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Abstract

A search for heavy neutral Higgs bosons in the τµτhad channel is presented. The analysis
was performed using approximately 32 fb−1 of 13 TeV proton-proton collision data with
the ATLAS detector and improves upon earlier ATLAS searches through the use of Boosted
Decision Trees (BDT).

1. Introduction

1.1. Minimal Supersymmetric Model (MSSM)

The Minimal Supersymmetric Standard Model (MSSM) is the simplest supersymmetric
extension of the Standard Model (SM). The MSSM is based on a two Higgs doublet model
(2HDM), which predicts five Higgs particles, three of which are neutral (h,H,A). Higgs
sector properties in the MSSM depend on two non-SM parameters, the mass of the CP-odd
MSSM Higgs boson, mA, and tanβ, the ratio of the vacuum expectation values (vev) of the
two doublets. In this study, we only consider the gluon-gluon fusion (ggF ) production mode
of the additional neutral Higgs bosons.

Figure 1: Feynman diagram for a neutral MSSM Higgs production mode via gluon-gluon fusion.
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The Branching Ratio (BR) of different decay modes for SM, and neutral MSSM Higgs bosons,
is shown in Figure 2 below. The BR is the relative fraction of Higgs boson (in general, any
particle) decays into a particular final state. As shown in the plots, SM and MSSM Higgs
have higher BR for the bb decay mode. However, in this decay mode, hadronic jets form
huge background effects. This makes the ττ decay mode more convenient to consider, as
done in [1]. The search considers leptonic and hadronic decay of τ leptons, where τµ is a τ
lepton that decays to a muon and neutrinos, and τhad iss a τ lepton that decays to hadrons
(one or more) and a neutrino. The mass range of the search is of 0.2-1.2 TeV[1].
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Figure 2: Plots showing the BR of several decay modes for neutral MSSM (left), and SM Higgs bosons
(right).

1.2. Boosted Decision Trees as a Multivariate Technique

Multivariate Analysis (MVA) usually allows to improve the signal to background dis-
crimination. The framework used in this study is TMVA[2]. The MVA method chosen is a
BDT using Adaptive Boost (adaboost). BDT is a type of classification algorithm for data
sets. Data sets are classified through a sequence of branching binary decisions[3][4]. Particle
Identification (PID) and other kinematic variables are then used to discriminate signal and
background events. Given a particular analysis, BDT training ranks the best background-
signal discriminating PID variable among other variables used in the same training. In this
study, a BDT was trained for three signal mass ranges: high mass range (600, 700, 800)
[GeV], medium mass range (350, 400, 500) [GeV], and low mass range (200, 250, 300) [GeV].
For the purpose of the analysis in question, the standard selection cuts (pre-selection, and
additional cuts described in Subsection 1.3) are replaced with a single cut on the MVA
value, hereafter referred to as “BDT selection”. The process of boosting combines a set of
classifiers to give a new more stable classifier3 with the lowest misclassification rate. A score

3In principle, there are different types of event classifiers. In this study, we use decision trees.

2



is assigned to every classifier that goes into the boosting process based on its error rate.
After iterations of such procedure, the stable classifier (BDT in our case) is defined. Thus,
a cut based on the BDT score, i.e. cutting on the MVA value, ensures cutting on the most
correct classification of events[6].

1.3. Selection Cuts

The analysis on which this study expands is a cut based analysis in which three main
selections were used. Preselection cuts applied in this study require the identified lepton
and the hadron in the τµτhad channel to have opposite sign charges. At preselection, the
transverse momentum pT of the τhad,vis

4 is required to be above 25 GeV with pseudorapidity5

|η| < 2.3, while the identified lepton (muon) µ is required to be isolated with transverse
momentum pT > 30 GeV and |η| < 2.5. Additional cuts, hereafter referred to as “MSSM
cuts”, require a certain angular difference between τhad,vis and µ, namely, ∆φ(τhad,vis, µ) >
2.4, and the transverse mass mT (µ,Emiss

T ) to be below 40 GeV, where

mT (µ,Emiss
T ) =

√
2pT (µ)Emiss

T [1− cos ∆φ(µ,Emiss
T )]. (1)

The cut on mT (µ,Emiss
T ) is used to reduce the W+ jets background. Moreover, the analysis

is performed in the b-veto region, i.e. zero b-jets in the event selection. Moreover, the mass
reconstruction in the τµτhad channel is performed with:

mtot
T =

√
m2
T (Emiss

T , µ) +m2
T (Emiss

T , τhad) +m2
T (µ, τhad), (2)

where Emiss
T is the missing transverse energy, and mT (a, b) is defined as:

mT (a, b) =
√

2pT (a)pT (b)[1− cos ∆φ(a, b)]. (3)

2. Standard Selection

Applying preselection cuts along with“MSSM cuts” is referred to as “standard selection”.
We show here plots for τ and µ transverse momenta pT in the standard selection, as well
as background and signal event yield tables. Throughout the whole study, SM backgrounds
are estimated with data using Monte Carlo simulation. Multijet background (QCD jets)
is estimated in the same-sign region since the standard selection requires τ and µ to have
opposite sign charges. This ensures that the τhad,vis comes from a jet and not from a real τ
lepton. Good modeling is achieved as shown in Figure 3.

4τhad,vis stands for reconstructed visible decay products of a hadronic τ decay.
5η is the measure of the angle with respect to the beam line, η = −ln[tan( θ2 )].
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Figure 3: The distribution of µ (left), and τ (right) transverse momenta pT in the b-veto region of the τµτhad
channel with the standard selection. The signal is normalized to the background.

Background and data Yields at 32fb−1

[Bkg Type] Yield
Top 172
Diboson 153
W+ Jets 22905
Z → ττ 57022
Z → µµ 11214
Z → ee 0
DY (τ ,τ) 4523
DY (µ,µ) 100
QCD Multi-Jets 11967
Total bkg 108059

Data 93769

Signal Yield at 32fb−1, σ = 1pb
Mass Yield
200 GeV 498
600 GeV 6414
1000 GeV 9207

Table 1: Background, data, and signal yield tables in the standard selection.

3. BDT Training

3.1. Introduction to BDT Selection

The “BDT selection” is based on the BDT training performed for the earlier mentioned
three signal mass ranges: low, medium, and high. All variables6 used in the three hypotheses
are shown in Table 2 below. The BDT ranks the variables from the most to the least efficient
one in terms of discrimination against the backgrounds7. Moreover, we show in Figures 4
and 5 the plots for the four top ranked variables in the high mass signal hypothesis.

6The variable ∆R(τhad, µ) in Table 2 quantifies the spacing between τhad and µ in the η, φ sphere.
7Note that the top two variables for all signal mass hypotheses demonstrated a consistent ranking over

all mass ranges.
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∑
cos(∆φ(τ, EmissT ))

∆R(τhad, µ)
pT (τhad)
mT (µ, τhad)
mT (τhad, E

miss
T )

mvis(µ, τhad)
∆pT (τhad, µ)
mtot
T (µ, τhad)

EmissT

mT (µ,EmissT )
pT (µ)

∑
cos(∆φ(τ, EmissT ))

∆R(τhad, µ)
mT (µ, τhad)
mT (τhad, E

miss
T )

pT (τhad)
mvis(µ, τhad)
∆pT (τhad, µ)
mtot
T (µ, τhad)

pT (µ)
EmissT

∑
cos(∆φ(τ, EmissT ))

∆R(τhad, µ)
pT (τhad)
∆pT (τhad, µ)
mT (µ, τhad)
mvis(µ, τhad)
mT (τhad, E

miss
T )

pT (µ)
mT (µ,EmissT )
EmissT

mtot
T (µ, τhad)

Table 2: All variables used in BDT training for the high (left), medium (center), and low (right) mass
hypotheses of the signal. Variables are ranked from the most (top) to the least (bottom) efficient one.∑

cos(∆φ(τ, EmissT )) is the sum of the cosines of the angular differences between τ (where τ here refers to
both τµ and τhad) and the missing transverse energy EmissT .

Figure 4: Rank 1 and 2: The distribution of
∑

cos(∆φ(τ, EmissT )) (left), and ∆R(τhad, µ) (right) in the
b-veto region of the τµτhad channel in the “BDT selection” for the high mass signal hypothesis. The signal
is normalized to the background.
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Figure 5: Rank 3 and 4: The distribution of pT (τhad) (left), and mT (µ, τhad) (right) in the b-veto region of
the τµτhad channel in the “BDT selection” for the high mass signal hypothesis. The signal is normalized to
the background.

In this Section we showed the variable ranking for all signal mass hypotheses along with
the plots for the four most efficient variables in the BDT training for only the high signal
mass hypothesis. Later, in Section 3.3, we will revisit the same matter, however, we will
then show the Receiver Operating Characteristic (ROC) curves that illustrate the signal-
background separation. We will also describe the simple exercise we performed to define
the most efficient set of variables for every signal mass hypothesis, later called the “minimal
set of variables”. The plots in Figure 6 show the BDT score distribution for high (1 TeV),
medium (600 GeV), and low (200 GeV) signal mass hypotheses.
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Figure 6: BDT score distribution of high (top left), medium (top right), and low (bottom) mass signal
hypotheses. The signal is normalized to the background.

The use of the MMC (Missing Mass Calculator) PID variable might be considered in further
studies for the same analysis8. The MMC method completely reconstructs the event kine-
matics in ττ final states, namely, the invariant mass and the momenta of neutrinos[7]. The
motivation for using the MMC is a result of the observed BDT interesting behaviour shown in
the above figure. There, and for the low mass hypothesis, the BDT classifier mis-interpreted
the Z → ττ background events (shown in pink color) as being the 200 GeV hypothetical sig-
nal events. Therefore, the MMC variable will help the BDT classifier discriminate between
the hypothetical signal, and any similar background with similar properties.

8Reluctance can arise here as a consequence of the MMC variable being highly sensitive to the hypothetical
mass of the signal.
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3.2. BDT Plots

A BDT cut based analysis is expected to have better background-signal discrimination
than the standard cut-based analysis. This will lead to better signal asymptotic significance,
which we will later explain. We show here plots for the total transverse mass mtot

T and the
visible mass mvis., after cutting on the MVA values at −0.05,−0.04, and 0.004 for the high,
medium, and low signal mass hypotheses, respectively.

Figure 7: The distribution of mtot
T (left) and mvis. (right) in the b-veto region of the τµτhad channel in the

“BDT selection” for the high mass signal hypothesis. The signal is normalized to the background.

Figure 8: The distribution of mtot
T (left) and mvis. (right) in the b-veto region of the τµτhad channel in the

“BDT selection” for the medium mass signal hypothesis. The signal is normalized to the background.
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Figure 9: The distribution of mtot
T (left) and mvis. (right) in the b-veto region of the τµτhad channel in the

“BDT selection” for the low mass signal hypothesis. The signal is normalized to the background.

3.3. Variables Rankings and Their Efficiency

A BDT training ranks the variables used from the most to the least efficient one according
to their discrimination against backgrounds. In order to identify the minimal set of variables
that provides the best signal-background discrimination, we start by removing variables from
the BDT training one by one. We start from the lowest ranked variables and observe how
the background rejection changes as shown in Figure 10 below9. As a consequence of this
exercise, we also show in Table 3 the minimal set of variables that provide most background
rejection for all signal mass hypotheses.

Figure 10: The ROC curves show the background rejection efficiency when having all the variables in the
medium signal mass hypothesis BDT training (blue), and when removing the least efficient variable (red).
The latter is removed out of the minimal set of variables defined above.

9We here used the ROC curves from the BDT training of the medium signal mass hypothesis as an
example for illustration, i.e. showing the ROC curves from the BDT training of the high or low signal mass
hypotheses will deliver the same point we want to make.
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∑
cos(∆φ(τ, EmissT ))

∆R(τhad, µ)
pT (τhad)
mT (µ, τhad)

∑
cos(∆φ(τ, EmissT ))

∆R(τhad, µ)
mT (µ, τhad)
mT (τhad, E

miss
T )

∑
cos(∆φ(τ, EmissT ))

∆R(τhad, µ)
pT (τhad)
∆pT (τhad, µ)

Table 3: Minimal set of variables that provide the most background rejection in the high (left), medium
(center), and low (right) signal mass hypotheses BDT training.

4. Results

The aim of this analysis is to compare both standard and BDT selection methods in the
search for the MSSM Higgs bosons. Assuming a sufficiently large data sample, we used the
asymptotic approximation for significance, Z, namely[5],

Z ≈ s/
√
b (4)

where s is the signal yield, and b is the number of background events10. The significance,
Z, compares the signal yield, s, to the standard deviation of the data sample under the null
hypothesis11,

√
b. We report a substantial improvement in asymptotic significance when the

“BDT selection” method is implemented as compared to the standard selection. Asymptotic
significance approximately increased by 50 % for the 200 GeV signal mass hypothesis, 100%
for the 600 GeV signal mass hypothesis, and 200 % for the 1TeV signal mass hypothesis.

5. Conclusion and Outlook

In this study, we achieved good background to data modeling as shown in Figures 3-9
for standard selection, BDT score distribution, and “BDT selection”, respectively. A large
number of BDT trainings were performed for three different ranges of signal mass hypothe-
ses. Thus, PID variables were ranked according to their signal-background discriminating
efficiency, as shown in Table 2, Section 3.1. ROC curves shown in Figure 10 were obtained
illustrating the background rejection by the variables used in the BDT training. As a re-
sult, a minimal set of variables with approximately the same background rejection as all the
variables presented in Table 3, Section 3.2. Finally, using Equation 4, numerical values of
asymptotic significance were calculated and reported for the standard and the “BDT selec-
tion” for comparison purposes. Given the analysis in question, we conclude that the “BDT
selection” shows a better performance compared to the standard selection. A continuation
for the study is considered in the context of a short project, where further studies on im-
proving the significance calculation are considered. Moreover, the same analysis is planned
to be performed in the τeτhad channel, where the identified lepton is an electron. The use of
the MMC PID variable might also be considered as discussed earlier in Section 3.1.

10A better approximation for significance, Z, can be achieved through the use of the Poisson profile
likelihood ratio for the signal yield, s[5]. In this case, and under the assumption of large data sample; the
same formula for Z shown in Equation 2 is obtained for s << b.

11 Null hypothesis here means under the assumption of no signal, s = 0.
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