disagreement between the BDT score
distributions for test and training events, a Kolmogorov-Smirnov-Test [68] can be
used1. With the cumulative, normalized BDT-score probability distribution of the

1This is not the Kolmogorov-Smirnov-Score, used by TMVA.
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Figure 5.7: BDT-score distribution of signal (blue) and background (red) for training (dots)
and testing (lines). A good separation between signal and background can be observed.

background training events

F btraining(x) =
number of background training events i with BDT-score si ≤ x

number of background training events i
(5.18)

and the corresponding distribution F btest(x) for background test events, the
Kolmogorov-Smirnov-Score kB of the background events is defined as:

kb = max
x∈[−1,1]

∣∣∣F btrain − F btest∣∣∣ . (5.19)

There are only finitely many bins to check in the range [−1, 1] in order to find kb.

For large enough numbers of events N, the relevant quantity is:

db = kb ·

√
N b
train ·N b

test

N b
train +N b

test

(5.20)
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N b
train is the number of training background events given. db can be translated into

the significance 1− α to reject H0. In this thesis, the output of a machine learning
algorithm is said to be not overtrained if db is db < 1.07 [68].

5.4 Performance Evaluation

An important characteristic of the performance of machine learning techniques, in
fact of any signal-selection method, is the so-called ROC (Receiver Operating Char-
acteristic) Curve [69]. It is based on the test samples. An example of a ROC-Curve
is illustrated in Figure 5.8. When a cut in the BDT-score distributions is applied,
also part of the signal events is rejected in addition to background events. Then the
signal efficiency esig and background rejection rbkg are defined as

esig =
number of selected signal events in the test sample

number of signal events in the test sample
, (5.21)

rbkg =
number of rejected background events in the test sample

number of background events in the test sample
(5.22)

respectively. The plot provides the essential information on the performance of the
selection. The ROC-Curve shown in Figure 5.8 encodes information on the perfor-
mance of the training. Generally, an algorithm distinguishes background better from
signal than another one if its associated ROC-Curve approaches closer the point of
full background rejection while keeping all signals (esig = rbkg = 1). On the other
hand, the ROC-Curve is bounded by the diagonal from (1, 0) to (0, 1), since it is
possible to exchange the labels of background and signal if the curve crosses the
diagonal. Thus, the area under the ROC-Curve is a suitable measure to compare
various configurations of the same machine-learning algorithm or entirely different
algorithms.

The larger the area under the ROC-Curve, the better the performance of the algorithm,
and the results of the training. The poorest performance region is the diagonal with
an area of 0.5, while the best performance can be found in rectangles with one corner
at (1, 1).

Another measure used in this analysis is significance: It is a standard measure in
particle physics, which is a basis for the decision whether particles are detected or if
certain mass ranges are excluded. More details can be found in [70]. If particles are
detected with a significance of more than 5σ, it is assumed that the particle exist.
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Figure 5.8: ROC-Curve of a BDT. It can be seen that the area under the ROC-Curve is
distinctly closer to 1 than to 0.5, showing that the training was successful.
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Chapter 6

Analysis

6.1 Input Variables

For multivariate methods, the selection of the input variables is essential. All discrim-
inating variables of the cut-based method were made use of (see Table 6.1).

The exemplary distributions of four input variables after the preselection are shown
in Figure 6.1 - 6.4 for ATLAS data taken at

√
s = 13 TeV in 2015 and 2016 by the

ATLAS experiment. Figure 6.2 shows the distribution of the number of jets with
R = 0.4. The preselection requires at least four jets. Events with more than ten
jets are very rare. The data are described reasonably well in the SM background
MC-simulation. The data are slightly above the SM prediction. Further, no shape of
the ratio is recognizable in a sense that the ratio increases or decreases as a function
of the number of jets.

Figure 6.1 shows the distribution of the transverse mass mnon−b,min
T of the non-b-

tagged jet closest in ϕ to the missing transverse momentum. Again, the data are
described reasonably by the background MC modulation.

The missing transverse energy Emiss
T distribution is shown in Figure 6.3. The prese-

lection requires Emiss
T > 200 GeV. Data and MC show good agreement.

Figure 6.4 shows that the distribution of m1
jet,R=1.2 also has good agreement between

data and MC. A cut at 100 GeV would discriminate a lot of background events.

The distribution of the other input variables used in the signal selection can be found
in Appendix 1. The Monte-Carlo-simulations are in good agreement with the data.
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Table 6.1: List of discriminating variables used in the BDT-based event selection. b-tagged
jets are referred to as b-jets. Candidate is abbreviated to cand.

Variable Description

m0
jet,R=0.8 Mass of the 1st leading (in pT ) reclustered R = 0.8 jet

m0
jet,R=1.2 Mass of the 1st leading reclustered R = 1.2 jet

m1
jet,R=1.2 Mass of the 2nd leading reclustered R = 1.2 jet

∆R (b, b) Distance between the two leading R = 0.4-jets

Emiss
T Missing transverse energy

Hsig
T Hsig

T = Emiss
T /

√
HT with HT =

∑
jets |pT|

p0
T pT of the of the 1st R = 0.4 jet

p1
T pT of the of the 2nd leading R = 0.4 jet

p2
T pT of the of the 3rd leading R = 0.4 jet

p3
T pT of the of the 4th leading R = 0.4 jet

mbb Invariant mass of the two leading b-jets

meff meff = Emiss
T +HT

mχ2

T2 mχ2

T2 = minq1+q2=pM

[
max{m2

T

(
pppt̄T , qqq1

)
,m2

T

(
ppptT , qqq2

)
}
]
(cf. Eq. 4.4)

mb,max
T Transverse mass of the b-jet, which is furthest away in ϕ from pmiss

T

mb,min
T Transverse mass of the b-jet, which is closest in ϕ to pmiss

T

mnon−b,max
T Transverse mass of the non-b-jet, which is furthest away in ϕ from pmiss

T

mnon−b,min
T Transverse mass of the non-b-jet, which is closest in ϕ to pmiss

T

Njet Number of R = 0.4 jets

Nb−jet Number of b-jets

m0
jjj Mass of top cand. with smallest ∆R between b-jet and W (→ qq̄′)

m1
jjj Mass of top cand. with 2nd smallest ∆R between b-jet and W (→ qq̄′)

p0
T,jjj pT of top cand. with smallest ∆R between b-jet and W (→ qq̄′)

p1
T,jjj pT of top cand. with 2nd smallest ∆R between b-jet and W (→ qq̄′)
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Figure 6.1: Distributions of mnon−b,min
T after the preselection requirement. The stacked

histograms show the SM expectation, whereas the dashed purple line shows the distribution
of the reference model normed to the integral of the background events. The panel beneath
illustrates the ratio of data events to the total SM expectation. The hatched uncertainty
band around the SM expectation and in the ratio plot illustrates statistical uncertainties.
The rightmost bin includes all overflows.
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Figure 6.2: Distributions of NJet after the preselection requirement. The stacked histograms
show the SM expectation, whereas the dashed purple line indicates the distribution of the
reference model normed to the integral of the background events. The panel beneath shows
the ratio of data events to the total SM expectation. The hatched uncertainty band around
the SM expectation and in the ratio plot illustrates statistical uncertainties. The rightmost
bin includes all overflows.
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Figure 6.3: Distributions ofEmiss
T after the preselection requirement. The stacked histograms

show the SM expectation, whereas the dashed purple line indicates the distribution of the
reference model normed to the integral of the background events. The panel beneath shows
the ratio of data events to the total SM expectation. The hatched uncertainty band around
the SM expectation and in the ratio plot illustrates statistical uncertainties. The rightmost
bin includes all overflows.
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Figure 6.4: Distributions of m1
jet,R=1.2 after the preselection requirement. The stacked

histograms show the SM expectation, whereas the dashed purple line shows the distribution
of the reference model normed to the integral of the background events. The panel beneath
shows the ratio of data events to the total SM expectation. The hatched uncertainty band
around the SM expectation and in the ratio plot illustrates statistical uncertainties. The
rightmost bin includes all overflows.
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6.2 Correlations between Input Variables

In the Cut and Count method, the discrimination of signal from SM backgrounds
is achieved by just cutting on certain variables. The improvement of multivariate
methods is to make use of correlations between different input variables in signal
and background to discriminate them accordingly. Figure 6.5 shows the distribution
of the signal events with mt̃1

= 1 TeV and mχ̃0
1

= 1 GeV (Figure 6.5a) and of all
background events (Figure 6.5b) with respect to Emiss

T and Hsig
T . Particularly for

signal, a strong linear positive correlation can be observed, meaning that an increase
of Emiss

T leads to an increase in Hsig
T . This is reasonable since the later variable

is defined by Hsig
T = Emiss

T /
√
HT. When comparing signal and background, it can

be seen that a cut on Emiss
T > 400 GeV suppresses most of the backgrounds while

keeping the majority of the signal. For this reason, this cut was done for Signal Region
SRA_TT (cf. Table 4.1). It can be seen that similar results could also be achieved
with a cut on Hsig

T > 15 GeV due to the high linear correlation.

Figure 6.6 shows the distribution of p1
T and mb,min

T . A bulk can be seen, both for
signal and background, showing that there is no linear correlation between these two
variables. There are, nevertheless, two different shapes recognizable, however, with
quite a lot of overlap. A cut onmb,min

T = 200 GeV still discriminates lots of signal from
background, which therefore is done in the Cut and Count analysis (cf. Table 4.1).

Figure 6.7 depicts the signal and background distribution of m0
jet,R=1.2 and m1

jet,R=1.2.
It is noticeable that signal and background are distributed completely differently.
This is justified by the fact that a top squark decays into a neutralino and a top
quark, which decays into a W -boson and a bottom quark. This means that the
biggest jet m0

jet,R=1.2 is almost always a reconstructed top-quark with a mass of
174 GeV [71]. The second largest jet m1

jet,R=1.2 can either be the second reconstructed
top jet from the other top squark, which would have an equal mass, or it can also be
a reconstructed W -boson, being the heaviest decay product of the top quark with a
mass of 80 GeV [72]. It can also be the jet of the b-quark, which is the other decay
product of the top quark and has a mass below 4.2 GeV [73]. Other event possibilities
are scarce and may also result from false jet reconstruction. This explains the three
major signal peaks. Background processes, on the other hand, do not involve a top or
even two. Therefore, these peaks cannot be observed. These peaks once more explain
the cuts on m0

jet,R=1.2 and m1
jet,R=1.2 for the Cut and Count method (cf. Table 4.1).

Multivariate techniques are supposed to recognize and exploit various distributions
like these (perhaps more complex distributions) in order to discriminate background
from signal even better.
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(b) Distribution of SM backgrounds.

Figure 6.5: Distribution of Emiss
T and Hsig

T . Positive linear correlation between the input
variables can be seen.
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(b) Distribution of SM backgrounds.

Figure 6.6: Distribution of p1
T and mb,min

T . Hardly any correlation can be observed.
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(b) Distribution of SM backgrounds.

Figure 6.7: Distribution of m0
jet,R=1.2 and m1

jet,R=1.2. Different shapes between signal and
background can be observed.
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6.3 Boosted Decision Trees

6.3.1 Selection of Signal Samples

Figure 6.8a depicts the expected significance as a function of the top squark mass
mt̃1

and the neutralino mass mχ̃0
1
achieved with the Cut and Count method. On the

other hand, Figure 6.8b depicts the expected exclusion limit. It can be seen that the
reference point cannot be excluded, even though the exclusion line is very close. It
will be analyzed whether better results can be achieved with multivariate analysis
methods.

The choice of signal samples used for machine learning is essential for the success of
the algorithms, e. g. enough statistics must be available and the event kinematics
have to be similar in case that different samples are used simultaneously. In order to
maximize the significance to the reference model, which is the model Signal Region
A (Section 4.3) was optimized to and in the following called reference model, three
different choices to pick the signal MC samples were considered: First, using the
reference signal point only, second, using all signal models and third using all signal
models with mt̃1

≥ 1 TeV. The standard BDT settings were used in order to compare
the significances after applying the BDT. In addition, all input variables were used
(cf. Table 6.1).

Figure 6.9 presents the expected significances as a function of the top squark mass
mt̃1

and the neutralino mass mχ̃0
1
(Figure 6.9a) of a BDT training using only the

reference signal point and the corresponding BDT-score (Figure 6.9b). The solid
line in the significance plot is the 3σ-contour, whereas the dashed line, which does
not exist in this setting, is the 5σ-line. It can be seen that the 3σ line gets close to
mt̃1

= 1 TeV with low neutralino masses. Figure 6.9b shows the different background
events and the data depending on the BDT-score. For events with enough statistics,
data and MC fit very well.

Figure 6.10 depicts the significances which are obtained by using a BDT training
with all t̃1 → t+ χ̃0

1-models and the corresponding Data-MC-plot. Very high signif-
icances are achieved in the region 500 GeV < mt̃1

< 700 GeV. Significances of 5σ
can be observed from roughly mt̃1

= 400 GeV until mt̃1
= 800 GeV. 5σ are also

obtained for high neutralino masses until approximately mχ̃0
1

= 200 GeV at certain
mt̃1

. Furthermore, the 3σ line is very close to the kinematic border, which is defined
via mt̃1

= mt +mχ̃0
1
. This seems to be in fact a very successful training, however, it

is not all that sensitive towards samples with high mt̃1
. Again, the MC-events show

good agreement with data.

Figure 6.11 shows the results of a training when all signal samples with mt̃1
≥1 TeV
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are used. This training does not result in any discovery sensitivity for the bulk
region of the mt̃1

−mχ̃0
1
plane, which for the most part has already been excluded in

the current analysis [26]. It rather achieves an increase in the sensitivity to models
with t̃1-masses beyond 1 TeV. This model has been found to be the most appropriate
configuration for the selected test sample. Therefore, it can be concluded that in order
to achieve the highest possible sensitivity to high t̃-mass scenarios, it is crucial that the
selected signal points for the machine learning training have also high t̃1-masses, as
low-mass signals strongly influence the training due to their much higher production
cross-section. Thus, they would pull back the sensitivity as the algorithm recognizes
their characteristics. Analogous consideration can be given to the kinematic border
of the phase space where mt̃1

≈ mχ̃0
1

+mt. A dedicated MVA training using signals
close to that line in combination with advanced high-level variables, like the ones
constructed from the recursive Jigsaw technique [74], will result in large sensitivities
to this particular regime. This scenario has not been exploited in this thesis and is
thus left open for future studies.
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(b) Data-MC plot as a function of the BDT-score.

Figure 6.9: Events from models with mt̃ = 1 TeV and mχ̃0 = 1 GeV were used to develop
the BDT training. Expected significances (a) are shown as a function of the top squark mass
and the neutralino mass for various training models. The solid (dashed) line indicates the
3 (5)σ contour. The BDT cut was done in a way that highest sensitivities are achieved for
large top squark masses. The corresponding Data-MC-plot is depicted in (b), showing the
different background events logarithmically in color, as well as data events (black dots) and
the signal events of the reference model in the purple dashed line.
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Figure 6.10: All considered mass parameters were used to develop the BDT training.
Expected significances (a) are shown as a function of the top squark mass and the neutralino
mass for various training models. The solid (dashed) line indicates the 3 (5)σ contour. The
BDT cut was done in a way that highest sensitivities are achieved for large top squark masses.
The corresponding Data-MC-plot is depicted in (b), showing the different background events
logarithmically in color, as well as data events (black dots) and the signal events of the
reference model in the purple dashed line.
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Figure 6.11: Events from models with mt̃ ≥ 1 TeV were used to develop the BDT training.
Expected significances (a) are shown as a function of the top squark mass and the neutralino
mass for various training models. The solid (dashed) line indicates the 3 (5)σ contour. The
BDT cut was done in a way that highest sensitivities are achieved for large top squark masses.
The corresponding Data-MC-plot is depicted in (b), showing the different background events
logarithmically in color, as well as data events (black dots) and the signal events of the
reference model in the purple dashed line.
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Table 6.2: Standard Settings of the BDT-method.

Parameter Parameter Value

Number of Trees 850

Minimal Node Size 2.5%

Maximal Depth of the Trees 3

Boost Type AdaBoost

Separation Type Gini Index

Number of Cuts 20

AdaBoost-β 0.5

Use Bagged Boost True

Bagged Sample Fraction 0.5

6.3.2 Optimization of the Training Configurations

In this subchapter, it will be discussed which is the best set of parameters to achieve
the highest sensitivity and avoid overtraining. A list of the standard parameters used
for training is depicted in Table 6.2. Details can be found in [61]. All input variables,
listed in Table 6.1, are used for training.

Separation Type
The first relevant setting is the selection of the separation algorithm, referred
to as separation type. TMVA [61] provides four different types of classification
problems: The Gini Index, explained in Section 5.1, the Cross Entropy, the
Gini Index with Laplace and the Misclassification Error [61].

If the separation type Gini Index is selected, the discriminating variable and the cut
value are chosen according to the minimal sum (Equation 5.4) of the Gini Indexes
(p as in Equation 5.2):

p · (1− p) =
S ·B

(S +B)2 (6.1)

The Gini Index with Laplace is very similar to the Gini Index and also bounded from
the top to be 0.25 for S=B. In contrast to the ordinary separation index, this formula
has no absolute minimum. By using the substitution p = S+1

S+B+2 , in this case the
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expression

GL = p · (1− p) =
(S + 1) · (B + 1)

(S +B + 2)2 (6.2)

is minimized in order to determine the best choice of a cut on the input variable.

For the remaining separation types discussed in this section, the purity p, defined in
Equation 5.2, is used.

The Cross Entropy is defined via

S = −p · ln (p)− (1− p) · ln (1− p) (6.3)

This separation value maps the purity to the interval [0, ln(2)].

The maximum value will be reached at p = 0.5 with Cross Entropy of −ln (0.5) ≈ 0.69.
The smallest values will also be at p = 0 or p = 1, the corresponding values are set
to be 0.

The final separation type is the Misclassification Error, given by

EM = 1−max (p, 1− p) . (6.4)

This separation type obtains its extrema for EM (0.5) = 1 and EM (0) = EM (1) = 0.

All separation types have in common that the maximum is at p = 0.5 and that it is
fully symmetric with the axis p = 0.5.

Figure 6.12 depicts the Area under the ROC-Curves of four BDT trainings, each
performed with a different separation type for training and testing data. The variation
of the separation algorithm impacts the area under the ROC-Curve of testing data
negligibly. The tested algorithms, however, tend differently towards overtraining as
demonstrated in Figure 6.13. They show the Kolmogorov-Smirnov-Score, described
in Section 5.3 for signal and background. The Misclassification Error separation
type has the largest score with a value of 0.0034. Large fluctuations between signal
and background are observed for the Gini Index with Laplace. The reason for
the latter has not been fully understood yet. Figure 6.14 shows the best possible
significance of the reference model obtained by applying a minimum requirement
on the BDT response of each of the four training settings. All configurations result
in a significance of at least ≈ 3σ. The Misclassification Error and the Gini Index
achieve the highest significances of 3.22σ and 3.2σ respectively. Considering the
observed trend to overtraining of the misclassification, the Gini Index has been found
to provide the best results in order to search for high-mass t̃1.
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Cross Entropy Gini Index Gini Index with Laplace Misclassification Error

A
re

a 
un

de
r 

th
e 

R
O

C
-C

ur
ve

0.954

0.956

0.958

0.96

0.962 Testing
Training

 = 13 TeVs

Figure 6.12: Area under ROC-Curves obtained from performing a t̃1-BDT training with
high-mass t̃1 models with varied training parameter separation type for MVA testing and
training events.

Boost Type
In a further step, the best boosting algorithm for reweighing falsely classified events
for the next decision tree in the forest is determined. The algorithms studied are
AdaBoost,Real AdaBoost,Gradient and Bagging. The AdaBoost has been de-
scribed in detail in Section 5.1. The Real AdaBoost procedure is a modification
of Ada Boost, the final BDT score chosen as

si =

∑NTrees
m=0 αm · pim∑NTrees
m=0 αm

, (6.5)

where pim is the purity p = S
S+B of the leaf node concerning event i. Since the purity is

a number between 0 and 1, the Real AdaBoost BDT score si ranges equally between
0 and 1, unlike the AdaBoost BDT score, which assumes between −1 and 1 (see
Equation 5.12). An event i is assumed signal if the Real AdaBoost score si is greater
than 0.5.

The Gradient Boost algorithm, in contrast to AdaBoost, does not reweight misclassi-
fied events in order to train a new tree, but instead builds new trees to reduce the
error. More details can be found in 2.2.

The final Boost Type, which was investigated, is the Bagging algorithm. A certain
number of events is randomly chosen to create a decision tree. The remaining trees are
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(a) Signal Kolmogorov-Smirnov-Score.
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(b) Background Kolmogorov-Smirnov-Score.

Figure 6.13: Kolmogorov-Smirnov-Score of the different Separation Types.
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Figure 6.14: Significance of the test signal model for BDT trainings with four choices for the
separation type. In each case, the best possible value is shown for a dataset of L = 36.1 fb−1

at
√
s = 13.1 TeV.

also trained by picking a randomly chosen ensemble of events. The final BDT-score
is then given by the average classification outcome of each tree in the forest.

The Area under the ROC-Curves of each boosting type is illustrated in Figure 6.15
for testing and training events of the training model. The bagging algorithm results
in the smallest Area under the ROC-Curves. This can be expected in a way, because
all trees are based on smaller training statistics, in which all events are weighted
equally, regardless of whether they have been misclassified or not. Thus, there is
no real learning of the main characteristics of a potential signal. This assumption is
supported by the fact that the Bagging-Boost training does not provide any sensitivity
to observe a t̃1-signal with mt̃1

= 1 TeV in 36.1 fb−1.

The Real Ada Boost shows slightly poorer results than its original pandon although
both construct the same decision forest. The difference arises by comparing the
evaluation of the final BDT-score given in Equation 5.11 and Equation 6.5. In the
case of the AdaBoost, background-classified events contribute destructively to the
score while in the case of Real AdaBoost always positiv numbers are added. This
leads to a smaller separation between background and signal BDT responses. The
corresponding plots can be found in the appendix in Figure 5.
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Almost equal values for the Area under the ROC-Curve are obtained from BDT
trainings with AdaBoost and Gradient. The Kolmogorov-Smirnov-Score, however,
shows that the Gradient Boost algorithm tends to two times more overtraining than
AdaBoost, as depicted in Figure 6.16.
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Figure 6.15: Area under ROC-Curves obtained from performing a t̃1-BDT training with
high-mass t̃1 models with varied training parameter boost type.

Two-Dimensional Parameter Scans
After determining the optimal algorithms to develop the BDT, the four driving
configuration parameters, which determine the size and the branching of each tree,
are optimized in the following. These are the maximal depth, the minimal node size,
the number of cuts and the number of trees. Since it was observed in preliminary
studies that the best choice of a given parameter depends on the choices of the other
parameters, two parameters are varied at the same time while keeping the others at
the standard values, listed in Table 6.2.

As an example, the Area under the ROC-Curves obtained from BDT trainings with
a simultaneous variation of the maximum tree depth and the minimal node size is
shown for signal and background events in Figure 6.18. The scan shows that for an
increasing maximum depth and shrinking minimal node size, the highest values for
the area under the ROC-Curves are obtained for training events, whereas in the case
of testing events, the best values seem to be a maximal depth of four and a minimal
node size smaller than 2%. The observed deviation is reflected in the associated
Kolmogorov-Smirnov-Score, shown in Figure 6.19. Highest testing scores are observed
for trainings with small node sizes and high tree branching. The significance of the
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Figure 6.16: Kolmogorov-Smirnov-Score of the diferent boosting types.
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Figure 6.17: Significance of the test signal model for BDT trainings with four choices for
the boost type. In each case the best possible value is shown for a dataset of L = 36.1 fb−1

at
√
s = 13.1 TeV.

test signal model, depicted in Figure 6.20, shows similar results. Greatest significances
are achieved with a high maximal depth and a small minimal node size.

Both, the Kolmogorov-Smirnov-Test and the area under the ROC-Curves of training
events in comparison with the testing areas hint at strong overtraining for values
with high maximal depth and small minimal node size, which is the reason for the
high significance in this region. A greater maximal depth redounds to overtraining,
since with a higher maximal depth it will be easier to memorize the events ”by heart”.
Therefore, the minimal node size is a parameter to prevent the algorithm from getting
overtrained: The larger the minimal node size, the less the possibility to memorize
the events since more events need to be clustered. The maximal depth shall therefore
be four at most, whereas a minimal node size smaller than 2% and greater than 0.5%
is reasonable. Overtraining has to be investigated carefully, before looking at final
physics results (cf. to the high significances shown in Figure 6.20).

In Appendix 2.3, the other parameter plots are depicted.

As already discussed, the maximal depth should at most be four. From the
Kolmogorov-Smirnov-Score of the maximal depth – number of cuts and of the max-

64



6.3 Boosted Decision Trees

A
re

a 
un

de
r 

th
e 

tr
ai

ni
ng

 R
O

C
 c

ur
ve

0.954

0.956

0.958

0.96

0.962

Maximal depth of the trees

1 2 3 4 5 6 7 8 9 10

M
in

im
al

 n
od

e 
si

ze
 in

 %

0.5
1

1.5
2

2.5

3
3.5

4

4.5

 = 13 TeVs

(a) Area under the Training-ROC-Curves.
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Figure 6.18: Area under ROC-Curves obtained from performing a t̃1-BDT training with
high-mass t̃1 models with varied training parameters maximal depth and minimal node size
for MVA testing and training events.
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Figure 6.19: Kolmogorov-Smirnov-Score dependent on the maximal depth of the trees and
the minimal node size.
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Figure 6.20: Significance of the test signal model for BDT trainings dependent on the
maximal depth and the minimal node size. In each case, the best possible value is shown for
a dataset of L = 36.1 fb−1 at

√
s = 13.1 TeV.

imal depth – number of trees two-dimensional parameter plots, it can additionally
be seen that a maximal depth of three reduces overtraining notably. Therefore, a
maximal depth of three was chosen for the optimal BDT settings.

The final minimal node size value shall be greater than 0.5% and smaller than 2%,
according to the previous section. The plots in the appendix show that a change in the
minimal node size hardly changes anything and the deviations are rather comparable
to statistical fluctuations. Overall, a minimal node size of 1.5% was selected.

A high number of cuts tends to lead to overtraining (cf. Trees-Cuts-plots in Appendix).
Since there is hardly any improvement of the Area under the ROC-Curves for more
than 20 cuts, it was determined to use 20 cuts for the final analysis.

Furthermore, the trees – cuts plots (area under ROC-Curve) suggest taking more
than 1000 trees, whereas the Background Kolmogorov-Smirnov-Score of the trees –
cuts plots shows that high numbers of trees leads to overtraining. Therefore, it was
determined to train with 1200 trees.

6.3.3 Input Variable Ranking

In this section, the separation power of the input variables used in the training is
analyzed. Multiple Boosted Decision Forests have been trained for the analysis with
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the final parameter settings. In each case, one variable has been dropped from the
training.
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Figure 6.21: Area under the ROC-Curves of the BDT with the final parameter settings,
for which all but one variables were used for training. The bin labels denote which variable
from Table 6.1 was not used.

Figure 6.21 depicts the area under the ROC-Curves. In comparison to the area of the
BDT trained with all input variables, there does not exist a BDT trained with all but
one variable (subsequently called N-1 BDTs) with a significantly higher area. There
do exist N-1 BDTs though, which do not have a significantly different area under the
ROC-Curve. This means that these variables – not all simultaneously – may have no
significant effect on the performance of the training. On the other hand, this means
that the variables, whose N-1 BDT ROC-Curves have a significantly smaller area,
are of great importance to the BDT.

In particular, it can be seen that the mass of the second highest pT reclustered
(R = 1.2) jet mass m1

jet,R=1.2 is essential for the BDT. The other two input variables
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m0
jet,R=1.2 and m0

jet,R=0.8 do not seem to be similarly indispensable. One reason might
be that in case of removing either m0

jet,R=1.2 or m0
jet,R=0.8, the other still remains in

the training, thus the information of the leading reclustered fat jet is not completely
lost whereas this is the case when removing m1

jet,R=1.2. This could mean that the
absence of m0

jet,R=1.2 will result in an increase of the importance of m0
jet,R=0.8 and

vice versa.

Another very important variable is mb,min
T . It has already been shown in Figure 4.2

that this variable discriminates signal from tt̄ very well. In addition, mnon−b,min
T is

also a valuable variable. The other variables do not seem to be equally important.
Essentially, one of the reasons for their minor importance is that they are covered by
other variables in a manner that removing one variable will increase the importance
of another or several other variable(s).

Figure 6.22 and Figure 6.23 show the corresponding Kolmogorov-Smirnov-Scores. The
BDT, trained with all input variables, is less overtrained compared to the N-1 BDTs
for both signal and background. Interestingly, the differences are partly very high, in
particular the missing of top quark candidates leads to an increase of overtraining.
This can be explained by the fact that the properties of top candidates prove to be
a better measure for the event topology than simpler variables and thus it is more
difficult for the BDT to memorize them. Another reason might be that the parameter
settings are not ideal for the N-1 BDT plots since they were optimized merely for a
BDT training with all input variables.

Figure 6.24 shows the corresponding significances of the test signal model. The best
variables, according to the area under the ROC-Curves, also lead to the lowest ex-
pected significances when not trained with, which means that they are very important
variables to train with. A training without mb,max

T leads to an increase of 0.3σ. This
does not fit the observations of the Testing ROC-Curves. In fact, the Kolmogorov-
Smirnov-Score suggests that this setting is distinctly more overtrained.

Table 6.3 shows the importance measure performed by TMVA [61]. The importance
is defined by how many times the variable was used as a node splitting variable,
weighted by the number of events in the node and by the square of the separation
gain. Since the missing transversal energy Emiss

T is the variable measuring undetected
particles and/or jets in an indirect manner, this variable is best-ranked. On the second
and third rank are the stransversal mass mχ2

T2 and the effective mass meff , followed
by the reclustered jet masses and mb,min

T .

There are various ways of defining the importance of a variable, each with different
results. While Emiss

T might be replaceable due to other similar variables, it is the
variable providing most separation. On the other hand, m1

jet,R=1.2 gives only the fifth
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Figure 6.22: Signal Kolmogorov-Smirnov-Score of the BDT with the final parameter settings
for which all but one variable used for training. The bin labels denote which variable from
Table 6.1 was not used.

best separation while being one of the two most important variables according to the
N-1 plots.

6.3.4 Final Results

The final BDT significance plot can be found in Figure 6.25. In comparison to the
initial parameter settings, hardly any improvement in the significances is achieved.
This shows that the prior settings were already very satisfactory. The 3σ-line is
beyond the reference model with mt̃1

= 1 TeV and mχ̃0
1

= 1 GeV. A 5σ-line cannot
be observed. Data fits Monte Carlo very well, showing the accurate approximation of
the background. The cut was applied on BDT-score > 0.27. This shows that most of
the background was cut, however, also most of the signal. When comparing the results
with the significances of the signal region SRA_TT, considerable improvements are
noticeable. Whereas a signal with mt̃1

= TeV and mχ̃0
1

= 1 GeV would be seen with
an expected significance of 1.7σ in the cut and count based signal region, an expected
significance of almost 3.2σ can be achieved. This shows, that the Boosted Decision
Tree scores very successfully. The signal Kolmogorov-Smirnov-Score is kbSig = 1.9·10−3

70



6.3 Boosted Decision Trees

Table 6.3: Variable ranking of the BDT with final settings. The separation is determined
by the amount a variable was used at a splitting node.

rank variable separation

1 Emiss
T 7.503 · 10−2

2 mχ2

T2 6.414 · 10−2

3 meff 6.101 · 10−2

4 m0
jet,R=0.8 5.687 · 10−2

5 m0
jet,R=1.2 5.191 · 10−2

6 mb,min
T 5.142 · 10−2

7 m1
jet,R=1.2 5.134 · 10−2

8 ∆R (b, b) 4.498 · 10−2

9 mb,max
T 4.407 · 10−2

10 p0
T,jjj 4.332 · 10−2

11 Njet 4.313 · 10−2

12 mnon−b,min
T 4.312 · 10−2

13 m0
jjj 4.180 · 10−2

14 Hsig
T 4.121 · 10−2

15 p0
T 4.031 · 10−2

16 mnon−b,max
T 3.982 · 10−2

17 p2
T 3.377 · 10−2

18 p3
T 3.362 · 10−2

19 p1
T 3.351 · 10−2

20 p1
T,jjj 3.129 · 10−2

21 m1
jjj 2.914 · 10−2

22 mbb 2.806 · 10−2

23 Nb−jet 1.713 · 10−2
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Figure 6.23: Background Kolmogorov-Smirnov-Score of the BDT with the final parameter
settings for which all but one variables were used for training. The bin labels denote which
variable from Table 6.1 was not used.

whereas the background Kolmogorov-Smirnov-Score is about kbBkg = 2.5 · 10−3. From
db < 1.07, it can be inferred that kbBkg < 2.6 · 10−3 and kbSig < 3.7 · 10−3 is required
in this analysis (cf. Equation 5.20). This shows that the overtraining of the BDT is
acceptably small.

The exclusion plot is shown in Figure 6.26. It can be seen that the exclusion line
cuts the top squark mass axis at about 1.08 TeV, showing that the limit for small
neutralino masses was pushed about 9% (cf. Figure 6.8b). This illustrates that the
training was in fact very successful.
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Variable not being used for Training

N
ot

 a
ny

je
t,R

=
1.

2
0

m

je
t,R

=
1.

2
1

m

je
t,R

=
0.

8
0

m  R
(b

,b
)

∆
si

g
T

H

bb
m

ef
f

m m
is

s
T

E
2 χ T
2

m b,
m

ax
T

m
b,

m
in

T
m

no
n-

b,
m

ax
T

m
no

n-
b,

m
in

T
m

b-
je

t
N

Je
t

N
0 Tp 1 Tp 2 Tp 3 Tp jjj0

m T
,jj

j

0 p

jjj1
m T

,jj
j

1 p

=
1 

G
eV

1 0χ∼
=

1 
T

eV
 a

nd
 m

t~
E

xp
ec

te
d 

S
ig

ni
fic

an
ce

 o
f m

2.8

2.9

3

3.1

3.2

3.3

3.4

3.5
-1 = 13 TeV, 36.1 fbs

Figure 6.24: Significance of the test signal model for the BDT with the final parameter
settings for which all but one variables were used for training. The bin labels denote which
variable from Table 6.1 was not used.
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6.4 Neural Networks

6.4.1 Setup

As for the final BDT studies, all samples with mt̃1
≥ 1 TeV were used as signal

samples and all variables, listed in Table 6.1, were used as input variables.

The parameter settings were selected on criteria similar to those for the BDT in
Section 6.3.2. The corresponding plots can be seen in Appendix 3.2. The Back-
Propagation algorithm is the most successful training method, tangens hyperbolicus
is the best neuron type. 600 Cycles are run for optimization. In addition, having a
high number of nodes diminishes the gain of a second node. Therefore, it was decided
to take one hidden layer with 30 nodes.

Figure 6.27 shows the exact layout of the neural network.

In analogy to Section 6.3.3, several neuronal network were trained by using the training
configuration described in the previous section with the exception that exactly one
variable is dropped from the training. This approach indicates the impact of each
training variable on the separation power of the neuronal network.

The areas under the ROC-Curves for each of the 23 trainings are summarized in
Figure 6.28. The first bin quantifies the area for the training using all variables,
whereas the other bin labels denote which variables has been dropped from the
training. All tested configurations deviate from the standard setting by a maximum
of 1%. The largest declines in the areas are achieved for training without mb,min

T ,
mnon−b,min

T and m1
jet,R=1.2. The discrimination power of mb,min

T against tt̄ is discussed
in Section 4.3. The relative shapes of the SM-background and of the reference signal
are shown in Figure 6.1 and 6.4 after the t̃1 preselection has been applied. Both
distributions demonstrate that large fractions of the background are rejected by
applying a minimum requirement of ≈ 150 GeV and 100 GeV respectively.

There is also a small gain in the area under the ROC-Curve, when Emiss
T is not used

for training. However, this result is likely to be attributed to an increase in the amount
of overtraining for signal events as it is shown by the Kolmogorov-Smrinov-Score in
Figure 6.29. Another reason might be that the large correlations between the Emiss

T

and other variables e.g. Hsig
T (c. f. Table 6.1) partially encode the information of this

variable and thus give the network more freedom to make use of it. All remaining
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6.4 Neural Networks

Figure 6.27: Final neural network, the training of which was done with all input variables.
The lines indicate the weights of the network. The thickness corresponds to the absolute
value of the weights. The colors also indicate the sign. Blue colors show that the weight
is negative, orange-yellow colors indicate a positive weight, whereas green lines correspond
to small weights. The absence of a plotted line means that the weight is smaller than the
weights marked green.

variables do not show a particularly large impact on the area covered by the ROC-
Curve. However, missing variables like p0

T or mbb increase overtraining up to 30%.

I (x) = x̄2
n∑
j=1

(
w

(1)
ij

)2
. (6.6)

Table 6.4 shows the results at this ranking. The three best-ranked variables aremb,min
T ,

mnon−b,min
T and meff . This observation coincides with the results from trainings with

N − 1 variables. mb,min
T and m0

jet,R=1.2 gain the largest drops in the area under the
ROC-Curves, while training without meff achieves the lowest sensitivity. The third
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one is m1
jet,R=1.2 in Table 6.4 fifth-best ranked, showing that the best (ROC-Curve)

variables are also among the most important neural network variables.

Variable not being used for Training
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Figure 6.28: Area under the ROC-Curves of the BDT with the final parameter settings
for which all but one variables were used for training. The bin labels denote which variable
from Table 6.1 was not used.
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Table 6.4: Variable ranking of the Neural Network with final parameter settings. The
importance is determined by the weights of the connection between the input variable and
the neurons of the first (and only) hidden layer.

Rank Variable Importance

1 mb,min
T 1202

2 mnon−b,min
T 674.5

3 meff 548.1

4 mχ2

T2 382.2

5 m1
jet,R=1.2 349.8

6 Emiss
T 321.4

7 p0
T 301.5

8 m0
jet,R=0.8 199.4

9 m0
jjj 139.4

10 m0
jet,R=1.2 136.7

11 p1
T 96.64

12 m1
jjj 94.16

13 mbb 93.03

14 p1
T,jjj 77.35

15 p2
T 70.18

16 mb,max
T 67.56

17 p3
T 58.76

18 Hsig
T 50.64

19 p0
T,jjj 48.33

20 ∆R (b, b) 36.28

21 Njet 31.18

22 mnon−b,max
T 28.89

23 Nb−jet 20.01
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Figure 6.29: Signal Kolmogorov-Smirnov-Score of the neural network with the final param-
eter settings for which all but one variables were used for training. The bin labels denote
which variable from Table 6.1 was not used.
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Figure 6.30: Background Kolmogorov-Smirnov-Score of the neural network with the final
parameter settings for which all but one variables were used for training. The bin labels
denote which variable from Table 6.1 was not used.
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Figure 6.31: Significance of the test signal model for the neural network with the final
parameter settings for which all but one variables were used for training. The bin labels
denote which variable from Table 6.1 was not used.
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6.4.2 Final Results

The maximum expected significance for applying a cut on the ANN-score is shown
in Figure 6.32 as a function of the top squark and the neutralino mass. The result
does not show the same performance as the significances obtained from using a BDT.
The 3σ contour falls back to stop-masses of 900 GeV. They do not reveal a significant
improvement to the expected sensitivities of SRA_TT of the cut-based analysis. This
is mainly caused by the constant socket of background events for ANN-score > 0.99.

ANN-score
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Figure 6.32: The ANN distribution for signal and background training and testing events.
The neural network separates both distributions very accurately as the majority of the events
is located at the edges of the figure. Throughout the entire range of the distribution, there
is a constant socket of background and signal events, which is not observed for the BDT
(cf. 5.7).

The significances of the reference model achieved by a neural network, for which
all but one variable were used, makes training with fewer variables appear superior.
Therefore, a neural net was also trained excluding Emiss

T , Njet, m
b,max
T , p0

T,jjj and
m0
jjj , the results of which are shown in Figure 6.34. Hardly any differences can be

seen here compared to the final neural network in which all variables are used for
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training. The training, performed with all input variables but Emiss
T , is also plotted

(Figure 6.35). In fact, slight enlargement of the significances can be seen with respect
to the other two training settings, but the results are still much poorer compared to
the BDT. Since the overtraining of signal is significantly larger, it was decided to
select the neural network trained with all input variables.

One reason for the poor results compared to BDT might be that Boosted Decision
Trees and cut-based methods simply work better in order to achieve high sensitivity.
Additionally, the Decision Trees also make use of cuts since at each node a cut on a
variable is performed. This means that well-discriminating variables, such as Emiss

T ,
might have a better usage for BDT and even for the Cut and Count analysis.

Figure 6.36 shows the expected limit in the t̃1 − χ̃
0
1 mass plane for 36.1 fb−1. In the

case of low-mass χ̃0
1, it is possible to exclude t̃1 with mt̃1

= 1040 GeV, which is also
an improvement with respect to the cut-based analysis in 36.1 fb−1 of data.
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Figure 6.33: Significance and Data-MC plots of an MLP-training with the final settings
for which all input variables were used.
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Figure 6.34: Significance and Data-MC plots of an ANN-training with the final settings
for which all input variables but Emiss

T , Njet, m
b,max
T , p0

T,jjj and m
0
jjj were used.
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Figure 6.35: Significance and Data-MC plots of the final MLP-training trained with all
variables but Emiss

T .
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Chapter 7

Summary and Conclusion

Supersymmetry (SUSY) is the extension of the Standard Model most extensively
studied at the LHC. If SUSY were indeed to provide a solution to the naturalness
problem of of having a light Higgs boson, at least the lighter top squark t̃1 is expected
to have a mass of around few TeV, which is accessible by the LHC with its centre-
of-mass energy of

√
s = 13 TeV. A search for pair production of t̃1 decaying into top

quarks and neutralinos was performed by using 36.1 fb−1 of proton-proton collision
data at

√
s = 13 TeV. Only fully-hadronic top quark decays are investigated in. Since

neutralinos only interact weakly and gravitationally, they cannot be detected and
have to be reconstructed from the missing transverse energy Emiss

T .

Up to now, the search for top squarks has been performed by applying cut-based event
selection. In this thesis, the possible improvement of the signal sensitivity has been
examined, in particular for top squark masses of above ≈ 1 TeV and small neutralino
masses (≈ 1 GeV) by using multivariate analysis methods. Two such machine learning
methods have been investigated: Boosted Decision Trees (BDT) and artificial neural
networks (ANN).

As a first step, the optimal training model was investigated. It has been proved that
a training model containing stop-signal models with stop masses beyond 1 TeV leads
to the largest increase in the sensitivity of the analysis. This enhancement in the
sensitivity was further improved by tuning the training-parameters of the algorithms
under the condition of a minimal overtraining.

In a further step, the parameters of the multivariate algorithms were optimized such
that the best signal sensitivities could be achieved. The relative weights of the partially
correlated discriminating variables in the final score of the multivariate algorithms
were determined. Emiss

T plays a more important role in the BDT than in the ANN
algorithm.

Finally, the improvement in the expected signal significances and exclusion limits
was evaluated. When comparing BDT and ANN results with the original cut-based
selection method, the BDT algorithm performs best for high top squark masses with an

89



Chapter 7 Summary and Conclusion

expected exclusion improvement of 9% from 990 GeV to 1080 GeV (for low neutralino
masses, i. e. mχ̃0

1
= 1 GeV) with respect to the cut-based methods. Furthermore, the

expected significances increase a lot when using the BDT. While cut-based methods
achieve an expected significance of 1.7σ for mt̃1

= 1 TeV and mχ̃0
1

= 1 GeV, the BDT
achieves 3.2σ. By contrast, the ANN algorithm leads to little or no improvement in
significance and exclusion reach compared to the cut-based methods over most of the
mt̃1
−mχ̃0

1
mass range. Only for high mt̃1

, an improvement in the mt̃1
-limit by 5%

is expected. The corresponding expected significance 2.1σ shows that ANN scores
better than the cut-based methods, however, the BDT scores significantly better.

Overall, 23 discriminating variables were used for training. About seven of the vari-
ables are highly important, whereas about nine variables are ranked low. It is difficult,
however, to fix a limit since there are different rankings, in which the variables per-
form differently well. An ANN, in which five discriminating variables are not used
for the training, shows little changes with regard to a neural network trained with
all input variables.

Many scientists, however, are skeptical of machine learning techniques. Therefore,
this method is rather suitable as a hint for excesses in the present situation rather
than for exclusion limits.
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1 Input Variables
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Figure 1: Distributions of m0
jet,R=0.8,m

0
jet,R=1.2,m

1
jet,R=1.2 and ∆R (b, b) after the preselec-

tion requirement. The stacked histograms show the SM expectation, whereas the dashed
purple line shows the distribution of the reference model normed to the integral of the back-
ground events. The panel beneath shows the ratio of data events to the total SM expectation.
The hatched uncertainty band around the SM expectation and in the ratio plot illustrates
statistical uncertainties. The rightmost bin includes all overflows.
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Figure 2: Distributions of p0
T, p

1
T, p

2
T, p

3
T,meff and mbb after the preselection requirement.

The stacked histograms show the SM expectation, whereas the dashed purple line shows
the distribution of the reference model normed to the integral of the background events.
The panel beneath shows the ratio of data events to the total SM expectation. The hatched
uncertainty band around the SM expectation and in the ratio plot illustrates statistical
uncertainties. The rightmost bin includes all overflows.
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Figure 3: Distributions of mχ2

T2,m
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T ,mb,min

T ,mnon−b,max
T ,mnon−b,min

T and Hsig
T after the

preselection requirement. The stacked histograms show the SM expectation. The panel
beneath shows the ratio of data events to the total SM expectation. The hatched uncertainty
band around the SM expectation and in the ratio plot illustrates statistical uncertainties.
The rightmost bin includes all overflows.
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Figure 4: Distributions of Nb−jet,m
0
jjj , p

0
T,jjj ,m

1
jjj and p1

T,jjj after the preselection require-
ment. The stacked histograms show the SM expectation, whereas the dashed purple line
shows the distribution of the reference model normed to the integral of the background events.
The panel beneath shows the ratio of data events to the total SM expectation. The hatched
uncertainty band around the SM expectation and in the ratio plot illustrates statistical
uncertainties. The rightmost bin includes all overflows.
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2 Boosted Decision Trees

2.1 Real AdaBoost

BDT-score (Real AdaBoost)

0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7

(1
/N

) 
dN

/d
x

0

1

2

3

4

5

6

7

8

9
Signal (test sample)
Background (test sample)
Signal (training sample)
Background (training sample)

Figure 5: The distribution of signal (blue) and background (red) for training (dots) and
testing (lines) for a BDT-training with boost type real AdaBoost.
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2.2 Gradient Boost

Training data shall be labeled with (xi, yi), decision trees with fm and its output of
an event with fm(xi). The output function of a decision forest F , shall be a linear
combination of allM trees in the forest, with βm ∈ R being the weighting coefficients:

F (xi) =

M∑
j=0

βjfj(xi). (1)

A loss function L, comparing the output of the decision forest F (xi) with the true
classification yi, is given by:1

L(F (xi), yi) = ln
(
1 + exp

(
−2F (xi)yi

))
. (2)

The loss is supposed to be minimized. Since this problem, like most minimization
problems, is in general not mathematically exactly solvable, approximations need to
be done, in this case, by the steepest descent. The sum of the first n (weighted) trees
is defined to be

Fm(xi) =

m∑
j=0

βjfj(xi). (3)

The first tree F0(xi) = f0(xi) with β0 = 1 is merely set to be the value ρ ∈ R, such
that the sum of the loss function is minimized [75]:

F0 = arg min
ρ

N∑
i=1

L
(
ρ, yi

)
. (4)

N depicts the number of training events. Having determined Fm, the next tree fm+1

will be achieved the following way: For each event, the gradient zi is taken:

zi =
∂L(Fm(xi), yi)

∂Fm(xi)
=

−2yi

exp (2Fm (xi) yi) + 1
. (5)

A regression tree is built (c. f. Session 5.1) with training samples
(
xi, zi

)
, meaning

trees are built, such that the the difference between expected value fm+1

(
xi
)
and

true value zi is as low as possible. The separation type, used for node split decision,

1Note, it can be shown that AdaBoost is a similar problem with loss function L(F (xi), yi) =
exp

(
−F (xi)yi

)
[61].

96



2 Boosted Decision Trees

is the average squared error :

1

N
·
N∑
i=1

(
zi − ẑ

)2
. (6)

Hereby, ẑ is the mean value of all events zi in the node. Besides this difference, a
regression tree is built very similarly to a decision tree. The leaf values equal the
mean value of the gradient of all events in this leaf. The weight factor βm+1 will be
determined by the following equation [75] (approximated):

βm+1 = arg min
γ∈R

N∑
i=1

L
(
Fm
(
xi
)

+ γ · fm+1

(
xi
)
, yi
)
. (7)

Finally, Fm+1 is given by Equation 3.
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2.3 BDT Parameter Plots
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Figure 6: Area under ROC-Curves obtained from performing a t̃1-BDT training with high-
mass t̃1 models with varied training parameters maximal depth and number of cuts for MVA
testing and training events.
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Figure 7: Kolmogorov-Smirnov-Score and significance of the reference model as a function
of the maximal depth and the number of cut values.
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Figure 8: Area under ROC-Curves obtained from performing a t̃1-BDT training with high-
mass t̃1 models with varied training parameters maximal depth and number of trees for MVA
testing and training events.
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Figure 9: Kolmogorov-Smirnov-Score and significance of the reference model as a function
of the maximal depth and the number of trees.
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Figure 10: Area under ROC-Curves obtained from performing a t̃1-BDT training with
high-mass t̃1 models with varied training parameters number of trees and number of for
MVA testing and training events.
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Figure 11: Kolmogorov-Smirnov-Score and significance of the reference model as a function
of the number of trees and the number of cut values.
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Figure 12: Area under ROC-Curves obtained from performing a t̃1-BDT training with
high-mass t̃1 models with varied training parameters number of trees and minimal node size
for MVA testing and training events.
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(c) Significance of the reference model for BDT trainings.

Figure 13: Area under ROC-Curves obtained from performing a t̃1-BDT training with
high-mass t̃1 models with varied training parameters maximal number of trees and minimal
node size for MVA testing and training events.
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Figure 14: Area under ROC-Curves obtained from performing a t̃1-BDT training with
high-mass t̃1 models with varied training parameters minimal node size and number of cuts
MVA testing and training events.
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Figure 15: Kolmogorov-Smirnov-Score and significance of the reference model as a function
of the minimal node size and the number of cut values.
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3 Neural Networks

3.1 The BFGS algorithm

An alternate way of optimizing the weights is the BFGS-algorithm. Instead of using
the steepest descent,minima of the error function E are approximated at each iteration
with a quasi Newton method. Therefore, one has to look for local minima satisfying

∇wE (w) = 0. (8)

The initial weights w(0) are uniformly distributed in the interval (−2, 2) which is
equally distributed as the initial weights of the BP-algorithm. Starting from the
weight vector w(q) at the qth iteration, the q+ 1st vector needs to be calculated. The
search direction shall be labeled p(q). First, the Newton equation must be solved,
with H(q) being the Hessian matrix:

H(q) · p(q) = − ∇w(q)E
(
w(q)

)
. (9)

So in order to solve Equation 9, the Hessian matrix has to be inverted. This requires
an enormous amount of computing resources. Therefore, the inverse Hessian matrix
is approximated. There are various possibilities of approximating the inverse Hessian
matrix of the BFGS algorithm (Equation 9). The approximation matrix, which is
used by TMVA, can be found in [61].
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3.2 Parameter Plots
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Figure 16: Area under the ROC-Curves and significance of the reference model as a function
of the training method
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Figure 17: Kolmogorov-Smirnov-Score as a function of the training method.
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Figure 18: Area under the ROC-Curves and significance of the reference model as a function
of the neuron type
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Neuron Type
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Figure 19: Kolmogorov-Smirnov-Score as a function of the neuron type.
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Figure 20: Area under the ROC-Curves and significance of the reference model as a function
of the number of cycles.
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Figure 21: Kolmogorov-Smirnov-Score as a function of the number of cycles.
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Neurons in the First Hidden Layer
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Figure 22: Area under the ROC-Curves and significance of the reference model as a function
of the number of neurons in the first and only hidden layer.
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Neurons in the First Hidden Layer
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Figure 23: Kolmogorov-Smirnov-Score as a function of the number of neurons in the first
and only hidden layer.
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Figure 24: Kolmogorov-Smirnov-Score and significance of the reference model as a function
of the number of neurons in the first and in the second hidden layer for a Back-Propagation
neural network with two hidden layers.
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Figure 25: Area under the ROC-Curves in dependecy of the number of nodes in the first
and in the second hidden layer for a Back-Propagation neural network with two hidden
layers.
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