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We introduce an optimization technique to discriminate signal and background in any phenomenological
study based on the cut and count-based method. The core ideas behind this technique are the introduction of
aranking scheme that can quantitatively assess the relative importance of various observables involved in a
new physics process, and a more methodical way of choosing what cuts to impose. The technique is an
iterative process that works with the help of the MadAnalysis5 interface. Working in the context of a beyond
the Standard Model scenario where we carry out a signal search of singly charged Higgs in the context of
the two Higgs doublet model, we demonstrate how automating the cut and count process in this specific
way results in an enhanced discovery potential compared with the more traditional way of imposing cuts.
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I. INTRODUCTION

It is by now firmly established that the Standard Model
(SM) [1-3] of particle physics, while an enormously
successful theory whose predictions have been tested to
very good accuracy in various colliders over the years,
needs to be supplanted with new dynamics at the TeV scale.
With the advent of the Large Hadron Collider (LHC), we
now have a testing ground for many of these so-called
“beyond the SM” (BSM) avenues. Typically one expects
some new resonances at the TeV scale to show up in high
energy collisions—however, such a discovery has thus far
eluded us. This has prompted both experimentalists and
theorists to employ increasingly sophisticated approaches
toward phenomenological analyses with various machine
learning (ML) and deep learning algorithms [4,5] now at
the forefront of particle physics research. The reason for
this is of course clear—the traditional “bump hunting”
searches, while successful in the past, might need to be
replaced for a more thorough search. In this work, we
offer an alternative strategy—-while still employing the
cut-based methodology, we aim to demonstrate that
suitably automating this process can lead to significant
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enhancements in our search efficiency and thus might lead
to a better discovery potential of new physics.

The study of BSM physics has been structured and
scrutinized in many ways over the decades. The standard
practice amongst phenomenologists now is a simulation
tool such as MadGraph_aMC@NLO [6] for event generation,
which is compatible with FeynRules [7] for new physics
model implementation. Also, to consider realistic collider
situations, one has to cascade the parton level process from
MadGraph_aMC@NLO to Pythia8 [8] for jet showering and
Delphes3 [9] for detector-level simulations. The analysis
of collision events proceeds via MadAnalysis5 [10] which is
a framework for phenomenological analysis that handles
data structures and facilitates effective analysis of particle
physics scattering experiments through a user-friendly
interface, which provides the user with normalized observ-
able distributions. The “cut and count” strategy then relies
on looking at the distributions and imposing suitable cuts to
improve the signal over background significance. However,
this practice of the cut-and-count method is ignorant of how
implementing a cut on a particular distribution will affect
the remaining observable distributions. While this might
not be a huge disadvantage in say a 2 — 2 process with not
a lot of SM background, for more complicated decay
chains, one would need to understand the interplay between
the various kinematic quantities. As we will demonstrate,
we can optimize the cut and count methodology by
formulating an iterative process with a suitably designed
set of techniques to optimize the cut flow.

While high-performing deep learning algorithms display
superior capabilities in discrimination tasks [11-13], the
intricate structure of these data models is notably complex.
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This complexity arises from many tunable parameters and
the numeric nature of the optimization process, posing
challenges to a comprehensive understanding of its physi-
cal nature. Some studies have directed their attention
toward exploring the phenomenologically relevant charac-
teristics of neural networks in terms of interpretability
[14-17], and there are issues regarding uncertainty quanti-
fication [18-21] as well. Our present study is not intended
as a substitution for ML techniques [22]; it is presented as a
methodology that gives phenomenologically interpretable
results and improves the sequential cut and count techniques
for challenging final states at the LHC where traditional
methods might not isolate the signals efficiently. Although
our work closely resembles a decision tree (DT) classifier
[23] or boosted decision tree (BDT) [24,25] in general, the
algorithm is fundamentally different from a DT because of
its implementation and optimization schema. More details
regarding this can be found in the upcoming sections along
with comparision of both our algorithm and BDT.

This paper is organized as follows: we begin by briefly
explaining the BSM model that we will use as an example
for illustrating the methodology in Sec. II and outline the
data domain that we are going to use to implement
the algorithm. In Sec. III, we detail the development of
the algorithm—this forms the crux of the paper wherein we
present and explain a flowchart representing the execution

of the various steps involved in the method. Then We|

continue with DT and BDT Analysis to demonstrate the
comparison of our algorithm with DT and BDT and
to examine how observables are associated in Sec. IV.
Finally, the benefits of adopting such a method—and its
shortcomings—are discussed in Sec. V.

II. SETUP AND EXAMPLE

Our goal in this Section is to lay out the example that we
will use to illustrate our methodology and the underlying
model details. Specifically, we choose to study charged
Higgs pair production in the Type ' Two Higgs Doublet
Model (2HDM) [26]. In the 2HDM, the SM scalar sector is
extended by an additional scalar doublet ®, which is charged
under the electroweak gauge group SU(2), x U(1), with
hypercharge ¥ = 1. We lay out the basics of the scalar sector
of the model that is directly relevant to our analysis and
proceed to the phenomenological process of interest.

A. Model setup

In this Section, we will present a brief review of the
2HDM model. For a more detailed description of the model,
the interested reader is invited to consult Refs. [26,27]. For
our purpose here, we will concentrate on the scalar sector of
the model. We begin, in Eq. (1), with the most general scalar
potential of the theory, which remains invariant under the
SM gauge group SU(2); x U(1)y.

1 1 .
Vi = mj @]® + my, 00, — (m},®®; +h.c.) + Eﬂl(qﬁ@l)z + 5/12(@;@2)2 +13(®] @) ) (5 D,)

T Ay(®] ) (@) + <lzs<<biq>z>2 ; h) (@], (@]®,) + 1y (@],) (@) + Hee), (1)

2

where we have denoted the two SU(2), doublets by @; and
®,. Implementing the Hermiticity condition, one can realize
that m?},, m3,, and 4; (i = 1 to 4) are real parameters. In
contrast, m?, and 4; (i = 5 to 7) can, in general, be complex
parameters. The presence of complex parameters can give
rise to CP as well as charge violating minima, which in turn
hint upon interesting new physics scenarios. However, for

|

the present purpose we will ignore these possibilities and
impose a few conditions to simplify the above potential. We
begin with the assumption that CP is conserved in the scalar
sector. As a result, all the quatric terms that are odd powers of
either of the scalar doublet drop out. Furthermore, we will
assume all the scalar parameters in the potential are real.
Under these conditions, Eq. (1) takes the following form:

1 1
Vi = m} @@ + my, &30, — (m},®[®, +h.c.) + 5/11(‘1’;‘1)1)2 + 5/12(‘19;@2)2

+ (@] 0)(@10:) + 24(@]0:)(018) + (35(0]0" + He. ). @

'In the case of Type IIl 2HDM, the quark sector receives mass after both the scalar doublets ®, and ®, acquire vacuum expectation
values (VEVs). As a consequence, this model can potentially generate flavor changing neutral currents at the tree level. A detailed
discussion this can be found in Ref. [26]. We point out at this stage that in the upcoming phenomenology Sections, we have chosen the
benchmark point for our study that is compatible with flavor constraints.

095020-2



OPTIMIZING THE CUT AND COUNT METHOD IN ...

PHYS. REV. D 113, 095020 (2026)

Both these doublets acquire VEVs given by (@) = v,
and (®,) = v,, and thus engineer the electroweak sym-
metry breaking (EWSB) SU(2), x U(1)y, = U(1)gy. The
explicit form of these doublets can be written as,

o
;= ((/),+'U1+iﬂl)> i=12.
V2

One can see by direct inspection that both these doublets
contain total eight total degrees of freedom (d.o.f.s) (¢7, p;,
and #5;). After EWSB, three linear combinations of three
of these d.o.f.s—the massless Goldstone modes—get
absorbed by the SM electroweak gauge bosons W+ and
Z rendering them massive. Thus, the scalar spectrum
contains five physical Higgs bosons—a pair of charged
Higgs bosons H* (with mass my:), a CP-odd scalar A
(with mass my), and two CP-even scalars {h, H} (with
mass m;, and my respectively). We can see the spectrum
emerge in the following way: the mass matrix correspond-
ing to the charged scalars can be read off from Vy by
collecting all the quadratic terms in fields and takes the
following form:

(3)

no -
ﬁcharged = (m%2(14 + j'5)1111}2)[¢1_¢5] [_Ul ] |:Zl_ :| .
2

(4)

The determinant of the above 2 x 2 square matrix is zero.
This signifies that at least one of the eigenvalues corre-
sponding to that matrix must be zero. The eigenvector
corresponding to the zero eigenvalue is identified as the
charged Goldstone mode G*, which gets eaten up by the
W boson. On other hand, the physical state corresponding
to the nonzero eigenvalue is identified as H* state with
mass

v
v

2 1
my= = [@ - )«4 - 15:| ’ (’U% + U%) (5)

U102

Similarly, collecting the relevant quadratic terms one
can write down the mass matrix correspond to CP-odd
scalars,

2

m
Lep—oad :7A2[’71 ] {

2
b} —”1”2} |:'71

2

v+ ;5

Uy

]. (6)

%) ’U%

Here also, one of the eigenvalue would be zero, which is
associated with the neutral goldstone mode G°. The non-
zero eigenvalue represents the pseudoscalar boson with
mass

1

2 1
m 3
_ | M Jo2 | 2
my = [—— 5} (v] + v3).
U102

(7)

Finally, we turn to the mass matrix for the CP-even
scalars—this can again be written down by straightforward
inspection of the potential collecting quadratic terms in the
p fields,

CP-even
'Cmass

My Mlz] [Pl}
M, Myl lp,

2 n 2
miy k4 A

~(o1 1]
_m$2+a345011)2] [p]}
p2<8>

In general, the above mass matrix has two nonzero
eigenvalues, which can be expressed as

=[p ﬂz]l

2 2 v 2
—miy+Asvivy  my A

1
my; = 5 |:M11 + My + \/(Mu — Mpy)? +M%2}’

1
m121 :E |:Mll + My + \/(Mll —M22)2 +M%2:|. (9)

Hereafter we assume m;, < My and the CP-even state h
with the mass m, can be identified with the SM-like
125 GeV Higgs boson” discovered at the LHC. One can
also define two parameters tan f and « using the VEVs and
the scalar parameters,

v
tanﬁ:—z,

_ (10)
Uy My = My

With these parameters, one can write down the relations
between the gauge basis and the mass basis of the scalar
fields

G*] [ cosp sinp][di

[Hi_ - | —sinf  cosf | _4’)}]’

G°71 [ cosp sinp][nm

{A ] - | —sinf cosf ] _;72]’

[H _ co.sa sin pl]' (1)
h | | —sina cosa || p,

In computing all relevant couplings and studying the
phenomenology, we use the above definitions of the mass
eigenstates. Before closing this Section, we present the
relevant couplings in Table I that will play a central role
in the signal topology we will soon discuss. We point out
that the vertices responsible for the charged Higgs pair

’Even though a bit more constrained, 2HDM also allows the
identification of the heavier of the two as the 125 GeV SM-like
Higgs, thus making the other Higgs lighter. We do not explore
this possibility in this paper.
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TABLE I.  Vertices in the 2HDM relevant for our study. Here,
Oy is the weak mixing angle, P’];i is the momentum of h*, m, is
the b-quark mass, and g is the SU(2), coupling.

ZHTH~ —iecot Oy [P}, + P,-] [28]
yHTH~ —ie[P,. + P}-] [28]

H WA —429]

Abb —i %2 [—cot fsin (f — @) + cos (f — a)] [29]

production are independent of any new physics parameters.
On top of that, the coupling responsible for the H* —
W=*A decay strictly depends on the SU(2); gauge cou-
pling. As a result, the relevance of this signal is not only
restricted to 2HDM but to a larger class of scalar extended
BSM scenarios that can in principle allow the kind of signal
we will study. Furthermore, comparing Eqgs. (5) and (7),
one can realize that the mass gap between the my= and my
is controlled by the scalar parameter 1,. With the relevant
pieces of the model in place, we now turn to the specific
new physics process that we will use to illustrate our
methodology.

B. Illustrative process

In order to demonstrate the efficacy of our algorithm, we
will study the pair production of charged Higgs bosons in
the 2HDM with their subsequent decay into AW with the
A’s decaying to bb and the W’s decaying leptonically,

pp > H H™ — WTW~AA - 4b + 21 + F;.

This signal is quite challenging to reconstruct, given its
small cross-section compared to the SM backgrounds and a
complex final state topology. For the purposes of this study,
we fix the mass of the charged Higgs boson at 450 GeV.
We have also assigned the masses of the CP-even Higgs
my =250 GeV and the CP-odd pseudoscalar Higgs
my = 350 GeV for the purpose of this study, apart from
fixing the charged Higgs mass mpys = 450 GeV. This
choice of charged Higgs mass, H* = 450 GeV, remains
viable in several popular BSM scenarios [26]. This mass
point has not yet been ruled out in the H* — 7*v channel
by ATLAS [30] and CMS [31], or in the H* — tb channel
by ATLAS [32] and CMS [31]. Furthermore, updated infor-
mation regarding the two-Higgs-doublet model fits [33]
supports this scenario. Moreover, this mass value lies
within a range of particular interest for future colliders,
such as the high-luminosity LHC (HL-LHC).

We first present a conventional cut and count analysis
with a luminosity of 3000 fb~!. The initial preselection
cuts include N(I)>2 and N(b) >4, and AR(Il) and
AR(bb) > 0.4 to effectively separate all pairs of leptons
and b quarks. Examining the final state topology, the major
SM backgrounds considered for this process are 17 + jets,

VV + jets, and those with subdominant contributions from
VVV + jets. Moreover, we have also included Vh, tth as
essential part of the SM background. The signal of our
interest and all relevant SM backgrounds are generated
at a center-of-mass energy of /s = 14 TeV, which corre-
sponds to the design energy of the LHC and represents
the operational energy for future runs, particularly in the
HL-LHC phase. We have compiled a set of 29 observables
for the analysis,” which can, in principle, aid in discrimi-
nating signal from background. These are
(1) Pr(¢y),
(2) Pr(£3)
3) Pr(by),
@) Pr(by)
(S) Pr(bs)
6) Pr(by),
(7) n(¢,
4

(29) M(Zy,¢5,by, by, b3, by).

The initial distributions acquired following the applica-
tion of preselection cuts are depicted in Fig. 1. By
examining these distributions, one can straightforwardly
determine the selection cuts that maximize the signal-to-
background ratio. We have established a set of selection
criteria from intuition gained from the initial observable
distribution and the result of this traditional cut and count
analysis is presented in Table II—as one can see, this
methodology does not produce a large enough significance

: __S
(defined consistently throughout the text as o = Ny

where S and B refer to the number of signal and back-
ground events, respectively) because one cannot eliminate

*While this might be exhaustive for a traditional cut and count
analysis, it will prove effective to start with a maximal set for the
algorithm, which will be designed in the next Section.

095020-4



OPTIMIZING THE CUT AND COUNT METHOD IN ...

PHYS. REV. D 113, 095020 (2026)

= = =y S =
2 2o P P 2
5
o o W05 W o8 W g.125]
3 3 3 3 3
N N N 004 N 0.06f N 0109
ko g, b H &
Eoon g £ Eon £
£ E £e £ Eod
Z 0.0z =z 001l 0.02) 0.025)
o 0 200 00 500 500 T000 0 00 1000 T 200 300 600 1000 800 T000 o 0 200 300 500 800 1000
prty) [Gevic] Pr(lz) [GeV/E] pr(b1) [Gevic] prtbz) [GEV/C] pribs) [GeV/c]
5 S| 4 S| goos S . B | o S s
& 0.25] o > 0.04) > >
3 oo 3 N N
T 0.20f b T oo T 3
N N oo N Nooy N 0.03]
o3 s B oo s s
gaw gnm g Eooz gunz
Z 00 Z o0 Z 00y Z o0 Z oo
o T 200 00 500 500 T000 —8 -6 - =z 7 T g =8 -6 -4 -2 o 7 T T -z o —8 3 & -2 [ 7 T g
priba) [GeV/c] 17[11] nitz] /'I[bn] nlb,]
3
£33 signal £33 signal 0.040f £33 signal 0.040f £33 signal
g oo g 2 2 ool
Eoo g Gous Son g
w W o 03 W o g2s) w W 0,025
= H 5 = H
9 8 8 0.020f 1 S 0.020]
8 2o 3 %% T o1
£ £ g E.o E
2 o0 Son 5000 5 oo
0.005} Z o0y 0.005}
o T T 4 T o K3 £l T T =5 -6 3 T T 7 3 £ T T 7 5 o T T Z 3 4 s © T
nlbs] b4] AR [1,£2] AR b1, Dz] AR [by, bs]
9 0,039 g g 00 9 0,039
W oo} w003y & 5.020f =
3 B 2 3o
Bowg i... Boo Bowg
 0.015] s [}  o.015]
£ £ £ o.010f £
5 o.010f 5 oo 5 5 0.010)
2 2 2 2
0.005} 0.0054 0.005)
o g K3 £} T 3 T T T T £} 3 5 T T T E) T L3 o T 250 500 750 1000 1250 1500 1750 2000
AR [by, ba) AR [by, b3] AR [by, bs) AR [bs, b4] Hr (GeV)
.
= signat 0.12] 3 signal 0.05) =3 signal 0.08] =3 signal
€ 0.08} € 0.10f € 0.04f c
2 Soon H 3
2
o0y a £ g [
8 & ool 2 & ood
= 004 ® T 0.02) =
£ 004 £ £
S 0.02] < 2 0.01) S
2 2o H 2
o 0 200 300 500 800 To00 0 200 400 600  BOO 1000 1200 1400 0 200 400 600 00 1200 1400 200 400 600 800 1000 1200 1400 o J 700 400 600 800 1000 1200 1400
Er (GeV) M [1145] (GeVic?) M [b1by] 1GeV/c ) M [b1bs] (GeV/c?) M [b1ba] (GeV/c?)
=y = o] = ] =von
c © 0.08] c <
g g
W o.05f w w00 W o.025f
Boo H 3 3
oo g Foof Boos
& = 0.4 b E
2o : Zon Zoos
Euo
Z o0 =z =z 0.005}
0,000 200 ADD B00  BOO 1000 1200 1400 o o 700 400 600 800 1000 1200 1400 J 200 400 600 BOO 1000 1200 1400 0.000 250, T80 1000 1250 1500 1750 2000
M [bybs] (GeV/c?) M [bzbs] (GeV/c?) M [bsbs] (GeV/c?) M [b bybsbatit;] (GeV/c?)
FIG. 1. Normalized distributions of the 29 observables mentioned in the text after the preselection cuts.

the background effectively without incurring the large cost
of diminishing the signal cross section as well.*

In addition to purely statistical uncertainties, there could
be systematic uncertainties as well. We compute the sig-
nificance calculation in the presence of systematic uncer-
tainties (computed as x% of the background cross section) as
in Eq. (12) [34,35] denoted as Z. In this formula, S and B
represent the number of signal and background events at a
given instance. We have taken x = 0.1, corresponding to a
10% systematic uncertainty. This quantity has also been
evaluated at the end of all the cut-flow charts obtained in our
study and displayed in Tables II, IV, and V.

B (S + B)(B + A3)
Z= \/5[(S+B)ln[32+(S+B)A%}

2

Aj

AZS

1

In {1 + (12)

4Introducing additional cuts in this example does not help
much, and the significance hovers around the 36—4¢ mark. This
can also be verified later by applying a series of sequential cuts,
selected based on the ranking scheme and the vertical line test
(Table V), which will be explained in the upcoming section.

We note here that statistical significance is calculated either
as 0 = \/SL+_B (as we have done here), or in the limit that
the number of background events is larger than the signal
(which is often the case in particle physics experiments),
as o = %. The connection between this significance with
purely statistical errors, and the one in Eq. (12) with the
systematics accounted for can be understood as follows: in
the limit that there are no systematic uncertainties, i.e.,
Ap = 0, Eq. (12) reduces to Z = v2[(S + B) In(338) — §].
In the limit that S < B, we can expand the logarithm
and see that this reduces to S/ v/B. Thus, the formula
o = S//B is strictly only true if there are no systematic

TABLE II. Cut-flow chart implemented by inspection of the
distributions in Fig. 1.
Nsignal NBG 9 VA

Preselection 677.09 222336 1.433 0.031
PT(b) > 175 615.74 59315 2.515 0.103
PT(b,) > 125 564.61 30644 3.196 0.188
Hr > 600 561.69 29699 3.229 0.188
M(&\,¢5,by,by, b3, by) > 600 55841 29071 3.244 0.191
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uncertainties, and the background cross section is larger than
that of the signal. We have displayed our results both for this
limit (denoted as o) and for the significance estimated in the
more general way including both statistical and systematic
uncertainties (denoted as Z).

Since we defined the objects that calculate significance
and uncertainty, the observables identified as promising
candidates for selection cuts, based on our inspection, are
PT<b1), PT(b2>, HT’ and M(fl, 52, bl’ bz, b3, b4) These
observables exhibit better signal-to-background separation
compared to others. Following the conventional cut-and-
count strategy, we have implemented the set of selection
cuts listed in Table II.

Having set up the premise and the model framework
within which we will work, we now move on to the design
of the algorithm and discuss various aspects of it.

III. DEVELOPMENT OF THE ALGORITHM

The technique we will develop in this Section is a
coalition of a few simple concepts. The first step in any
conventional analysis is to begin by choosing the most
“obvious” variable to put a cut on—oftentimes, this
happens to be one of the p;’s of the jets or leptons. The
subsequent steps might identify more variables that could
aid in the isolation of the signal from the background
usually culminating in a cut on the invariant mass of the
heavy particle whose discovery is sought. While this is by
no means standard, it does form a reasonable representation
of the cut and count method. What we aim to do here is to
optimize this method by answering the following questions
in a quantitative manner:

(1) How does one choose the kinematic variable that

will maximally aid S vs B?

(2) Having identified the variable, how does one choose

the exact cut that will maximally isolate the signal?

(3) How does one continue the process taking care to

ensure the significance increases with every step?

We will begin by introducing relevant quantities of
interest that will simultaneously answer these questions.
We point out at this stage that various experimental groups
already have their own optimization schemes that might
involve, among other things, correlations between different
kinematic observables. Our goal in presenting the present
algorithm is to present something, that would hopefully,
standardize practices between different groups.

A. The area parameter and ranking

As we mentioned, we start our analysis from the
normalized distributions obtained from the MadAnalysis5—
after the preselection cuts mentioned earlier—to initiate
the process of identifying variables. Even though there
are numerous statistical metrics available for evaluating
the separation between two normalized distributions (spe-
cifically, the signal and background distributions in our

case), commonly used in various applications such as
Bhattacharyya Distance [36] and Kullback-Leibler
Divergence [37] among others, we introduce a novel
parameter termed the area parameter (AP). The AP serves
as a metric to quantify the extent of separation between the
signal and background distributions. To compute the AP,
we initially transform the normalized distribution, which is
a probability distribution, into a cumulative distribution
function (CDF). The CDF of a real variable Y is defined as
follows:

Fy(y) =P(Y <), (13)

i.e., the CDF is a measure of the probability that the value
of the variable Y is less than or equal to y. Thus the CDF is,
by definition, a curve that starts from zero and asymptotes
to one, i.e., since the total probability is bounded between 0
and 1, the CDF is a curve whose endpoints are 0 and 1. The
path that connects the endpoints solely depends on the
probability distributions of the observable in question. Of
course, if the signal and background share the exact same
distribution, then their respective CDF curves will overlap,
and any deviation between these curves is attributable to the
difference between the signal and the background as they
pertain to the observable in question. This informs us that
the area enclosed by the region between the CDF curves
of the signal and the background gives a reliable measure
of their separation. Calculating the AP in the occupancy
percentage in the observable canvas is important. The
canvas for the observable starts from the bin with the first
nonzero value and ends in the bin where both signal and
background CDFs converge to one. For example, in Fig. 2,
we display the probability distribution of the pseudorapid-
ity n of one of the leptons for both the signal and the
background on the left and the corresponding CDF on the
right. While the domain assigned to the probability dis-
tribution is —8 to 48, in the calculation of the AP, we only
consider the range where the distribution is nonzero, which
in this case corresponds to —2.55 < 5[¢,] < +2.55. Thus,
even though an overall 100 bins exist between —8 to +8 in
Fig. 2, only 32 of these are effective in discriminating signal
and background. Thus, it is important to redefine the canvas
of the observable before calculating the AP in order not to
underestimate it.

The AP is calculated as the summation of the absolute
difference between the signal CDF curve and the back-
ground CDF curve over all the histogram bins in the
redefined canvas in percentage, i.e.,

final bin . . .
| signal (i) — background (i)
AP = 100, 14
izhé bin Number of effective bins * (14)

where signal (i) and background (i) are the CDF values of
the signal and background curves, respectively, in the
i bin.
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FIG. 2. (Left): The 5[¢,] distribution for the signal and background. (Right): The CDF representation of 5[¢,] observable after

redefining the canvas of the 5[#,] observable before measuring the area parameter by the omitting bins on the left and right beyond
|7] > 2.55. In the inset of the right panel, the x-axis corresponds to the bin index of the redefined canvas.

In the example of 5[¢,] observable distribution in Fig. 2,
the right-hand side plot shows the CDF path of signal and
background in the inset. The AP is the percentage of area
occupied by the shaded region between the signal and
background CDFs and is found to be 0.6704 percent for
this observable. Having thus obtained this metric for all
possible observables listed in Sec. II, our next step is to
rank them based on the obtained AP values. The AP values
obtained for the observables and their respective ranking
over the iterations (this process will be explained shortly)
are given in Table III. It is found that observable distribu-
tion Py(b,) has the highest AP value during the first
iteration, and it is ranked 1. This observable distribution is
thus highly qualified as a discriminant between signal and
background and we can thus impose a cut on this variable.
While this fact is indeed evident even from the normalized

1.0
0.8
—— Signal
—— Background
0.6 T
S 1.04
S
°
[}
0.4 w054 /) |
?
n
5 0.0{£AP=13.0256
0.2 & 50
M (b1b2b3bal1l>) [GeV]
0.0
0 250 500 750 1000 1250 1500 1750
FIG. 3. Representation of the area parameter for the invariant

mass M (b, by, bz, by, ¢,,¢,) observable—the percentage of
area enclosed by the shaded region is found to be 13.0256.

distribution shown in Fig. 1, the AP allows us to quantify
the selection based on a number, which could be more
meaningful in some nontrivial selections, which we will
encounter in the upcoming iterations during which the
signal and background curves start getting closer to each
other. As another example, the AP corresponding to the
observable M (b, b,, b3, by, ¢1,¢,) is calculated and dis-
played in Fig. 3—we can contrast this with Fig. 2 to
understand that this is a much better variable to put a cut on
compared to n[#,]. The AP in both cases is a measure of the
shaded area between the two curves.

Having thus ranked all the observables, we will select
the rank 1 observable for imposing the cut and keep the
remaining observables on hold—those on hold could still
be considered in the subsequent steps. At this juncture, we
need to determine what exactly are the cuts to be imposed
on this variable before moving to the next stage of the
analysis.

B. Vertical line test and the cut choice

The conventional way of imposing cuts on an observable
involves an educated guess based on what the underlying
model is and where one expects the signal and background
to be maximal and then simply looking at the distributions
and deciding based on their shapes. While this process
certainly works, it is not guaranteed that one can identify
the cut (or a set of cuts) that will certainly maximize S vs B.
Herein, we seek to simply extend this method in a
democratic fashion by introducing the vertical line test—
this involves fixing two vertical lines at the ends of the
distribution and scanning the entire parameter space by
changing the positions of these lines while calculating
S/v/S + B for all possible cases by simply counting the
signal and background events between these two vertical
lines. If there are 100 bins in a histogram, then there are
4950 possible configurations of vertical lines to consider
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FIG. 4. \Vertical line test carried over the rank 1 Py(b,)
observable during the first iteration—the suggested selection
cut is shown between the two dashed lines.

and out of these many regions, the one with the highest
significance will be considered the optimal choice. While
this process is certainly more computationally intensive
than simply choosing one cut, it has the advantage that it
can isolate the most interesting region of phase space in
cases where one cannot isolate obvious bumps or other
features in the distributions thus providing a neat handle
on the hunt for new physics. While doing the test, it is
also important to keep a sufficient number of signal
events while focusing on maximum significance—we
have imposed the condition that the number of signal
events should be a minimum of 10.” In the present case,
the observable P;(b,) turns out to have rank one during
Iteration 1, and the suggestion from the optimization
method is to apply a selection cut on the region between
the vertical lines at 130 and 990—this is displayed in
Fig. 4. Having thus imposed a cut on this kinematic
variable, we will drop it from further analysis—as can be
seen from Table III, P;(b,) has served its purpose at the
stage of the first iteration.

Given that one would typically need multiple cuts on the
events to isolate the signal from the background to effect a
discovery process, the next step is to continue this process.
Herein, one needs to address the question raised in the
introduction to this article: in general, cutting portions of
phase space will affect the distributions of the other
kinematic variables as well and one needs to be cognizant
of the fact that decisions on suitable cuts of these variables
based on the shapes of original distributions might not be
optimal anymore.6 While a detailed study of the correla-
tions between all possible observables is beyond the scope

>This number can, of course be modified depending on the
nature of the phenomenological search.

®We stress here that these cuts might still work, i.e., they might
further refine the S/+/B, however our point here is that they might
not necessarily be the optimal ones to choose.

of this article, we adopt the simple solution of recalculating
the distributions and the associated AP of all the variables
after the first cut has been imposed. This is reflected in the
column “Iteration 2” in Table III for the example at hand.
It is seen from that table that the variable exhibiting the
next highest degree of separation as dictated by the area
parameter is Py (b3). We then run the vertical line test for
this observable and design a suitable cut on it. In the next
Section, we summarize the methodology of this iterative
process.

C. Iterations and the cut-flow chart

Having thus imposed a cut on the second observable, our
significance is likely to change. While we could simply
progress to the next step, herein we introduce a choice: the
decision on whether or not to include this observable in
our phenomenological studies depends on how much the
significance has changed. If, for example, the significance
comes down, this step is not of much use. If the significance
does increase but not by a lot, we again have the freedom
to either use or disregard this observable. In this work,
we follow the (admittedly subjective) criterion that if
the significance at any particular step, say o(k), is greater
than the previous step o(k—1) by 0.10, ie., if
o(k) > o(k—1) +0.100, then that particular selection
cut is accepted and we drop that observable from further
analysis. This condition is adaptive to the analysis of our
interest. In general, the condition can be formulated as
o(k) > o(k — 1) + Ac. This condition is imposed to ensure
a bare minimum improvement in each step of the algorithm
for faster convergence toward a 5¢ discovery potential. For
this analysis, we have taken Ac = 0.10 and applied a
selection cut based on the satisfaction of this condition.
Any other value could have been chosen—however, there is
a risk that the algorithm may get stuck if none of the
observables in the ranking order provide a selection cut
suggestion that satisfies the bare minimum condition if it is
chosen too high. In such a scenario, it is adaptive to choose
a lower value of Ao to continue the progression of the
methodology. In addition, we also require that if 6(k) > 5S¢
for any k, the analysis stops at that point as the desired
significance is reached (we call this the lower limiting
condition or the LL condition in what follows).

If, on the other hand, the significance at step k is such
that o(k) < o(k— 1) 4+ 0.10, then we conclude that the
significance has not improved much from the suggested
cut from the vertical line test and so we keep that
particular observable on hold (as it might well become
important down the line in the analysis). We then proceed
with the analysis picking the next variable with the
highest AP. To understand the algorithm visually, it might
be useful to represent the methodology as a flowchart that
summarizes it in its entirety—this is shown in Fig. 5. The
different components in the flowchart are magnified
in Fig. 6.
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FIG. 6. Three important components in the flowchart.

Pulse Switch (PS)

Below, we summarize the features of this flowchart as a
way to recap the essential features of the proposed algorithm.

ey

@

The generated signal and background events (after
the imposition of the preselection cuts) are fed into
MadAnalysis5 and the distributions of the various
kinematic observables are obtained.

The area parameter is computed for all observables
and used to rank them accordingly. The top-ranked
observable is then passed to the vertical line test
stage, which determines the optimal cut to maximize
the significance, subject to the constraint that the
signal yield does not drop by more than 20%
compared to the previous iteration. A condition is

N5 % 100 < 20, where

AN(s) denotes the reduction in the signal yield
relative to the current signal yield N(s).

imposed such that AS =

2y

Flowchart representation of the proposed algorithm.

3

“

&)

(6)
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Observable hold: This representation showcases
where we hold the remaining observable distribu-
tions for future iterations.

If, after the imposition of the cut, enough signal
events remain (N, > 10) and if an improvement in
significance is obtained, the cut is accepted and the
observable is dropped from further consideration. In
addition, if after this cut, we satisfy the LL condition
(i.e., significance becomes 5¢ or higher), the process
terminates.

If, after the imposition of the cut the LL condition is
not satisfied, we pass on to the collector connector
(CC): It takes the observable distributions from the
hold and pushes it to the next step. Once a proper
instruction (indicated by an arrow) hits the CC, it
will collect all the observable distribution sets from
the hold connected to it and then recalculate all the
distributions using MadAnalysis5, calculate the AP, and
then sort the observables as explained previously.
Pulse switch: This is an instantaneous switch that
triggers the execution of an instruction when a
specific condition is met (typically an “if” condition
in the program to check the minimum significance
criterion). Otherwise, it remains inactive. Specifi-
cally, if it turns out that o(k) < o(k — 1) + 0.10,
then that particular observable will be sent to hold,
and a pulse will activate the switch, which is
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FIG. 7. Cut flow suggestions from each iteration as dictated by the vertical line test.
connected to another hold with remaining variables. at each iteration are shown in Fig. 7 and the final cut-
This action will make all the remaining observables flow chart is shown in Table IV.
in the hold go through the sorting based on ranking, At first glance, our proposed methodology may appear
followed by optimization via vertical line test on the  similar to the BDT approach. However, BDTs are ensem-
rank-1 observable. ble-based algorithms designed primarily for classification
(7) The same steps continue until we either run out of  tasks and rely on data-driven training procedures. In

observables for ranking or when the LL conditions
are satisfied, i.e., the significance improved beyond
56. The suggested cuts on following the algorithm

"This particular scenario was encountered in Iteration 12 in our
example.

Here, a 5o significance was already achieved at Iteration 8.
However, we proceeded with a few additional iterations to allow
for further optimization, thereby demonstrating the robustness
and effectiveness of the approach. While it would have been
reasonable to stop at that point, we continued in order to study the
performance trend over successive iterations.

contrast, the proposed methodology is a guided optimiza-
tion technique that yields interpretable outputs, corres-
ponding to meaningful physical constraints. A detailed
clarification highlighting the distinction between the pro-
posed approach and BDTs is provided in Appendix A 1 of
the Appendix.

At this point, it would be reasonable to ask if an iterative
process is indeed needed, and whether one can just use the
AP designed initially and rank the variables and put in cuts
as suggested by the vertical line test. This would certainly
be computationally less extensive. In Table V, we display

095020-11
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TABLE IV. Final cut-flow chart from the analysis as dictated by the algorithm.

Rank Nignal N o Ac Accepted Z
Initial 677.09 222336  1.433 0.030
I-1 1 130 < PT(b,) < 680 579.95 36746 3.002 1.569 v 0.157
I-2 1 80 < PT(b3) > 420 514.58 21859 3.440 0.438 v 0.233
I3 1 40 < PT(by) < 360 45797 15212 3.659 0.219 v 0.297
14 1 640 < M(¢,¢,b,b,b,b) < 1380  413.78 10771 3913  0.254 v 0.378
I-5 1 200 < PT(b;) < 570 359.48 6502.6 4340 0.427 v 0.539
I-6 1 0< Er <140 318.02 4284.8 4.688 0.348 v 0.716
I-7 1 0 < PT(¢,) < 150 311.49 3689.2 4925 0.237 v 0.811
I-8 1 0.7700 < AR(b,, b3) < 2.5900 250.61 2118.5 5.149 0.224 v 1.114
19 1 225 < M(b,bs) < 435 204.15 12589 5337 0.188 v 1.486
I-10 1 195 < M(b,b,) < 465 178.30 766.4 5801 0.464 v 2.046
I-11 1 105 < M(byby) < 690 167.38 6174 5975 0.174 v 2.330

I-12 1 0.8400 < AR(by, by) < 3.8150 167.38 6174 5975 0.0 X e
I-12 2 270 < M(byb3) < 735 152.44 402.8 6.469 0.494 4 3.065

TABLE V. Cut-flow chart for the same process following a sophisticated conventional cut and count method—we
simply choose the observables that can best alienate the signal from background (BG) from the ranking scheme and
apply cuts in a sequential fashion using a vertical line test.

Nsignal NBG o zZ

Initial 677.09 222336 1.433 0.030
R-1 130 < PT(b,) < 680 579.95 36746 3.002 0.157
R-2 70 < PT(bs) > 420 537.22 24868 3.370 0.214
R-3 720 < Hy < 2000 484.63 20374 3.356 0.235
R-4 190 < PT(b;) < 700 457.24 15799 3.586 0.286
R-5 315 < M(by,b,y) < 1275 432.41 13631 3.646 0.310
R-6 30 < PT(b,) < 360 411.59 11779 3.728 0.344
R-7 700 < M(¢,¢,b,b,b,b) < 1740 402.83 10470 3.863 0.378
R-8 240 < M(by, b3) < 900 377.26 8654.6 3.970 0.427
R-9 180 < M(b,, b3) < 630 344.36 6531.7 4.153 0.514
R-10 180 < M(by, by) < 690 312.84 4707.8 4.415 0.644
R-11 120 < M(b,, by) < 975 284.21 3889.9 4.399 0.705
R-12 75 < M(bs, by) < 675 269.38 33259 4.493 0.778

the cut-flow chart after applying the cuts suggested by the
vertical lines test to the top 12 ranked variables from the
first iteration. It is evident that the desired level of
significance or effective rejection of background events
has not yet been achieved (while simultaneously maintain-
ing the essential conservation of the signal events). In
contrast, using the iterative method clearly demonstrates
significant improvements in the analysis, facilitating both
signal conservation and background rejection concurrently
as shown in Table I'V. The main reason for the superiority of
the cut-flow chart shown in Table IV, which is obtained
from the algorithm, is that at each iteration, MadAnalysis5
takes into account the distributions of every observable that
is modified due to an imposed threshold or selection cut
on a particular observable suggested at that point in the
iteration. Thus, MadAnalysis5 reconsiders the correlation of

observables at each step,9 recalculates distributions, and
adjusts for the effects of the imposed cuts. On the other
hand, Table V, although it considers the most important
observables at the start of the first iteration, cannot account
for the correlations among observables. As a result, many

°The evolution of variable ranking is decided by the interplay
between signal and background distributions under repeated
choices, rather than pairwise correlations. Although correlations
show statistical relationships between observables, their effects
vary for signal and background samples and their subsequent
values are also calculated after the optimization decision made by
the finding significance S/+/S + B. As a result, the discriminat-
ing power of an observable can only be determined after earlier
cuts have reshaped the accessible phase space, making ranking
evolution intrinsically nonlinear. Appendix A 1 includes Pearson
correlation matrices for completeness.
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FIG. 8. Comparison of the improvement in significance

between the conventional cut-and-count method applied sequen-
tially to the top-ranked observables (Table V) and the optimized
cut-and-count results obtained via the designed algorithm
(Table 1V).

of the subsequent cuts either become redundant or neg-
atively affect the significance. On comparing Table IV,
which presents the final cut-flow chart obtained from the
algorithm, with Table V, which follows a sophisticated
conventional cut-and-count approach, the improvement in
significance over iterations demonstrates that the cut-and-
count scheme applied by the algorithm is far superior. It is
found that a 56 discovery potential is achievable by
following the algorithm, whereas the significance of the
conventional method hovers around 4. A graphical rep-
resentation of this comparison is provided in Fig. 8.
Additionally, an important revelation from the method-
ology discussed is that, during the initial iteration, the
observable F; was positioned at the 26th out of 29 obser-
vables, marking its status as one of the least preferred
observables that is to be selected for vertical line test. This

Iteration 1

Iteration 2

aligns with its low preference in the first intuition within a
conventional cut and count methodology. As illustrated in
Table I1I, the rank of £ based on AP improves with each
iteration, and in its selection eventually as the top-ranked
observable in the sixth iteration. Subsequently, the vertical
line test was applied to propose a selection cut. This
exemplifies how constraining one observable can impact
the other observables. The selection cuts preceding £ have
exhibited positive effects, leading to incremental improve-
ments in its rank based on AP at each step. The evolution
of observable F; across iterations is detailed in Fig. 9,
highlighting its constraint by the vertical line test in the
sixth iteration—an achievement not attainable in a typical
conventional cut-based study.

IV. BDT ANALYSIS

One machine learning algorithm that has been quite
similar to the intended method is BDT. In contrast to BDT,
which is nonlinear by construction and interpretability
using the physical observables is opaque, the optimization
schema of the designed algorithm has been driven by the
argmax(ﬁ), the significance formula and the cut flow

suggestions themselves are linear in fashion, where one cut
follows another. Although it is challenging to provide an
interpretability in terms of physical observables for such a
BDT method, we attempt to compare our approach in this
part by doing the analysis using BDT. However, the BDT’s
individual components are a collection of several weak
decision trees, which are then combined using a technique
known as boosting to create a powerful classifier.
Therefore, we will demonstrate a first single decision tree
up to layer 4 in order to determine whether BDT is learning
similar characteristics learned by such an algorithm. After
that, we will use an adaptive boost approach to improve the
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FIG. 9. Evolution of the normalized [ distribution from Iteration 1 to Iteration 6, illustrating how the observable gradually becomes
more effective in distinguishing signal from background, thereby emerging as a promising candidate for cut-based selection.
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classifier. The step by step implementation and further
details are as follows.

A. Preparation of the dataset for the BDT analysis

The tools and framework described in Sec. I were utilized
to produce the signal and background events needed for the
analysis. To minimize the phase space and limit background
contribution, the data were extracted using a set of baseline
selection criteria. The event selection requirement is the
same as it was prior to the algorithm’s implementation.
Based on the signal’s final state, we imposed number cuts as
Ny,>1 and N, >3 with AR>0.4 for all jet and lepton
combinations and the event by event data are recorded for all
29 observables described in Sec. II. The background and
signal samples were merged into a single dataset to create the
final labeled dataset for training the model. The dataset was
constructed by taking into account their respective production
cross sections and scaled event yields. The relative fractions
were determined accordingly, and events were randomly
sampled from each background dataset in these proportions.
This ensures that the combined background sample faithfully
represents the expected physical composition of the total SM
background. The dataset was randomly separated into train-
ing and testing subsamples, which accounted for 80% and
20% of the total occurrences, respectively.

In order to gain a better understanding of the data, we
calculated the Pearson linear correlation coefficient matrix,

which is p = W The expectation value and standard

deviation of x are ()5) and o, respectively, and are calculated
independently for the signal and background samples. The
results are shown in Appendix A 1 (see, Fig. 12).

B. Decision tree and BDT analysis setup and results

1. Single decision tree analysis

To investigate the discriminating capacity and produce
an interpretable multivariate selection, a single DT is
initially trained. The SCIKIT-LEARN framework was used
to create the classifier, and the Gini impurity criteria [24]
for node splitting was used for training. The tree was
limited to four levels of maximum depth in order to prevent
overfitting and maintain interpretability. The purpose of
demonstrating this particular DT was to investigate the
learning process of the kinematic variable in relation to the
algorithm that was devised. Figure 10 represents the DT
that was trained using the dataset. Every DT node shows a
number of information that describe the classification
process. At the top of each node is a threshold applied
to a particular observable, followed by a quantity labeled
gini, which stands for the Gini impurity. This quantifies the
degree of mixing between signal and background events
in that node; a lower value indicates greater purity. The
percentage of events that reach that node following further
choices is indicated by the entrance samples. The dominant

Decision Tree (Top 3 Levels, max depth = 4)

pP <= 140.43
gini = 0.38
samples = 100.0%
value = [0.26, 0.74]
class = Background

True

Map+ 2t <= 1061.4
gini = 0.41
samples = 8.3%
value = [0.29, 0.71]
class = Background

/

False

pb <= 52.52
gini = 0.48
samples = 35.0%

value = [0.6, 0.4]
pP <=217.17

class = Signal
gini = 0.48

Map + 21 <= 1379.68
samples = 13.6%

gini = 0.4
samples = 21.3%
value = [0.39, 0.61]
class = Background

value = [0.73, 0.27]

pb <=67.03
gini = 0.46
samples = 6.6%
value = [0.35, 0.65]
class = Background

class = Signal
p¥ <=110.13

gini = 0.41 / \

samples = 9.2%
value = [0.29, 0.71]

class = Background

Myp + 20 <= 1450.81
gini = 0.48
samples = 4.4%
value = [0.6, 0.4]
class = Signal

Episs <= 175.14
gini = 0.33
samples = 17.9%
value = [0.79, 0.21]
class = Signal

pP <= 251.94
gini = 0.48
samples = 3.5%
value = [0.41, 0.59]
class = Background

.

Y

FIG. 10. Visualization of the trained decision tree classifier with a maximum depth of four. Each node corresponds to a kinematic
selection, and the color shading represents the relative purity of signal and background events. The structure illustrates how the
algorithm hierarchically separates the two classes using the most discriminating observables.
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FIG. 11.
(right).

class assigned to that node is indicated by the class label,
while the value field displays the relative proportions of
signal and background events. Together, these elements
provide an interpretable representation of how the classifier
learns a hierarchical sequence of kinematic selections to
discriminate between signal and background.

2. Boosted decision tree analysis

To enhance discrimination beyond a single DT classi-
fier, a BDT algorithm based on the AdaBoost method [38]
was used. In contrast to a single tree, which depends on a
single hierarchical series of kinematic choices, the BDT
builds a more reliable and stable classifier by combining
an ensemble of weak decision trees. By iteratively re-
weighting incorrectly categorized events and concentrat-
ing on challenging-to-classify areas of phase space, this
method improves the separation between signal and
background. Decision trees with a maximum depth of 3
were used as weak learners in the construction of the
BDT. The classifier is checked for overfitting using the
p value of the Kolmogorov-Smirnov (KS) test, which
compares the BDT response curves for the training and
testing subsamples. Additionally, unlike by employing the
receiver-operator-characteristics curve, which quantifies
the BDT performance, we attempt to interpret it using the
variation of discovery significance as a function of BDT
response. The ensemble consisted of 100 trees and was
trained with a learning rate of 0.1. Figure 11 displays the
BDT response curve for the training and testing subsam-
ples as well as the discovery significance as a function of
the BDT response.

3. Comparative insights

We find a clear correspondence between the variables
selected by the trained DT (Sec. IVB 1) and those
identified by our iterative cut-based algorithm. In particular,

T T T T T T
14~ -

12 B

-
o
T
1

©
T
1

Discovery significance

1 1 1 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0

BDT response

BDT response curve for the training and testing samples (left) and discovery significance as a function of the BDT response

the observables selected by our algorithm in the first three
iterations, namely pg(b,), pr(b3), and py(by), appear
already within the first two layers of the trained decision
tree, as shown in Fig. 10. Proceeding to deeper layers of the
tree, additional observables such as My, », and pr(b;)
emerge, which correspond precisely to the variables sug-
gested by our algorithm in iterations four and five. At the
next layer, the tree introduces F7 and p7(¢;), which align
with the variables identified in iterations six and seven of
our method. This striking agreement demonstrates that the
hierarchical structure learned by the decision tree mirrors
the linear, step-by-step ranking produced by our transparent
optimization algorithm, indicating that both approaches
are sensitive to similar underlying physical features of the
signal. Also, a full BDT analysis is performed using the
AdaBoost method, in which the classifier is constructed as
an ensemble of weak decision trees. Using appropriately
chosen BDT hyperparameters (as detailed in Sec. IV B 2),
we evaluate the discovery significance as a function of
the BDT response. We find that the BDT achieves a
higher signal significance compared to the purely cut-based
algorithm presented. While the proposed algorithm does
not reach the performance of sophisticated machine-
learning techniques, it significantly outperforms the
conventional cut-and-count approach while preserving
interpretability, thereby providing a meaningful addition
to existing analysis strategies.

V. DISCUSSION AND CONCLUSION

Particle physics is in the midst of an exciting time—
while the searches at the LHC for hints of BSM physics
have not borne fruit thus far, it is nevertheless a very
interesting question to ask how much and how far one
could probe models with more refined and sophisticated
techniques in order to help discover the expected new TeV
scale physics. While the ML and other computational

095020-15



COLEPPA, KRISHNA, SARKAR, and SHIL

PHYS. REV. D 113, 095020 (2026)

techniques are apt for this purpose, our motivation here is
slightly different—the traditional cut and count method of
doing phenomenological analysis has been enormously
successful and has stood the test of time thus far. Thus, it
is interesting to ask if one could keep the spirit of this
approach while trying to optimize this strategy for better
results. This can also yield results that are phenomeno-
logically interpretable, unlike deep neural networks,
which cannot explain why their parameters can perfectly
execute the assigned task, leading to what we refer to as
the black-box nature.

In this spirit, we demonstrated in this paper that one
could use a cut-based strategy to uncover new physics but
with a more systematic and streamlined approach. Our
analysis starts by ranking all observables associated with
any given new physics process on the basis of the newly
introduced area parameter—a metric that looks for maxi-
mum signal-background separation. Having ranked the
observables, we employ the vertical line test to systemati-
cally isolate the region of phase space that yields the
maximum significance. The process is then iterated over
the other observables yielding a final significance that can
supercede the one obtained by conventional techniques.

In our analysis, we considered a process featuring a pair
of charged Higgs particles decaying into WTW~, accom-
panied by a pair of two pseudoscalar particles undergoing
subsequent decays into bb. This results in a final state
topology that is rather complex and challenging, thus
providing an excellent platform for evaluating the effec-
tiveness of the proposed algorithm. Contrasted with the
traditional cut-and-count method, we demonstrated that our
current algorithm performs significantly better in terms of
isolating the signal from the background, giving us a
significance of more than 5¢ while the traditional cut
and count methodology for this same final state yields only
around 4¢. However, this does come at a price—it entails a
notably higher level of computational complexity and thus,
total computational time. This increased complexity stems
primarily from the dynamic nature of observable rankings,
which change with each iteration as we isolate different
regions of phase space. As a consequence, the background
execution of MadAnalysis5 is necessary to compute the CDFs

related to the observables after each iteration. Nonetheless,
we expect that this might be less important than achieving a
superior searching technique, particularly for new physics
signals that might involve complicated final states.

We also conducted a comparative study of the designed
algorithm with the single DT and BDT and found that both
strategies are sensitive to the same set of observables
identified for optimizing signal-background discrimination
on performing a thorough BDT analysis using the
AdaBoost approach, which builds the classifier as an
ensemble of weak decision trees. The discovery signifi-
cance was evaluated as a function of the BDT response.
We find that the BDT achieves a higher signal significance
compared to the purely cut-based algorithm presented.
While the suggested algorithm does not equal the perfor-
mance of more advanced machine-learning approaches, it
greatly outperforms the traditional cut-and-count strategy
while retaining interpretability, thereby providing a mean-
ingful addition to existing analysis strategies.
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FIG. 12. Correlation matrix (in %) of the input kinematic variables for the signal sample (left) and background samples (right) used in
the BDT training.
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