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Abstract

Eng. This thesis implements a multivariate analysis in the current cut-

based search for the charged Higgs bosons, which are new scalar particles

predicted by several extensions to the Standard Model. Heavy charged

Higgs bosons (mH± & mtop) produced in association with a top quark de-

caying via H± → τν are considered. The final state contains a hadronic τ

decay, missing transverse energy and a hadronically decaying top quark.

This study is based on Monte Carlo samples simulated at CM-energy
√
s = 13 TeV for signal and backgrounds. The figure of merit to measure

the improvement of the new method with respect to the old analysis is the

separation between the signal and background distributions. Four mass

points (mH± = 200, 400, 600, 1000 GeV) are considered, and an increase

of the separation ranging from 2.6% (1000 GeV) to 29.2% (200 GeV) com-

pared to the current cut-based analysis is found.

Sv. Denna studie implementerar en flervariabel-analys till den befintliga

snitt-baserade analysen av laddade Higgs-bosoner, nya skalärpartiklar förutsagda

av flertalet förlängningar av Standardmodellen. Studien antar tunga lad-

dade Higgs-bosoner (mH± & mtop) producerade tillsammans med en top-

kvark som förfaller via H± → τν. Sluttillst̊andet best̊ar av ett hadroniskt

τ -sönderfall, förlorad transversell energi och en hadroniskt sönderfallande

toppkvark. Studien är baserad p̊a
√
s = 13 TeV Monte Carlo-simulerad

data för signal och bakgrund. För att mäta förbättringen av analysens

känslighet används avst̊and mellan bakgrundens och signalens distribu-

tioner som godhetstal. Fyra masspunkter (mH± = 200, 400, 600, 1000

GeV) används, och en ökning av avst̊and fr̊an 2.6% (1000 GeV) till 29.2%

(200 GeV) hittades.



Summary in Swedish
Partikelfysik beskriver universums minsta best̊andsdelar och hur de inter-

agerar med varandra. För tillfället beskrivs den bäst av den s̊a kallade Stan-

dardmodellen, som inneh̊aller grupper av partiklar: sex leptoner, sex kvarkar och

fem bosoner. Leptoner och kvarkar utgör all materia medans fyra av bosonerna

förmedlar interaktionerna mellan materie-partiklar. Den femte bosonen, Higgs-

bosonen, generar massa åt partiklar. Det finns n̊agra fenomen som inte kan

beskrivas med Standardmodellen, t.ex. mörk materia och mörk energi, vilket

betyder att det finns fysik bortom Standardmodellen (s̊a kallad BSM-fysik).

Ett sätt att utöka Standardmodellen är att utveckla Higgs-sektorn, dvs.

teorier där det finns mer än en detektbar Higgs-boson. En av dessa teorier kallas

Two Higgs Doublet Model (2HDM), som har fem detektbara Higgs-bosoner.

Tre är neutrala (A,H,h-bosoner) och en av dessa är den neutrala Higgs-boson

som hittades 2012. De andra tv̊a tilläggen är laddade Higgs-bosoner (H±), s̊a

upptäckten av en laddad Higgs-boson skulle vara en stark indikation p̊a BSM-

fysik.

Massan av en laddad Higgs-boson är en ”fri parameter” i 2HDM, vilket

betyder att den kan anta nästan vilket värde som helst och änd̊a passa i teorin.

Den produceras även p̊a olika sätt beroende p̊a vilken massa den har. Om den

är lättare än en toppkvark produceras den främst i toppkvarkens sönderfall.

Om den är tyngre tillverkas den i mer komplicerade processer tillsammans med

en toppkvark och ibland en bottenkvark. Den sönderfaller ocks̊a p̊a olika sätt

beroende p̊a massan. Lättare laddade Higgsbosoner sönderfaller främst till τν-

leptoner, medans tyngre sönderfaller antingen till ett par av leptoner (τν) eller

till ett par av tunga kvarkar (tb). Det finns även andra kanaler de kan sönderfalla

genom, men dessa är de tv̊a dominanta.

Den här rapporten beskriver hur en befintlig analys av H± → τν eventuellt

kan förbättras. Denna analys använder för tillfället en snitt-baserad metod för

att hitta sp̊ar av laddade Higgs-bosoner, vilket betyder att man tittar p̊a en vari-

abel för att avgöra om det finns sp̊ar av händelser utöver bakgrunden (bakgrund

är de händelser som redan är bekräftade och inräknade i Standardmodellen).

Metoden som föresl̊as i denna rapport är ”multivariat”, dvs. man använder

flera variabler för att urskilja BSM-händelser (s̊a kallad signal) fr̊an bakgrun-

den. Eftersom det är väldigt f̊a signal-händelser i en väldigt stor bakgrund

m̊aste man ha en metod som är s̊a känslig som möjligt för signal.

Den valda multivariata metoden är BDT (Boosted Decision Trees), och god-

hetstalet som används här är avst̊andet mellan signal och bakgrund. Ett större

avst̊and kan översättas till högre känslighet för signal. Multivariata metoder



utvecklades för fyra olika masspunkter (mH± = 200, 400, 600, 1000 GeV) och

en ökning i avst̊and mellan signal och bakgrund gentemot den snitt-baserade

analysen fanns mellan ca. 5% (för högre massa) och ca. 30% (för lägre massa).

D̊a modellerna för de flesta masspunkterna var mycket lika varandra kunde re-

sultaten kombineras för en mass-oberoende modell med liknande resultat. En

modell oberoende av massa reducerar processen bakom BDT-optimering och

till̊ater analysen att utforska fler massor.



Contents

1 Introduction 1

1.1 Particle physics and the Standard model . . . . . . . . . . . . . . 1

1.2 Beyond the Standard Model . . . . . . . . . . . . . . . . . . . . . 2

1.3 H± production and decay . . . . . . . . . . . . . . . . . . . . . . 3

2 The ATLAS detector and object reconstruction 5

2.1 Large Hadron Collider (LHC) . . . . . . . . . . . . . . . . . . . . 5

2.2 The ATLAS detector . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.3 Object reconstruction . . . . . . . . . . . . . . . . . . . . . . . . 6

3 Multivariate analysis in particle physics 8

3.1 Boosted Decision Trees (BDTs) . . . . . . . . . . . . . . . . . . . 8

3.2 Project idea . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

4 Backgrounds and event selection 10

4.1 Data and simulated events . . . . . . . . . . . . . . . . . . . . . . 10

4.2 Event selection and discriminating variables . . . . . . . . . . . . 10

5 BDT optimization and results 12

5.1 200 GeV . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

5.2 400 GeV . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

5.3 600 GeV . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

5.4 1000 GeV . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

5.5 Combined results . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

6 Conclusions 30

7 Outlook 31

8 References 32

Appendices 35

A Log-plots of training and test samples superimposed . . . . . . . 35

B Weighted Signal . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

C Using mT > 50 GeV Cut . . . . . . . . . . . . . . . . . . . . . . . 41

D Replacing mT(τ, Emiss
T ) with ∆φτ,E

miss
T . . . . . . . . . . . . . . . 43

E The Upsilon variable . . . . . . . . . . . . . . . . . . . . . . . . . 44

F Correlation scatter plots (200 GeV) . . . . . . . . . . . . . . . . . 46



1 Introduction

1.1 Particle physics and the Standard model

Particle physics studies the fundamental constituents of matter and the forces

through which they interact. For the last 50 or so years, a theory called the

Standard Model (SM) has been developed [1]. This theory contains leptons,

quarks, gauge bosons, together with the recently discovered Higgs boson.

Leptons and quarks are called matter particles and consists of spin- 12 fermions.

The lepton family consists of three charged leptons, their anti-particles and the

corresponding neutrinos. The first generation of leptons (lightest group) consists

of the electron (e−) and the electron-neutrino (νe), as well as their anti-particles:

positron (e+) and anti-neutrino (ν̄e). The second generation contains the muon

with the corresponding neutrino and anti-particles (µ−, µ+, νµ, ν̄µ), and the

third generation is similar for tauons (τ−, τ+, ντ , ν̄τ ). The leptons and their

masses are shown in Table 1.

Generation Lepton Charge Mass [MeV]

1
νe 0 < 2.2× 10−6

e− -1 0.511

2
νµ 0 < 170× 10−3

µ− -1 105.7

3
ντ 0 < 15.5
τ− -1 1776.8

Table 1: Lepton generations and masses. Neutrinos have a non-zero mass but
so far only upper bounds have been set [2, 3].

The other half of the matter particles are the quarks. Each generation of

quarks consists of a +2/3 charged quark (up, charm, top) and a −1/3 charged

quark (down, strange, bottom). Note that they, unlike leptons, do not have an

integer charge. In nature, quarks appear inside hadrons (”quark molecules”),

which have an integer charge, e.g. the proton (u,u,d). The proton is a baryon,

i.e. a hadron with three quarks. There are also hadrons with two quarks,

mesons, e.g. a pion (d,u). Quarks also carry an additional property — color

charge. There are six colors: red, green and blue (r,g,b) and their anti-colors

(r̄,ḡ,b̄), described in the theory of quantum chronodynamic (QCD [1]). The

quarks and their masses are summarized in Table 2.

Interactions between the matter particles are governed by spin-1 gauge bosons.

The photon (γ) is the mediator of electromagnetic force between charged par-

ticles. This theory is called quantum electrodynamics (QED [1]). The two

bosons W± and Z0 are the mediators of weak interactions affecting leptons

and quarks. Photons, W± and Z0 are described together in the electroweak

Jesper Hallberg Uppsala Universitet 1



Generation Quark Charge Mass [MeV]

1
u +2/3 2.3
d -1/3 4.8

2
c +2/3 1.28× 103

s -1/3 95

3
t +2/3 173 ×103

b -1/3 4.18 ×103

Table 2: Quark generations and masses [2].

theory (EW [1]). Gluons (g) are massless, but unlike the photon they carry

color-charge. This allows gluons to couple to other color-charged particles, like

quarks, or themselves (gluon-gluon interaction). They are the mediators of the

strong interaction. The gauge bosons and their masses are shown in Table 3.

Gauge bosons Force Electric charge Mass [GeV]
Photon (γ) Electromagnetic 0 0

W boson (W±) Weak ±1 80.4
Z boson (Z0) Weak 0 91.2

Gluon (g) Strong 0 0

Table 3: Gauge bosons and their masses [2].

The last piece of the Standard Model is the newly discovered Higgs boson

[4, 5], a scalar particle. This discovery confirmed the existence of the Higgs

mechanism, giving mass to elementary particles. The Higgs field is described

by a complex scalar doublet, hence it has four degrees of freedom, one of which

is absorbed by the Z0 boson, and two by the W± boson. The Higgs boson is

an excitation of the remaining component. [6]

1.2 Beyond the Standard Model

Currently, the Standard Model is the best model we have to describe particle

physics. However, some observed phenomena can not be explained by it, like

dark matter, dark energy [7] and matter-antimatter asymmetry [8]. This might

imply that the Standard model has to be extended, i.e. there has to be another

theory which includes answers to these so far unexplained phenomena. In order

to completely understand the universe, we need to search for physics Beyond

the Standard Model — BSM-physics.

The neutral scalar boson discovered in 2012 [4, 5] fits the criteria for the

Higgs boson of the Standard Model, but it could also be a part of an extended

Higgs sector. As mentioned in Section 1.1, the SM-Higgs field has four degrees

of freedom with one physical Higgs boson. There are several BSM-theories

that propose an extended Higgs sector. One of these theories is the Two Higgs

Jesper Hallberg Uppsala Universitet 2



Doublet Model (2HDM [9]). In this model, the Higgs sector has eight degrees

of freedom with five physical bosons. Two of these are charge-parity (CP) even

like the SM-Higgs (H,h-bosons), where the lighter (mh < mH) is similar to the

SM-Higgs, one is CP-odd (A-boson) and two make up a pair of charged Higgs

bosons (H±). Finding a charged Higgs boson would therefore imply physics

beyond the Standard Model. The mass of the charged Higgs boson is a free

parameter in theory, thus searches have to be made at different mass points.

1.3 H± production and decay

An example of a theory that includes a 2HDM is the Minimal Supersymmetric

Standard Model (MSSM), the ”smallest” extension to the Standard Model that

is consistent with observed phenomena. In the MSSM, the production of a

charged Higgs boson depends on its mass. If it is lighter than the mass of the

top-quark (mH+ . mtop) it is produced in top-quark decays [10], i.e. t→ bH±.

However, this report focuses on heavy charged Higgs bosons (mH+ & mtop),

which are produced in association with top and bottom quarks (Figure 1).

g

g

t

b

H+ g

t̄b̄

H+

Figure 1: Heavy H+ (mH+ & mtop) production modes in association with a top
and bottom quark (left) called four flavour scheme (4FS) or a single top quark
(right) called five flavour scheme (5FS).

Both the charged Higgs boson and the top quark are massive and will decay

before detection. The charged Higgs boson has different decay modes: into a

tau lepton and a neutrino (H± → τν), a muon and a neutrino (H± → µν,

the branching ratio for this decay is negligible), a charm- and strange-quark

(H± → cs) or a top- and bottom-quark (H± → tb) [11]. The decay to τν

dominates for mass below mtop while the tb-decay dominates for mH± & 200

GeV, see Figure 2. In this report the case of H+ → τν will be investigated.

The top quark decays into a bottom quark and a W boson [12]. The W boson

decays with a 67% probability into qq̄ (hadronic decay) [2], this report will not

investigate the cases of leptonic decays.
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The ratio of the vaccuum expectation values of the two Higgs field in 2HDM

is denoted as tanβ. It shows the relative fraction of which the two Higgs doublet

contribute to the electroweak symmetry breaking (the mechanism giving mass

to W± and Z-bosons). The decay mode of charged Higgs is partially determined

by this parameter [13].

Figure 2: Branching ratio of H± as a function of its mass, Figure taken from
Ref. [11]. More information on the BSM parameter settings of mmod+

h as well
as the vacuum expectation value tanβ can be found in Ref. [14].

H+

ν̄

τ b̄

q̄

t̄
W−

q

Figure 3: Example of decay of H+ (left) and top quark (right) into final-state
particles.
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Extensive searches have been made for charged Higgs bosons in the H+ → tb

channel in the
√
s = 8 TeV (2013) datasets [15] and in the H+ → τν channel in

both
√
s = 8 TeV and

√
s = 13 TeV (2015) dataset [16, 17]. The data found is

consistent with the predicted SM background processes, and upper limits on the

production cross section times the branching fractions have been set as follows:

• σ(gb→ tH±)× BR(H± → tb):

– 0.13-6.7 pb for 200 ≤ mH± ≤ 2000 GeV

– 0.09-0.22 pb for 1500 ≤ mH± ≤ 3000 GeV

• σ(pp→ [b]tH±)× BR(H± → τν):

– 1.9 pb-15 fb for 200 ≤ mH± ≤ 2000 GeV

2 The ATLAS detector and object reconstruc-

tion

2.1 Large Hadron Collider (LHC)

The LHC (Large Hadron Collder) is currently the most powerful particle ac-

celerator in the world. It is a 27 kilometre long circular proton-proton collider

which inhabits four experiments. The CMS and ATLAS experiments are multi-

purpose detectors, investigating many aspects of both SM- and BSM-physics, in-

cluding searches for the charged Higgs boson discussed in Section 1.2. The other

two experiments focus on heavy-ion collisions (ALICE) and b-hadron physics

(LHCb) [18]. The first run, concluded in 2012, had a proton-proton collision

energy of
√
s = 7 − 8 TeV. This report uses simulated events and data from

the new run with an energy of
√
s = 13 TeV recorded in the 2015 data-taking

period.

2.2 The ATLAS detector

The ATLAS detector consists of several layers. The innermost layer (inner

detector) has silicon microstrip trackers and silicon pixels, used to track the

path of charged particles in the range of pseudorapidity1 |η| < 2.5. Around this

is a Transistion Radiation Tracker, a combination of a Transition Radiation

Detector and a straw tracker, which covers a range of |η| < 2.0. Outside the

inner detector lies a 2 T solenoid magnet, not used for detection but for providing

a strong field in which charged particles bend.

1The pseudorapidity is η = − ln tan( 1
2
θ), where θ is the angle between the 3-momentum

of the particle and the beam axis.

Jesper Hallberg Uppsala Universitet 5



An electromagnetic calorimeter covers |η| < 1.475 (barrel) and 1.375 < |η| <
3.2 (end-cap). It has high precision for both energy and position measurements,

however, it only detects particles interacting electromagnetically (electrons,

positrons and photons, which produce an electromagnetic shower). Hadrons

are mostly not detected here but pass through to deposit their energy in the

Hadronic Calorimeter (ranges |η| < 1.7 and 1.5 < |η| < 4.9).

Muons are not absorbed by either calorimeter but are detected in the out-

ermost layer, the Muon Spectrometer. The spectrometer does not absorb the

muon, but uses magnetic fields and strip chambers to track and measure the

muon in the range |η| < 2.7. [19]

Figure 4: The ATLAS detector, image taken from Ref. [20].

2.3 Object reconstruction

Not every event occurring in the detector is saved as data. The proton-proton

(pp) collisions occur at a rate of O(109) Hz and new physics is likely to occur in

1 out of 1013 events. The amount of events stored as data is reduced, not only

because it is impossible to store all the raw data, but also to increase efficiency

in analysis. The trigger system uses fast (simple) information in each recorded

event to decide if the event fills criteria to be saved for further analysis. The

trigger system consists of a hardware based trigger (Level-1), and a software

based trigger combined with an Event Filter (EF) in Level-2. The Level-1 trig-

ger uses η × φ 2 grids in the calorimeters and spectrometer to quickly identify

regions of interest by measuring associated transverse momentum (pT) or trans-

verse energy (ET). The Level-2 trigger refines the information in these regions,

2φ is the azimuthal angle of the particle.
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and also make slower but more precise calculations on tracks and calorimeter

information.

In order to correctly reconstruct particles from the collected data, match-

ing between signals from different sub-deposits is performed, e.g. a deposit in

the electromagnetic calorimeter can be either an electron or a photon, but the

electron also has a matching track in the inner detector, whereas the photon

does not. Muons leave a track in the inner detector as well as in the muon

spectrometer. Even though this report focuses on a decay that has no electrons

or muons in the final state (see Sec. 1.3), they are reconstructed in order to

veto some events from the analysis.

The hadronic showers are reconstructed into jets using the anti-kt algo-

rithm [21] with a cone radius parameter of ∆R = 0.4.3 In order to be re-

constructed, jets are required to have transverse momentum pT > 25 GeV and

pseudorapidity |η| < 2.5. Jets are hadronic showers that come for quark/gluon

hadronization. Jets originating from the bottom quark can be distinguished in

the reconstruction and stored as b-jets. To identify these jets, a b-tagging algo-

rithm is used, combining impact parameter information and the identification

of a secondary vertex. The general idea of a b-tagging algorithm uses the fact

that hadrons with up, down and strange quarks (e.g. protons, neutrons, pions

etc.) have a lifetime long enough to reach the detector, top-quarks decay at

the interaction point before they hadronize, while hadrons containing b-quarks

decay after some millimeters, allowing identification of a secondary vertex in

the reconstruction. The efficiency to tag a b-quark initiated jets as a b-jet in

top-antitop (tt̄) events is 70% [22,23].

Tau leptons decay into leptons (35%) or hadrons (pions, 65%). Hadronic

tau decays are characterized by the number of charged pions it decays into.

Due to charge conservation there must be an odd number of charged pions,

prominently one (1-prong) or three (3-prong). The hadronic taus (τhad) are

reconstructed from jets with one or three associated tracks (for 1- or 3-prong

decays, respectively). The τhad candidate must have pT > 10 GeV and the

associated track(s) needs to be found within a cone of size ∆R = 0.2 around

the τhad candidate. A boosted decision tree (BDT, discussed in Section 3.1) is

used to further distinguish τhad from other jets, requiring an efficiency of 55%

(40%) for 1-prong (3-prong) τhad objects [24,25].

Missing transverse energy, Emiss
T , is reconstructed from the negative sum of

energy associated with visible objects in the detector. Emiss
T is the transverse

energy of all objects invisible to the detector, such as neutrinos.

A dedicated procedure is applied to remove objects overlapping geomet-

rically. If a τhad overlaps with an electron or a muon within a cone size of

3∆R =
√

(∆η)2 + (∆φ)2.
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∆R = 0.4 or 0.2, respectively, it is removed. If an electron or a τhad is found

within a cone of ∆R = 0.2 of a reconstructed jet, it is removed.

3 Multivariate analysis in particle physics

The current method used in the search for H+ in the τν-channel is cut-based,

i.e. one discriminative variable is used (in this case the transverse mass (mT)

of the charged Higgs boson, described later in Eq. 1) [16]. An improvement to

this search would be to implement a multivariate analysis (MVA) — a statistical

technique that uses more than one variable to create a model (in this case to

separate signal from background).

MVA methods have been widely used in many analyses within ATLAS to dis-

criminate signals over backgrounds in searches that have complex multi-particle

final states, e.g. the analysis of H+ → tb [15]. Searches for SM-Higgs decaying

to two τ -leptons have been conducted with both cut-based and MVAs, and the

results showed a potential for a 30% increase in sensitivity when using MVAs (in

this case boosted decision trees, BDTs) [26, 27]. This is one of the motivations

to implement MVAs to the current H+ → τν analysis.

When implementing a machine learning (ML4) algorithm (i.e. an MVA)

to an analysis, most require a process of training, i.e. the algorithm looks at

”known” events (i.e. simulated samples that are already defined as right or

wrong) and learns the difference between background and signal events (in the

case of particle physics). One of the dangers of using ML algorithms is over-

training. Overtraining is when the algorithm overfits the data in the training

phase, which happens when the ML input parameters are chosen such that the

algorithm looks at very special features of the input samples (e.g. features that

could be due to a statistical fluctuation) and treats them as an defining feature

of the input. Overtrained results can look like good results, while it actually

does not correspond to reality. To check for overtraining, the compatibility of

the trained sample is tested with an untrained sample.

3.1 Boosted Decision Trees (BDTs)

One of many multivariate techniques is Boosted Decision Trees (BDTs), and

also the most commonly used in analyses at the ATLAS experiment. Decision

trees scans an event for a given criterion, and, depending on the response to

this criterion sends it do different nodes. A tree consists of one or more nodes:

a root node (initial node) which is linked to ”child nodes”. The child nodes

are root nodes of subtrees, which in turn have children. When a final node is

4Algorithms that can learn from, and then make predictions on data [28].
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Figure 5: Graphical representation a decision tree; a, b and c can be any pa-
rameter in an event, ”????” can be any kind of criterion.

reached, the event is given a score between -1 and +1, where background-like

events have scores near -1 and signal-like events have scores near +1. A visual

representation of a decision tree is shown in Fig. 5.

A Boosted Decision Tree works similarly, except that the trees are binary

and usually more shallow (fewer steps from root to final node). Instead, many

trees are used (a forest) to yield a combined score. This lets the BDTs have

higher performance and stability compared to regular decision trees [29]. The

training procedure of a BDT is building these trees and putting them together

in a forest.

Toolkit for Multivariate Analysis (TMVA) is used for training and evaluating

various BDTs [30]. Input variables are discussed in Sec. 4.2. BDT parameters

used in the optimization are:

• Number of trees (training iterations) in the range of 500 (small forest) to

900 (large forest).

• Number of nodes in each tree (depth of trees): A small forest generally

needs deeper trees to obtain good performance, while a large forest require

shallow trees to avoid overtraining.

• Shrinkage (learning rate): A lower learning rate decreases the step length

in each iteration. Generally, it yields better performance at the cost of

overtraining and computation time.

• Input variables: Different combinations of input variables will yield differ-

ent results, discussed in Section 5.
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3.2 Project idea

This project implements a BDT to the current τν-analysis in order to investigate

if it is beneficial in terms of sensitivity. A full data-analysis is beyond the scope

of this project, which mainly aims at answering the following questions:

1 Is it possible to reach a higher sensitivity using BDTs rather than only a

cut-based analysis?

2 If so, what are the optimal sets of variables for any given mH+?

4 Backgrounds and event selection

4.1 Data and simulated events

The study presented in this report is based on Mote Carlo (MC) simulations

of the signal and most backgrounds5 at
√
s = 13 TeV, normalized to an in-

tegrated luminosity of 3.2 fb−1, which corresponds to the 2015 dataset. The

main background consists of production of tt̄, single top quarks, diboson events

(WW/WZ/ZZ), bosons decaying into taus (W/Z→ τ), bosons decaying into

electrons/muons (W/Z→ e/µ) and events where a jet is misidentified as a τ

object (”fakes”). The latter background can come from the electroweak back-

ground (top/W/Z) or multi-jet events and is more prominent for higher mass

points. A data-driven method to estimate the fake contribution is used in this

study, the details of the method are out of the scope of this report but can be

found in Ref. [17]. The signal is simulated in the 4FS process, which is shown

in Fig. 1. An overview of the event generators and interfaces is given in Table

4. Interfaces account for hadronization in underlying events.

Process Generator(s) Interface
gg → tH± MADGRAPH5 AMC@NLO v.2.2.2 [31] PYTHIA v8.186 [32]

tt̄ + single top POWHEG-BOX v1, v2 [33,34] PYTHIA v6.428 [35]
W/Z-events MADGRAPH5 AMC@NLO v.2.2.2 PYTHIA v8.186

WW/WZ/ZZ POWHEG-BOX v2 PYTHIA v8.186

Table 4: Background event generators and their interfaces. Detailed information
can be found in the latest official H± → τν report, Ref. [17]

4.2 Event selection and discriminating variables

As discussed in Section 1.3, this report focuses on the search for a charged Higgs

boson produced in association with a top quark decaying into a hadronic W and

5Only the estimation of the multi-jet backgrounds is data-driven.
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a b-jet. The charged Higgs boson decays into τhadν, hence the full decay chain

of interest is pp → [b]tH+ → [b](jjb)(τhadν). Events passing an Emiss
T trigger

with a 70 GeV threshold are considered, and every event including an electron

or a muon is vetoed. Each event is required to have at least one τhad (1-prong

or 3-prong) with pτT > 40 GeV as well as Emiss
T > 100 GeV. The Emiss

T cut of

150 GeV in the official cut-based analysis was lowered in order to have more

statistics in the BDT training. Accepted events are also required to contain at

least three jets with pT > 25 GeV, including one b-tagged jet.

The transverse mass mT of the τhad and Emiss
T is defined as:

mT =
√

2pτTE
miss
T (1− cos ∆φτ,miss), (1)

a discriminating variable which takes values of mT < mW (mT < mH+) in

generated background (signal) events before detector effects are considered. In

this report, there is no cut on the transverse massin order to increase statistics,

however the cut-based analysis uses a cut of mT > 50 GeV. Some training

results with this additional cut can be found in Sec. C.

Particles in the events are reconstructed as (pT,η,φ,m) 4-vectors in ROOT

[36] in order to extract information (variables) to use in the BDT. The missing

transverse energy have pT = Emiss
T , and φEmiss

T
is the azimuthal direction of the

Emiss
T . Together with the leading (highest pT) τhad the charged Higgs boson is

created (H+ = τ + Emiss
T ). The jet selections are made using simple assump-

tions; the leading and second leading non b-tagged jets (j1, j2) are selected as

originating from the W -boson (W = j1 + j2). The top quark is associated with

the W boson together with the leading b-tagged jet (t = W + b1 = j1 + j2 + b1).

The second b-tagged jet (from the production of a charged Higgs boson in as-

sociation with both top and bottom quarks) is not used in this analysis as it is

a spectator object.

With these 4-vectors, kinematic variables for the BDT training are created.

These include:

• Transverse momentum (pT) of all detector objects and their combinations.

• Pseudorapidity (η) of all detector objects and their combinations.

• Azimuthal angle (φ) of all detector objects and their combinations.

• Invariant mass (m) of all detector objects and their combinations.

• Difference in transverse momentum (∆pa,bT = |paT − pbT|) between all com-

binations of reconstructed particles.

• Difference in pseudorapidity (∆ηa,b = |ηa − ηb|) between all combinations

of reconstructed particles.
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• Difference in azimuthal angle (∆φa,b = |φa−φb|) between all combinations

of reconstructed particles.

• Distance (∆Ra,b =
√

(∆ηa,b)2 + (∆φa,b)2) between all combinations of

reconstructed particles.

• Angle between the 3-vectors (Anga,b = cos−1 a·b
|a||b| ) of all combinations of

reconstructed particles.

• Pseudorapidities multiplied (ηa ·ηb) for all combinations of jets (j1,j2,b1,τ).

These variales were used in the BDTs for H± → ττ and showed good

discrimination against fakes [26].

• Transverse mass mT as computed in Eq. 1.

The various backgrounds are weighted by their respective cross-section to make

sure that the contribution of each source is correct. For this study, no other

weights are considered (weights that account for small differences in simulated

and measured objects) given that the use of some weights in the BDT need

dedicated studies. The background distributions after cuts are stacked on top

of each other like in Fig. 6 to see which types of background are most dominant

in the signal region. This indicated which backgrounds are most important to

train against when designing the BDT.

5 BDT optimization and results

Optimizing the BDT means varying the parameters mentioned in Sec. 3.1 as

well as choosing the best combination of variables from Sec. 4.2. The first step

in choosing variables is scanning the TMVA signal and background distributions

to check which variables have more discriminant power. From over 200 variables

scanned, 22 were left after visual inspection. Using 22 variables is usually not

a good idea for a BDT as more variables increase overtraining. There is no

definite number of variables that should be used, it depends on how the set

of variables reacts to overtraining and performance, but . 8 variables should

reduce overtraining enough while keeping high performance.

To reduce the set of variables further, two features were looked at:

• The rankings of variables: This is a measure of how often a given variable

is used to split decision tree nodes. The exact importance of the variables

is not important as they are unique for the current set (i.e. a variable can

be ranked lower or higher in a specific set), but the order of magnitude of

the importance gives some hint on whether it is an important variable in

this set or not.
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Figure 6: All simulated backgrounds, simulated signal and data plotted for
mT(τ, Emiss

T ). The signal histograms are normalized to the total background.
The figure shows data and background for mT(τ, Emiss

T ) > 50 GeV, however no
such cut was used in this analysis.

• Correlations between variables: If two variables are highly correlated, they

bring roughly the same information to the BDT training and one can be

safely removed without a loss in performance. The ”extra” variable would

only increase overtraining.

The only way to know exactly the best combination of variables is to try every

combination, which is impossible due to time constraints. A combination of

rank and correlation is instead used to reduce the number of variables one at

a time. This method is used without varying the BDT parameters until 12-14

variables are left.

The next phase of variable reduction also uses the BDT parameters. Several

iterations were made in order to optimize all following parameters:

• The chosen BDT parameters discussed in Sec. 3.1.

• The classical Kolmogorov-Smirnov test result [37–39] to see hints of over-

training for both background and signal.
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• The separation < S2 > of the output, defined as:

< S2 >=
∑

i = all bins

1

2

(ysigi − y
bgd
i )2

ysigi + ybgdi

, (2)

where y
sig(bgd)
i is the normalized bin content of the signal (background)

distributions. This is the quantity used as a measure of the performance

of the BDT.

This procedure is repeated for different masses of the charged Higgs boson, and

results are shown below. One optimal set of variables for each mass point is

produced.

An angular independent model is also investigated, i.e. a set not including

angular variables (except mT(τ, Emiss
T ) which is dependent on angles, see Eq. 1).

The motivation for this is that angular variables have a higher risk of being too

signal-specific (i.e. unique shape for a given MC generator), which will lead to

a method that is very model dependent. The same procedure explained above

was done for the angular independent model.

For each mass point, the separation (Eq. 2) of the BDT output is com-

pared to the separation arising from mT(τ, Emiss
T ), as a measure of the BDT

performance compared to the cut-based analysis.

5.1 200 GeV

The process of choosing variables as described above was performed for back-

ground and 200 GeV signal until a set of 8 variables were left. From this set,

removing any variable causes a loss in separation, and adding any variable con-

tributes to overtraining, while not increasing separation by a significant amount.

The 8 variables ranked in importance by TMVA are as follows:

1 : mT(τ, Emiss
T )

2 : ∆pj1,b1T

3 : pτT

4 : pb1T

5 : Emiss
T

6 : ∆ητ,b1

7 : ∆φt,j2

8 : pj2T
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The distribution of these variables can be seen in Fig. 7. There were also

attempts of replacing mT(τ, Emiss
T ) with ∆φτ,E

miss
T as this variable together with

pτT and Emiss
T should contain the same information as mT(τ, Emiss

T ). However,

this led to a large loss of separation, more information can be found in Sec. D.

mT(τ, Emiss
T ) [GeV] ∆φt,j2 [rad] ∆ητ,b1

pτT [GeV] Emiss
T [GeV] ∆pj1,b1T [GeV]

pb1T [GeV] pj2T [GeV]

Figure 7: Distributions of the optimal set of variables for BDT-training with
mH+ = 200 GeV signal, normalized to have the same number of events.
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The correlations between these variables are shown in the correlation matri-

ces in Fig. 8. No significant correlations can be seen except between ∆pj1,b1T and

Emiss
T , however removing any of these variables leads to a drop in separation,

and there is no significant overtraining with this correlation.

Figure 8: Correlation matrices for signal (left) and background (right), with
mH+ = 200 GeV. Variable explanations: jet2 pt = pj2T , bjet1 pt = pj2T ,

dPt jet1 bjet1 = ∆pj1,b1T , met pt = Emiss
T , tau pt = pτT, dEta tau bjet1 =

∆ητ,b1 , dPhi top jet2 = ∆φt,j2 , MT tau met = mT(τ, Emiss
T ). Detailed plots

of the correlation between these variables are found in Sec. F.

The trained BDT output is plotted against a test sample (on which the BDT

is not trained) to check for overtraining. If the training sample doesn’t resemble

the test sample, the BDT is overtrained. This plot, together with some results

on the BDT performance, can be found in Fig. 9.
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Figure 9: Results for the optimal mH+ = 200 GeV training. The separation of
the BDT output is 29.2% better than for mT(τ, Emiss

T ). This plot in logarithmic
scale can be seen in Sec. A.

As discussed earlier, a model using angular independent variables was also

trained. The variable optimization process is remade, but ignoring all angular

variables. In the end, a subset of the eight variables above was the best set,

ranked as follows:

1 : mT(τ, Emiss
T )

2 : ∆pj1,b1T

3 : pb1T

4 : pτT

5 : Emiss
T

6 : pj2T

The input distributions and correlations are the same as in Fig. 7 and 8, respec-

tively, except there is no ∆ητ,b1 or ∆φt,j2 . Training and test data superimposed

and some results on the BDT performance can be seen in Fig 10.

The results of the two different cases (best and angle-independent) are com-

pared to mT(τ, Emiss
T ) in ROC-curves as shown in Fig. 11. ROC means Receiver

Operating Characteristic, a plot showing the performance of a binary classifier

for different cut-off points of a parameter [40].
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Figure 10: Results for the mH+ = 200 GeV training without any angular vari-
able. The separation of the BDT output is 24.1% better than for mT(τ, Emiss

T )
(compared to 29.2% for the optimal set of eight variables, Fig. 9). This plot in
logarithmic scale can be seen in Sec. A.

Figure 11: ROC curves for mH+ = 200 GeV. Note that the range of the plot
is zoomed from 0.5 to 1. The y-axis shows the background rejection and the
x-axis shows the signal efficiency, i.e. the plot shows how much background is
removed when keeping a given amount of signal. The optimal ROC-curve is
near the top-right corner ((x,y)=(1,1) means that the signal and background
are completely separated).
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5.2 400 GeV

The process of finding the best results for mH+ = 400 GeV is the same as for

mH+ = 200 GeV, see Sec. 5.1 for details. Below are the final variables ranked

in order of importance by TMVA, with (left) andwithout (right) inclusion of

angular variables:
1 : mT(τ, Emiss

T )

2 : pτT

3 : pb1T

4 : Emiss
T

5 : ∆pj1,b1T

6 : ∆ητ,b1

1 : mT(τ, Emiss
T )

2 : pτT

3 : ∆pj1,b1T

4 : pb1T

5 : Emiss
T

Below are the distributions of the input variables (Fig. 12), their correlation

matrices (Fig. 13) and training/test data superimposed (Fig. 14). The result

for the set of variables with no angular dependence can be found in Fig. 15. A

comparison of ROC-curves is shown in Fig. 16.

mT(τ, Emiss
T ) [GeV] ∆ητ,b1 pτT [GeV]

Emiss
T [GeV] ∆pj1,b1T [GeV] pb1T [GeV]

Figure 12: Distributions of the optimal set of variables for BDT-training with
mH+ = 400 GeV signal, normalized to have the same number of events.
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Figure 13: Correlation matrices for signal (left) and background (right), with
mH+ = 400 GeV. Variable explanations: bjet1 pt = pj2T , dPt jet1 bjet1 =

∆pj1,b1T , met pt = Emiss
T , tau pt = pτT, dEta tau bjet1 = ∆ητ,b1 , MT tau met

= mT(τ, Emiss
T ).

Figure 14: Results for the optimal mH+ = 400 GeV training. The separation of
the BDT output is 4.2% better than for mT(τ, Emiss

T ). This plot in logarithmic
scale can be seen in Sec. A.
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Figure 15: Results for the optimal mH+ = 400 GeV training without any an-
gular variable. The separation of the BDT output is close to the optimal set
of six variables (Fig. 14) at 3.6% better than for mT(τ, Emiss

T ). This plot in
logarithmic scale can be seen in Sec. A.

Figure 16: ROC curves for mH+ = 400 GeV. Note that the range of the plot
is zoomed from 0.75 to 1. The y-axis shows the background rejection and the
x-axis shows the signal efficiency, i.e. the plot shows how much background is
removed when keeping a given amount of signal. The optimal ROC-curve is
near the top-right corner ((x,y)=(1,1) means that the signal and background
are completely separated).

Jesper Hallberg Uppsala Universitet 21



5.3 600 GeV

The process of finding the best results for mH+ = 600 GeV is the same as for

mH+ = 200 GeV, see Sec. 5.1 for details. The best set of variables, both in the

best case and the non-angular case, is the same as for 400 GeV. Below are the

final variables in ranked order of importance by TMVA, with (left) and without

(right) inclusion of angular variables:
1 : mT(τ, Emiss

T )

2 : pτT

3 : Emiss
T

4 : pb1T

5 : ∆ητ,b1

6 : ∆pj1,b1T

1 : mT(τ, Emiss
T )

2 : pτT

3 : pb1T

4 : Emiss
T

5 : ∆pj1,b1T

Below are the distributions of the input variables (Fig. 17), their correlation

matrices (Fig. 18) and training/test data superimposed (Fig. 19). The result

for the set of variables with no angular dependence can be found in Fig. 20. A

comparison of ROC-curves is shown in Fig. 21.

mT(τ, Emiss
T ) [GeV] ∆ητ,b1 pτT [GeV]

Emiss
T [GeV] ∆pj1,b1T [GeV] pb1T [GeV]

Figure 17: Distributions of the optimal set of variables for BDT-training with
mH+ = 600 GeV signal, normalized to have the same number of events.
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Figure 18: Correlation matrices for signal (left) and background (right), with
mH+ = 600 GeV. Variable explanations: bjet1 pt = pj2T , dPt jet1 bjet1 =

∆pj1,b1T , met pt = Emiss
T , tau pt = pτT, dEta tau bjet1 = ∆ητ,b1 , MT tau met

= mT(τ, Emiss
T ).

Figure 19: Results for the optimal mH+ = 600 GeV training. The separation of
the BDT output is 6.4% better than for mT(τ, Emiss

T ). This plot in logarithmic
scale can be seen in Sec. A.
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Figure 20: Results for the mH+ = 600 GeV training without any angular vari-
able. The separation of the BDT output is close to the optimal set of six vari-
ables (Fig. 19) at 5.9% better than for mT(τ, Emiss

T ). This plot in logarithmic
scale can be seen in Sec. A.

Figure 21: ROC curves for mH+ = 600 GeV. Note that the range of the plot
is zoomed from 0.8 to 1. The y-axis shows the background rejection and the
x-axis shows the signal efficiency, i.e. the plot shows how much background is
removed when keeping a given amount of signal. The optimal ROC-curve is
near the top-right corner ((x,y)=(1,1) means that the signal and background
are completely separated).
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5.4 1000 GeV

The process of finding the best results for mH+ = 1000 GeV is the same as for

mH+ = 200 GeV, see Sec. 5.1 for details. The best set of variables, both in the

best case and the non-angular case, is the same as for 400 and 600 GeV. Below

are the final variables in ranked order of importance by TMVA, with (left) and

without (right) inclusion of angular variables:
1 : mT(τ, Emiss

T )

2 : pτT

3 : Emiss
T

4 : ∆ητ,b1

5 : pb1T

6 : ∆pj1,b1T

1 : mT(τ, Emiss
T )

2 : pτT

3 : Emiss
T

4 : pb1T

5 : ∆pj1,b1T

Below are the distributions of the input variables (Fig. 22), their correlation

matrices (Fig. 23) and training/test data superimposed (Fig. 24). The result

for the set of variables with no angular dependence can be found in Fig. 25. A

comparison of ROC-curves is shown Fig. 26.

mT(τ, Emiss
T ) [GeV] ∆ητ,b1 pτT [GeV]

Emiss
T [GeV] ∆pj1,b1T [GeV] pb1T [GeV]

Figure 22: Distributions of the optimal set of variables for BDT-training with
mH+ = 1000 GeV signal, normalized to have the same number of events.
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Figure 23: Correlation matrices for signal (left) and background (right), with
mH+ = 1000 GeV. Variable explanations: bjet1 pt = pj2T , dPt jet1 bjet1 =

∆pj1,b1T , met pt = Emiss
T , tau pt = pτT, dEta tau bjet1 = ∆ητ,b1 , MT tau met

= mT(τ, Emiss
T ).

Figure 24: Results for the optimal mH+ = 1000 GeV training. The separation of
the BDT output is 2.6% better than for mT(τ, Emiss

T ). This plot in logarithmic
scale can be seen in Sec. A.
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Figure 25: Results for the mH+ = 1000 GeV training without any angular
variable. The separation of the BDT output is close to the optimal set of six
variables (Fig. 24) at 2.2% better than formT(τ, Emiss

T ). This plot in logarithmic
scale can be seen in Sec. A.

Figure 26: ROC curves for mH+ = 1000 GeV. Note that the range of the plot is
zoomed from 0.85 to 1. Here the difference in separation is so low it is difficult
to see in the ROC plots. The y-axis shows the background rejection and the
x-axis shows the signal efficiency, i.e. the plot shows how much background is
removed when keeping a given amount of signal.
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5.5 Combined results

Variables used for each of the studied mass points are summarized in Table 5.

The 400, 600 and 1000 GeV mass points have the same set of variables, both

for the optimal model and the model with no angular variables. The 200 GeV

mass point has two additional variables (∆φt,j2 , pj2T ) in the angular dependent

model and one additional variable (pj2T ) for the angular independent. This can

be explained by the 200 GeV signal being more similar with the electroweak

backgrounds, requiring more information to properly be distinguished from it.

Variable Best No Angular

200 GeV 400 GeV 600 GeV 1000 GeV 200 GeV 400 GeV 600 GeV 1000 GeV

mT(τ, Emiss
T ) • • • • • • • •

pτT • • • • • • • •

Emiss
T • • • • • • • •

pb1T • • • • • • • •

∆pj1,b1T • • • • • • • •

∆φt,j2 •

∆ητ,b1 • • • •

pj2T • •

Table 5: Variables used in the final BDTs in this project. Best (middle column)
refers to the optimal set of variables. No Angular (right column) refers to the
best angular-independent set.

The results for the BDT training for each mass point are summarized in

Table 6. The relative increase of the BDT separation from the mT(τ, Emiss
T )

separation decreases significantly after 200 GeV. This can be explained by the

fact that the separation of mT(τ, Emiss
T ) increases much more than for the other

discriminating variables as mH+ increases. For higher masses, the separation of

mT(τ, Emiss
T ) is already large and not much is gained by using more variables

(i.e. implementing MVA) in the discrimination. The relative separation being

higher for 600 GeV than 400 GeV is likely a statistical fluctuation.

Mass point BDT separation (angular independent) mT(τ, Emiss
T ) separation Relative increase

200 GeV 0.646 (0.620) 0.500 29.2% (24.1%)

400 GeV 0.847 (0.841) 0.812 4.2% (3.6%)

600 GeV 0.914 (0.910) 0.859 6.4% (5.9%)

1000 GeV 0.940 (0.937) 0.917 2.6% (2.2%)

Table 6: BDT training results for the different mass points summarized.
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As the same variables are found in the optimal (and angular independent) set

for all high mass points (400 GeV and above), a mass-independent model using

the same set of variables is created. This set of variables (the six (five) variables

used for 400, 600 and 1000 GeV in the optimal model (angular independent

model)) can be trained for more mass points, reducing the process of BDT

optimization. These models are used in all available mass points (200, 225,

250, 275, 300, 350, 400, 500, 600, 700, 800, 900, 1000, 1200, 1400, 1600, 1800

and 2000 GeV) and the resulting separations are shown in Fig. 27 together

with previous results for 200, 400, 600 and 1000 GeV as well as the separation

obtained with mT(τ, Emiss
T ).

Both the separation for BDTs and mT(τ, Emiss
T ) reach a plateau as mH+

increases. There is a significant increase in separation for all masses up to

around 300 GeV. The separation parameter for higher masses is sensitive to

statistical fluctuation due to fewer bins in the computation of the separation

parameter. The separation for 200 GeV with the fixed set of six variables is

0.639256 (down from 0.646092 in the optimal set), a 27.8% increase from the

mT(τ, Emiss
T ) separation (down from 29.2%). Clearly, a simple model with six

variables can be used for all masses and yield a significant improvement from

the mT(τ, Emiss
T ) separation, especially at low mass.

Figure 27: Comparison between the BDT output and mT(τ, Emiss
T ) in terms of

separation in the mass range of 200 GeV to 2 TeV. The mass points are (in
GeV): 200, 225, 250, 275, 300, 350, 400, 500, 600, 700, 800, 900, 1000, 1200,
1400, 1600, 1800 and 2000.
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6 Conclusions

Boosted Decision Trees (BDT) were implemented into the search for charged

Higgs boson in the H± → τν channel and the performance in terms of signal-

background separation was compared to the nominal cut-based analysis. Over

200 variables for the BDT were created where more than 20 seemed to have some

discrimination power after visually inspecting their distributions. To find the

optimal set of variables, many combinations of variables and BDT parameters

were tested until an optimal set of variables (as well as an angular independent

set) were found for each of the mass points 200, 400, 600 and 1000 GeV. The

figure of merit is the separation between signal and background (Eq. 2), used to

find the best BDT performance as well as to compare this result to the current

cut-based analysis. It was found that using BDTs increases the separation by

29.2% (200 GeV) down to 2.6% (1000 GeV). A fixed set of variables with good

performance was also found, increasing separation by 27.8% at 200 GeV, with

the same performance as the optimal set for higher masses.

Answers to the questions stated in Sec. 3.2 are:

1 Yes an increase of separation of up to 30% in the best case scenario trans-

lates into a better sensitivity to find a signal; the BDT output of data can

be compared to MC to search for an excess of events in the signal rich

region. Higher signal-background separation means the signal rich region

is located further from the bulk of the background (in the BDT-space or

mass-space). If the separation is higher in the BDT-space, the distribution

is more sensitive to a possible excess of events, thus the use of a BDT will

increase sensitivity.

2 The optimal set of variables can be found in Table. 5.
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7 Outlook

This report presents a preliminary study of implementing a BDT to the H± →
τν search. Below are some suggested steps to move forward in the official

analysis:

• In the official analysis, a number of weights are applied to correct for re-

construction efficiencies as well as to account for theory predictions. These

weights need to be properly included in the BDT training. This can be

challenging due to some weights having negative values (MC generation

related weights), because the BDT does not support events with negative

weights. Another issue comes from the pile-up weight where the reweigh-

ing yields a significant drop in statistics.

There are different ways of treating the negative events, one of which is

included in the H+ → tb analysis. It treats negative weights as positive

(absolute value), which is justified if the distributions of the input variables

have compatible shapes for negative and positive weighted events. This

was done in this project but due to using small signal samples there was

a lack of statistics, so the result was unreliable and no signal weight was

used at the end. The lack of statistics is solved by using larger signal

samples. A quick study was performed with this weight treatment, and

the results are found in Sec. B.

• Currently there are new background samples being produced that contain

truth information of the mother particles of the different objects recon-

structed in the event. This will improve the current simple assumption-

based jet selection.

• More variables can be tested in the BDT. One suggested example is the

τ polarization which is different for signal and background. This was not

used for this report due to time constraints, but tests were made and it

looked promising (decent separation and close to zero correlations with

other variables). This variable is only defined for 1-prong τ decays, so a

way to work around that needs to be investigated. A preliminary study

on including this variable in the BDT is shown in Sec. E.

• Finally, in order to accurately compare BDTs to the cut-based analysis,

a proper sensitivity estimation should be performed, using the official

statistical tool of the ATLAS experiment [41] to set and compare upper

limints on the event rate of H± → τν.
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Appendices

A Log-plots of training and test samples superimposed

The BDT outputs for different mass points (200, 400, 600 and 1000 GeV) are

plotted against test samples in Sec. 5. In the following four pages are the same

information with logarithmic scales on the y-axis. These figures are included

for closer inspection on how the training-test sample comparison behaves in the

tails. Due to low statistics these tails are very sensitive to fluctuation.

A.1 200 GeV

Figure 28: Results for the optimal mH+ = 200 GeV training. The separation
of the BDT output is 29.2% better than for mT(τ, Emiss

T ).
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Figure 29: Results for the angular independent mH+ = 200 GeV training. The
separation of the BDT output is 24.1% better than for mT(τ, Emiss

T ) (compared
to 29.2% for the optimal set of 8 varaibles).

A.2 400 GeV

Figure 30: Results for the optimal mH+ = 400 GeV training. The separation
of the BDT output is 4.2% better than for mT(τ, Emiss

T ).
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Figure 31: Results for the angular independent mH+ = 400 GeV training. The
separation of the BDT output is 3.6% better than for mT(τ, Emiss

T ) (compared
to 4.2% for the optimal set of 6 varaibles).

A.3 600 GeV

Figure 32: Results for the optimal mH+ = 600 GeV training. The separation
of the BDT output is 6.4% better than for mT(τ, Emiss

T ).
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Figure 33: Results for the angular independent mH+ = 600 GeV training. The
separation of the BDT output is 5.9% better than for mT(τ, Emiss

T ) (compared
to 6.4% for the optimal set of 8 varaibles).

A.4 1000 GeV

Figure 34: Results for the optimal mH+ = 1000 GeV training. The separation
of the BDT output is 2.6% better than for mT(τ, Emiss

T ).
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Figure 35: Results for the angular independent mH+ = 1000 GeV training. The
separation of the BDT output is 2.2% better than for mT(τ, Emiss

T ) (compared
to 2.6% for the optimal set of 8 varaibles).

B Weighted Signal

Below is some tests made with inclusion of signal weight to the BDT on the

optimal sets of variable (i.e. angular dependent models). Other BDT configu-

rations are the same as in the report, see Sec. 5 for details. As seen in Table

7, the signal weight has no significant impact on the training. In Sec. B.1 it is

shown that inclusion of the signal does not add overtraining.

Mass point Unweighted Weighted Relative difference

200 GeV 0.646092 0.647586 +0.2%

400 GeV 0.846605 0.850209 +0.4%

600 GeV 0.913874 0.913265 -0.1%

1000 GeV 0.940184 0.940145 -0.0%

Table 7: Separation using optimal sets of variables when not weighting the signal
and when weighting using the absolute value as treatment for the negative weight
events.
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B.1 200 GeV

Figure 36: Results for the optimal mH+ = 200 GeV training with weighted
signal.

Figure 37: Results for the optimal mH+ = 200 GeV training with weighted
signal in logarithmic scale.

Jesper Hallberg Uppsala Universitet 40



C Using mT > 50 GeV Cut

The following are some test made on the optimal variable models (i.e. angular

dependent models) but with a mT(τ, Emiss
T ) > 50 GeV cut applied in the event

selection. Other BDT configurations are the same as in the report, see Sec.

5 for details. As seen in Table. 8 the difference in separation using this cut

is not significant. This is due to the cut removing background outside the

signal rich region. However, looking at the figures in Sec. C.1 the loss of

statistics is significant for the background sample which makes it more sensitive

to overtraining.

Mass point No cut 50 GeV cut Relative difference

200 GeV 0.646092 0.634092 -1.9%

400 GeV 0.846605 0.850229 +0.4%

600 GeV 0.913874 0.922921 +1.0%

1000 GeV 0.940184 0.930903 -1.0%

Table 8: Separation using optimal sets of variables when not applying the
mT(τ, Emiss

T ) > 50 GeV cut and when applying it.
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C.1 200 GeV results

Figure 38: Results for the optimal mH+ = 200 GeV training with
mT(τ, Emiss

T ) > 50 GeV cut applied in the event selection.

Figure 39: Results in logarithmic scale for the optimal mH+ = 200 GeV training
with mT(τ, Emiss

T ) > 50 GeV cut applied in the event selection.
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D Replacing mT(τ, Emiss
T ) with ∆φτ,E

miss
T

Replacing mT(τ, Emiss
T ) with ∆φτ,E

miss
T should yield the same result as ∆φτ,E

miss
T

together with Emiss
T and ptauT it carries the same information according to Eq.

1. As seen in Table 9 it does impact the separation to some extent in the lower

mass region.

Mass point mT(τ, Emiss
T ) ∆φτ,E

miss
T Relative difference

200 GeV 0.646092 0.637943 -1.3%

400 GeV 0.846605 0.838521 -1.0%

600 GeV 0.913874 0.904869 -1.0%

1000 GeV 0.940184 0.939920 -0.0%

Table 9: Separation using optimal sets of variables when replacing mT(τ, Emiss
T )

with ∆φτ,E
miss
T .

Figure 40: Results for the optimal mH+ = 200 GeV training with mT(τ, Emiss
T )

replaced by ∆φτ,E
miss
T .
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E The Upsilon variable

Outgoing taus have different spin polarization depending on if they originate

from a scalar H± (+1) or a W± boson (-1). The tau polarization sensitive

variable Upsilon is defined as:

Υ = 2
ptrackT

pτT
− 1 (3)

Where ptrackT is the pT of the leading tau track. It is only defined for 1-prong

tau decays.

Fig. 41 show distributions of Upsilon in four mass points. Sec. E.1 shows

the correlations and training results when adding it to the optimal set of vari-

ables in the 200 GeV mass point. Note that no treatment for 3-prong taus is

implemented. As seen in Table 10 there is some increase in sensitivity for lower

mass, but not significant gain for higher mass.

Mass point Optimal result Including Upsilon Relative difference

200 GeV 0.646092 0.654053 +1.2%

400 GeV 0.846605 0.850718 +0.5%

600 GeV 0.913874 0.917362 +0.4%

1000 GeV 0.940184 0.940252 +0.0%

Table 10: Separation using optimal sets of variables when the Upsilon variable.

Figure 41: Distribution of the Upsilon variable for mH± = 200 GeV.
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E.1 200 GeV results

Figure 42: Correlations coefficients for upsilon in the mH± = 200 GeV mass
point for signal (upper) and background (lower). Variable explanations: jet2 pt

= pj2T , bjet1 pt = pj2T , dPt jet1 bjet1 = ∆pj1,b1T , met pt = Emiss
T , tau pt = pτT,

dEta tau bjet1 = ∆ητ,b1 , dPhi top jet2 = ∆φt,j2 , MT tau met = mT(τ, Emiss
T ).

Figure 43: Results for the optimal mH+ = 200 GeV training with the Upsilon
variable added.
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F Correlation scatter plots (200 GeV)

F.1 mT(τ, Emiss
T ) signal

Figure 44: Scatter plots of correlation between mT(τ, Emiss
T ) and ∆φt,j2 (top

left), ∆ητ,b1 (top middle), pτT (top right), Emiss
T (middle left), ∆pj1,b1T (center),

pb1T (middle right), pj2T (bottom) in the signal ntuple.
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F.2 mT(τ, Emiss
T ) background

Figure 45: Scatter plots of correlation between mT(τ, Emiss
T ) and ∆φt,j2 (top

left), ∆ητ,b1 (top middle), pτT (top right), Emiss
T (middle left), ∆pj1,b1T (center),

pb1T (middle right), pj2T (bottom) in the background ntuple.
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F.3 ∆φt,j2 signal

Figure 46: Scatter plots of correlation between ∆φt,j2 and mT(τ, Emiss
T ) (top

left), ∆ητ,b1 (top middle), pτT (top right), Emiss
T (middle left), ∆pj1,b1T (center),

pb1T (middle right), pj2T (bottom) in the signal ntuple.
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F.4 ∆φt,j2 background

Figure 47: Scatter plots of correlation between ∆φt,j2 and mT(τ, Emiss
T ) (top

left), ∆ητ,b1 (top middle), pτT (top right), Emiss
T (middle left), ∆pj1,b1T (center),

pb1T (middle right), pj2T (bottom) in the background ntuple.
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F.5 ∆ητ,b1 signal

Figure 48: Scatter plots of correlation between ∆ητ,b1 and mT(τ, Emiss
T ) (top

left), ∆φt,j2 (top middle), pτT (top right), Emiss
T (middle left), ∆pj1,b1T (center),

pb1T (middle right), pj2T (bottom) in the signal ntuple.
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F.6 ∆ητ,b1 background

Figure 49: Scatter plots of correlation between ∆ητ,b1 and mT(τ, Emiss
T ) (top

left), ∆φt,j2 (top middle), pτT (top right), Emiss
T (middle left), ∆pj1,b1T (center),

pb1T (middle right), pj2T (bottom) in the background ntuple.
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F.7 pτT signal

Figure 50: Scatter plots of correlation between pτT and mT(τ, Emiss
T ) (top left),

∆φt,j2 (top middle), ∆ητ,b1 (top right), Emiss
T (middle left), ∆pj1,b1T (center), pb1T

(middle right), pj2T (bottom) in the signal ntuple.
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F.8 pτT background

Figure 51: Scatter plots of correlation between pτT and mT(τ, Emiss
T ) (top left),

∆φt,j2 (top middle), ∆ητ,b1 (top right), Emiss
T (middle left), ∆pj1,b1T (center), pb1T

(middle right), pj2T (bottom) in the background ntuple.
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F.9 Emiss
T signal

Figure 52: Scatter plots of correlation between Emiss
T and mT(τ, Emiss

T ) (top

left), ∆φt,j2 (top middle), ∆ητ,b1 (top right), pτT (middle left), ∆pj1,b1T (center),

pb1T (middle right), pj2T (bottom) in the signal ntuple.
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F.10 Emiss
T background

Figure 53: Scatter plots of correlation between Emiss
T and mT(τ, Emiss

T ) (top

left), ∆φt,j2 (top middle), ∆ητ,b1 (top right), pτT (middle left), ∆pj1,b1T (center),

pb1T (middle right), pj2T (bottom) in the background ntuple.
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F.11 ∆pj1,b1T signal

Figure 54: Scatter plots of correlation between ∆pj1,b1T and mT(τ, Emiss
T ) (top

left), ∆φt,j2 (top middle), ∆ητ,b1 (top right), pτT (middle left), Emiss
T (center),

pb1T (middle right), pj2T (bottom) in the signal ntuple.
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F.12 ∆pj1,b1T background

Figure 55: Scatter plots of correlation between ∆pj1,b1T and mT(τ, Emiss
T ) (top

left), ∆φt,j2 (top middle), ∆ητ,b1 (top right), pτT (middle left), Emiss
T (center),

pb1T (middle right), pj2T (bottom) in the background ntuple.
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F.13 pb1T signal

Figure 56: Scatter plots of correlation between pb1T and mT(τ, Emiss
T ) (top left),

∆φt,j2 (top middle), ∆ητ,b1 (top right), pτT (middle left), Emiss
T (center), ∆pj1,b1T

(middle right), pj2T (bottom) in the signal ntuple.
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F.14 pb1T background

Figure 57: Scatter plots of correlation between pb1T and mT(τ, Emiss
T ) (top left),

∆φt,j2 (top middle), ∆ητ,b1 (top right), pτT (middle left), Emiss
T (center), ∆pj1,b1T

(middle right), pj2T (bottom) in the background ntuple.
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F.15 pj2T signal

Figure 58: Scatter plots of correlation between pj2T and mT(τ, Emiss
T ) (top left),

∆φt,j2 (top middle), ∆ητ,b1 (top right), pτT (middle left), Emiss
T (center), ∆pj1,b1T

(middle right), pb1T (bottom) in the signal ntuple.
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F.16 pj2T background

Figure 59: Scatter plots of correlation between pj2T and mT(τ, Emiss
T ) (top left),

∆φt,j2 (top middle), ∆ητ,b1 (top right), pτT (middle left), Emiss
T (center), ∆pj1,b1T

(middle right), pb1T (bottom) in the background ntuple.
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