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The study of heavy-flavor hadrons is topical in the era of precision measurements, which is useful to test
theories based on pQCD. The heavy-flavor hadrons are produced initially during heavy-ion or hadronic
collisions and are one of the best probes to understand the initial stages of the collisions as well as the system
evolution. In experiments, the heavy-flavor sectors are studied directly via their decay to different hadrons or
di-leptons or via their semileptonic decay, which is accompanied by additional neutrinos. However, their
measurement in experiments is resource intensive and requires input from different Monte Carlo event
generators. In this study, we provide an independent method based on machine learning algorithms to
separate such leptons coming from heavy-flavor semileptonic decays.We use PYTHIA8 to generate events for
this study, which gives a good qualitative and quantitative description of heavy-flavor production in pp
collisions. We use the XGBoost model for this study, which is trained with pp collisions at

ffiffiffi

s
p ¼ 13.6 TeV.

We use DCAxy, DCAZ, and pseudorapidity as the input features to the machine. The ML model provides an
accuracy of 98% for heavy-flavor decay electrons and almost 100% for heavy-flavor decay muons.

DOI: 10.1103/qpmc-gtmt

I. INTRODUCTION

In an attempt to explore and understand the elementary
building blocks of the universe, ultrarelativistic heavy ions
are collided at facilities like the Large Hadron Collider
(LHC) at CERN and the Relativistic Heavy-Ion Collider
(RHIC) at BNL. These collisions allow us to access a
deconfined and thermalized matter of quarks and gluons,
namely, the quark gluon plasma (QGP). However, this
transient state of matter cannot be detected directly as the
produced partons hadronize within the timescale of
10−23 sec. We often make use of probes, such as heavy-
flavor hadrons consisting of heavy quarks (HQs), to
understand the interactions within the deconfined medium.
The heavy quarks are produced in the initial hard scattering,
and their study can act as a good testing ground for
perturbative quantum chromodynamics (pQCD). These
HQs traverse the whole deconfined medium to form
open-heavy flavor hadrons (or quarkonium states) at the
deconfinement phase boundary. This makes them an

excellent probe for studying the deconfined medium and
understanding the dynamics of the hadronic phase.
In experiments, to understand the production mechanism

of heavy-flavor hadrons, the self-normalized yield of the
heavy-flavor hadron is studied as a function of self-normal-
ized charged particle multiplicity. This offers valuable
insights into the underlying partonic dynamics and the
interplay between hard and soft processes involved in
particle production. In experiments, for pp and p − Pb
collision, self-normalized yields of J=ψ [1–4],Dmeson [5],
and ϒðnSÞ [6] have been estimated at different center of
mass energies. Moreover, the angular correlation between
heavy flavor hadrons and charged particles has been studied
in experiments, as it is sensitive to the productionmechanism
and hadronization of heavy quarks [7]. In principle, the near-
side peak is due to fragmentation of the same parton
that produced the trigger particle. However, the away-side
peak is induceddue to the fragmentation of the other partons.
The azimuthal correlation of prompt Dmesonswith charged
particles has been studied at ALICE Collaboration [8,9] for
pp collisions at

ffiffiffi

s
p ¼ 13 TeV and for pp and p − Pb

collisions at
ffiffiffiffiffiffiffiffi

sNN
p ¼ 5.02 TeV, respectively.

Although these studies are often done via hadronic
decays of the D meson. The open-heavy flavors (B and
D) hadrons often decay via a semileptonic channel,
B;D → l� þ νl þ X, with a branching ratio of 0.11 [10].
These semileptonic decays cannot be reconstructed due to
the neutrino carrying some of the parent’s momentum.
Hence, the preferred way of measuring these heavy-flavor
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decay leptons is to subtract the non-heavy-flavor leptons
from the inclusive lepton spectra [11–16]. Owing to the
large cross section, this decay channel is widely explored in
experiments to study heavy-flavor hadrons. The heavy-
flavor decay electrons are used in studying the momentum
anisotropy in experiments like STAR and ALICE across
various center-of-mass energies, from

ffiffiffiffiffiffiffiffi

sNN
p ¼ 39 GeV

Au-Au collisions in STAR to
ffiffiffiffiffiffiffiffi

sNN
p ¼ 5.02 TeV Pb-Pb

collisions in ALICE [11–13]. Moreover, recently, produc-
tion and nuclear modification factor of heavy flavor decay
leptons have been estimated in ALICE [14–17]. However,
most of the experimental measurements of heavy-flavor
decay electrons heavily rely on the input from the
Monte Carlo models. Moreover, a track-level identification
of heavy-flavor decay leptons using the traditional methods
is not feasible.
On the other hand, machine learning techniques have

been employed in high-energy physics for several decades
[18,19]. They have been successfully applied to a wide
range of studies, including jet measurements and tagging
[20–23], particle reconstruction [24–26], event shape esti-
mation [27–30], impact parameter estimation [30–32],
and the measurement of flow coefficients [33–35].
Furthermore, ML algorithms have been successfully
applied in designing beam-pipe materials in particle accel-
erators [36]. More recently, classification algorithms have
been effectively used to distinguish prompt and nonprompt
charmed hadrons, like J=ψ at forward and midrapidity [37],
D0 meson [38], and λc baryon [39]. These studies show the
capability of machine learning models to study the heavy-
flavor sector of particle production, with track-level iden-
tification of particle species and an independent way of
separating them from the background particles.
In this paper, we attempt to separate the heavy flavor

decay leptons from the inclusive lepton sample. We use a
classification algorithm, specifically, the gradient boosting
technique XGBoost, known for its high accuracy and
efficiency. We primarily take advantage of the displaced
distance of closest approach (DCA) for weakly decaying
heavy-flavor decay leptons. Along with DCA, in the XY
plane (DCAxy) and along the z-direction (DCAZ), we use
the pseudorapidity of the leptons as well. Topological
features such as DCA and decay length can be of great
importance in separating daughter particles decaying via
weak interaction. As a proof of concept, this study is
performed using PYTHIA8-generated events, which offer a
better handling and control of the pp collisions with track-
level truth information. It is ideal for evaluating the
efficiency of the machine learning algorithm under ideal
conditions. Furthermore, we estimate the self-normalized
yield and azimuthal correlation and compare the results
obtained from PYTHIA8 and XGBoost prediction. This com-
parison allows us to evaluate the model’s ability to
reproduce physics observables when trained with
track-level truth information. We train the model for

pp collisions at
ffiffiffi

s
p ¼ 13 TeV and test the XGB model

for different center of mass energies, such as 900 GeV and
7 TeV. In Sec. II, we discuss the methodology of this work
and along with details of the machine learning algorithm.
Section III presents the results and discussion, and finally,
in Sec. IV, we conclude our work.

II. METHODOLOGY

This section presents a brief introduction to PYTHIA8 and
XGBoost algorithms. Moreover, we discuss the background
sources for the electrons and the training datasets.

A. PYTHIA8

PYTHIA8 is a Monte Carlo event generator used to
simulate leptonic, hadronic, and heavy-ion collisions.
PYTHIA8 was developed as a significant upgrade over
PYTHIA6, with improved tuning to the LHC data [40].
We have generated around 109 events of proton-proton
collisions at the center-of-mass energy of 13 TeV. To
mimic an experimentlike environment, the Beams:
allowVertexSpread = on is set so that the vertex
of two colliding beams would follow a normal distribution
and not the origin instead. And to limit it, we used Beams:
maxDevVertex=5 such that the maximum total
deviation of the vertex from the origin is restricted. The
ColourReconnection:reconnect=on is set to
allow a system to be merged with the other one, and the
mode is set as ColourReconnection:mode=2 such
that the calculations follow the gluon move model. The
tune 4C is used as Tune:pp=5 as it best aligns with the
experimental results so far. Also, HardQCD:all=on is a
switch for all hard QCD 2 → 2 processes. [41].

B. Machine learning model

Decision trees are versatile supervised learning models
used for both classification and regression problems. It
works by recursively partitioning the data based on specific
conditions that aim to best separate the classes. These trees
can be understood structurally, as they resemble inverted
trees with the root node representing the entire unclassified
data. Meanwhile, the branches denote progressively clas-
sified subsets. A node that cannot be further split is taken as
a pure node and termed as leafnode. The criteria often used
to determine the splitting conditions include metrics such as
entropy and information gain. A widely used method to
combine such weak learners (shallow decision trees) is
termed the gradient boosting algorithm. One such algo-
rithm is the eXtreme gradient boosting (XGBoost or XGB)

algorithm, which incorporates regularization and parallel
tree construction to achieve high predictive performance
and computational scalability. The details of model param-
eters can be found in Refs. [42,43]. XGB is shown to be
quite robust to identify different topologically produced
heavy-flavor hadrons such as J=ψ and D0 mesons from the
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combinatorial background as discussed in Refs. [37,38]
with minimal hyperparameter tuning.

C. Training dataset

In this study, we attempt to separate the heavy flavor
decay leptons from the total background. The background
comprises the particle contributions from the following
processes [14]:
(1) Photon conversions of the leptons, including Drell-

Yan processes: (γγ → lþl−)
(2) Decays of light flavor hadrons: (Ke3; η; ρ;ω;Λ;Σ;ϕ)
(3) Dalitz decays: (η → γlþl−)
(4) Decay of quarkonia into leptons: (J=ψ → lþl−)
We select events having z component of the production

vertex, jVzj ≤ 100.0, to avoid extreme deviation from the
origin in an actual experimental setup. We keep the
midrapidity window jyj < 0.8 for electrons and forward
rapidity region 2.5 < y < 4.0 for muons to match the
experimental cuts as in ALICE. PYTHIA8 allows us to
check the mother particles of the final state leptons, thus
enabling us to tag the heavy flavor decay leptons and the
background separately. We make use of this tag in the later
stages of training the machine-learning algorithms.
Primarily, we aim to separate the electrons (or muons),

decaying from heavy-flavor hadrons, from the background.
For this purpose, we use the distance of closest approach
(DCAxy and DCAZ) and pseudorapidity in different pT of
the leptons as the parameter space. The distance of closest
approach is defined here as [44],

DCAxy ¼ jL⃗xyj · sin θ; ð1Þ

DCAZ ¼ jL⃗zj · sin θ; ð2Þ

where L⃗ is the vector representing the distance from the
primary vertex to the decay vertex of the electron, while θ,
is the angle between L⃗ and the momentum vector p⃗ of the
electron. Here, jL⃗xyj represents the projection of L⃗ in the

XY plane and jL⃗zj is the component in the Z direction. A
pictorial representation of decay topology of the heavy
flavor decay electrons is shown in Fig. 1. The distribution
of DCAXY and DCAZ for electrons and muons from
PYTHIA8 is shown in Figs. 13 and 14, respectively, in
Appendix B. A detailed calculation of L⃗ can be found
in Ref. [37].
In our study, we encounter a very high-class imbalance

along with a limited feature space. The class imbalance
stems from the fact that the production of heavy-flavor
decay electrons (HFE) and heavy-flavor decay muons
(HFM) is much less than that of their light-flavor counter-
parts. Thus, the leptons coming from the heavy-flavor
decay are comparatively very small. This results in a huge
class imbalance between the leptons coming from heavy
and light flavors. To overcome this, we use oversampling

techniques such as synthetic minority over-sampling tech-
nique (SMOTE), choose appropriate hyperparameters, and
train the model for the different pT bins. The performance
of oversampling using SMOTE is shown in Figs. 15 and 16
in the Appendix C. Training the modelpT binwise allows us
to carefully optimize the XGBmodel for differentpT regions.
This is due to the difference in the contribution from the light
and heavy flavor sectors throughout the whole pT range.
Additionally,weobserve that the contribution from the light-
flavor sector is maximum in the low pT region.
Moreover, to determine the architecture of the ML

model, it is crucial to choose appropriate hyperparameters
to achieve optimal results. To evaluate the performance of
the XGB model, we make use of metrics such as precision,
recall, and F1 score. Precision can be understood as the
fraction of selected leptons that truly come from heavy-
flavor decays, i.e., Precision ¼ TP=ðTPþ FPÞ, where TP
(true positives) is the number of correctly identified heavy-
flavor decay leptons, and FP (false positives) is the number
of leptons incorrectly identified as heavy flavor.
Furthermore, recall is the fraction of all heavy-flavor decay
leptons present in the data that are successfully identified,
i.e., recall ¼ TP=ðTPþ FNÞ, where FN (false negatives) is
the number of heavy-flavor decay leptons that were missed
by the identification. Additionally, the F1 score is a single
metric that balances both precision and recall, defined as
their harmonic mean, i.e., F1 ¼ 2 × Precision×Recall

PrecisionþRecall. Since our
goal is to maximize precision (to reduce the misidentifica-
tion) and recall (to lower the misidentification of true heavy-
flavor decay leptons), we take the F1 score as our target.
However, there are various ways to tune the hyperpara-
meters; we used Bayesian optimization. It uses a probabi-
listic model to efficiently search the hyperparameter space
based on prior evaluations. Compared to exhaustive methods
like grid search, Bayesian optimization is significantly more
efficient in terms of computation and time.
The tuned hyperparameters are as follows,
(i) n_estimators: It assigns the number of decision trees

(or weak learners). Increasing this generally im-
proves performance, but beyond a point, it can cause
overfitting.

FIG. 1. Diagram representing the production topology of heavy
flavor decay electrons.
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(ii) learning_rate: It controls how quickly the model
adapts during training. A high learning rate may lead
to underfitting, while a very low one increases
training time and the risk of overfitting.

(iii) max_depth: Determines the maximum depth of each
decision tree, i.e., the distance between the root and
the leaf node, which affects its complexity. Deeper
trees can model more intricate patterns, but are also
more prone to overfitting and computationally ex-
pensive.

(iv) scale_pos_weight: Adjusts the penalty for misclas-
sifying the minority class, typically set based on the
ratio of majority to minority class samples to address
class imbalance.

Beyond this point in the text, for clarity, we use the
acronyms HFE for heavy-flavor decay electrons and
LFE for light-flavor decay electrons. Similarly, we use
HFM and LFM for heavy-flavor and light-flavor decay
muons, respectively.

D. Quality assurance

In this section, we perform a quality assurance check to
ensure the reliability of the input parameter space and the

performance of the machine learning models. We plot the
correlation matrix in Fig. 2 to better understand the inter-
play between the input parameters. It showcases the
Pearson correlation between the pair of two input param-
eters. A strong correlation indicates a redundancy in the
parameter space, which in turn may affect the model’s
performance. In Fig. 2, the left panel shows the correlation
among the input parameters for electrons. We observe no
strong correlation among the input parameters. In the right
panel of Fig. 2, we plot the correlation in the parameter
space for the muons. Here, we observe a negative corre-
lation between DCAxy and DCAZ. This negative correla-
tion exists for muons and is absent for electrons due to the
rapidity window of the muons. We consider the muons
detected in the forward rapidity window of 2.5 < y < 4,
which in turn generates a correlation between DCAxy and
DCAZ. Following this, we plot the importance score of the
parameter space in Fig. 3. We observe that for electrons, the

FIG. 2. Correlation matrix showing the Pearson’s correlation coefficient among input variables for electrons (left) and muons (right).

FIG. 3. Comparison of importance score of input parameters for
electrons and muons in training the XGBoost algorithm.

FIG. 4. Confusion matrix for predicted value from XGBoost
model for electrons coming from the decay of heavy-flavor and
light hadron decays.
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model has relied mostly on DCAxy; however, for muons,
both DCAxy and DCAZ contribute towards the model
training. However, the pseudorapidity dependence is very
small for both electrons and muons.
In Fig. 4, we show the confusion matrix corresponding to

the two different target classes. Along the x axis and y axis,
we have the predicted and true values for heavy and light
flavor decay electrons, respectively. We observe an accu-
racy up to 98% for HFE as well as LFE. However, the
absolute number of true HFE and LFE sheds light on the
class imbalance among them. There is a misprediction of
around 2% for both classes. This mainly stems from the fact
that we do not consider decay of quarkonia into the HFE
category. Finally, in the case of muons in Fig. 5, an
accuracy of around 100% is observed for HFM, meanwhile
the accuracy drops to around 91% for LFM. One can notice
a distinct difference in the absolute number of HFM and
LFM. This emerges as a result of treating π� and K� as

stable particles in PYTHIA8. Thus, preventing them from
decaying into μ� and their respective neutrino. Hence, a
very small statistics leads to a weakly trained model,
resulting in a comparatively lower accuracy.

III. RESULTS

A. Transverse momentum spectra

In Fig. 6, we plot the transverse momentum (pT) spectra
of heavy flavor decay electrons in the midrapidity region
y < j0.8j for three different center-of-mass energies, i.e.,
ffiffiffi

s
p ¼ 13.6, 7, and 0.9 TeV. The plots include results from
PYTHIA8 and the corresponding predictions from the
XGBoost model. To have a better understanding of the
model’s predictions, the ratio of XGBoost to PYTHIA8 yield is
shown in the lower panel for each center-of-mass energy. For
the low pT region, the XGBoost predictions deviate from
PYTHIA8 results by approximately 10%, and it sharply
decreases to around 5% for the rest of the transverse
momentum bins. This trend is consistently observed across
all collision energies. The inaccuracy at low pT arises from
severe class imbalance among the electrons coming from
light and heavy flavor. It is important to note that the XGBoost

model is trained with PYTHIA8 data for pp collisions at
ffiffiffi

s
p ¼ 13.6 TeV. However, the machine learning model
performs well in predicting the pT differential yield across
different collision energies, indicating that themodel success-
fully learns and predicts the underlying energy dependence.
Similarly, the heavy flavor hadrons weakly decay into a

muon and its respective neutrino. To explore this phenome-
non, we plot the pT differential heavy flavor decay muon
yield in Fig. 7 the forward region (−4.0 < y < −2.5), for
three different center-of-mass energies. In this case, the
XGBoost to PYTHIA8 yield ratio shows that the ML model
performs really well throughout the entire pT range for 13.6
and 7 TeV. However, we observe that due to low statistics in
the case of

ffiffiffi

s
p ¼ 0.9 TeV, we get large statistical error bars

aswell as slight disagreement with XGBoost and PYTHIA8 data
in the intermediatepT.Moreover, the robustnessof themodel

FIG. 5. Confusion matrix for predicted value from XGBoost
model for muons coming from the decay of heavy-flavor and
light hadron decays.
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p ¼ 900 GeV and predicted by the XGB model.
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is further tested by predicting data generated with the CR:
Off tune. The corresponding results are plotted and dis-
cussed in Appendix A.

B. Self-normalized yield of electrons and muons

In Fig. 8 (left), we plot the self-normalized yield of
electrons in pp collisions at

ffiffiffi

s
p ¼ 13.6 TeV, originating

from light and heavy flavor decay in the midrapidity region,
as a function of normalized charged particle multiplicity. To
get rid of any autocorrelation bias, the charged particle
multiplicity measurement is done in the ALICE V0 region
with pseudorapidity intervals of 2.8 < η < 5.1 and
−3.7 < η < −1.7. We observe a rising trend for both light
and heavy flavor decay electrons, respectively. However, as
one would expect, the light flavor decay electrons rise
almost linearly, following the y ¼ x curve closely up to a
normalized charge particle multiplicity of about 6.
However, a nonlinear trend can be seen for the heavy
flavor decay electrons as it rises very sharply at high

multiplicity events. This is because the heavy flavor
hadrons are produced along with a jet in the opposite
direction, which fragments to increase particle multiplicity
in the final state. Therefore, the presence of heavy-flavor
hadrons in the final state usually means the charged particle
multiplicity of the event is large, or conversely, if the
particle multiplicity is large, the probability of production
of heavy-flavor hadrons is larger.
Similarly, in Fig. 8 (right), we study the self-normalized

yield of light and heavy flavor decay muons in the forward
rapidity, with normalized charged particle multiplicity. One
can readily observe that the light-flavor decay muons are
increasing linearly as a function of charged particle multi-
plicity. However, the predictions from the XGBoost model
underestimate the PYTHIA8 results slightly. This is evident
from the confusion matrix in Fig. 5, the machine learning
models fail slightly tounderstand theproductiondynamicsof
light-flavor decay muons. Furthermore, the heavy-flavor
decaymuons show a stronger-than-linear rise, one similar to
the electrons, as a function of multiplicity.
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FIG. 7. pT distribution of PYTHIA8 generated heavy flavor decay muons in pp collisions in 2.5 < η < 4 at (a)
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C. pT-differential yield ratios

In Fig. 9 (left panel), we plot the ratio of heavy flavor
decay electrons to the total electron sample, containing
contributions from light and heavy flavor decay electrons.
We notice a similar trend across all centre-of-mass energies,
with an increase in the transverse momentum, the relative
yield of the heavy flavor decay electrons increases. At the
high pT region, it tends to reach unity, with a considerable
error bar for

ffiffiffi

s
p ¼ 900 GeV. We observe an energy

dependence in the intermediate transverse momenta region.
The HFE in higher center-of-mass energy is more abun-
dantly produced in the intermediate pT region. This
increase in the ratio with pT reflects the fact that electrons
from light-flavor decays predominantly populate the low-
pT region, whereas heavy-flavor decay electrons dominate
at higher pT due to their harder pT spectra resulting from
the heavy quark mass and their production mechanism. The
observed energy dependence in the intermediate pT region
may be attributed to the enhanced phase space available for
heavy-flavor production at higher center-of-mass energies,
leading to a relative increase in their contribution compared
to electrons coming from light flavor. A similar trend can be
seen for the fraction of J=ψ produced from b-hadron decay,
as reported in [37,45]. These results indicate that regardless
of the particle studied, the contribution from heavier
particles becomes prominent at higher pT. In the right
panel of Fig. 9, we plot the fraction of heavy flavor decay
muons to total muons. We observe a similar increase in the
ratio in the low pT region up to 1 GeV=c. However, for
pT > 1 GeV=c, we observe a dip in the ratio. This dip is
very prominent at low center-of-mass energy, and for

ffiffiffi

s
p ¼

13.6 and 7 TeV, the dip in the ratio is very small. One
possible reason for this significant dip at 0.9 TeV is due to
limited phase space for producing a heavy flavor hadron,
which in turn will decay to high pT muons, in the forward

rapidity region. Regardless of this, we observe a good
agreement between the XGB predictions and PYTHIA data.
However, a slight disagreement is observed at high pT
within large error bars.

D. Lepton-hadron azimuthal correlations

In Fig. 10, we plot the azimuthal correlation among
heavy-flavor decay electrons and hadrons, with heavy-
flavor decay electrons pT in the range of 4–12 GeV=c. We
consider all the hadrons with transverse momenta within
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ffiffiffi

s
p ¼ 5.02 TeV between

data generated by PYTHIA8, ALICE data [46], and predicted by
the XGB model. A scaling factor of 0.5 is used to get an intuitive
comparison between ALICE data and our work.
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1–2 GeV=c and compare our results with ALICE data for
pp collision at

ffiffiffi

s
p ¼ 5.02 TeV. We find that the prediction

from XGBoost aligns well with the PYTHIA results. Moreover,
we observe a remarkable agreement of our results with
ALICE data. The near-side peak around Δϕ ¼ 0 is pri-
marily due to the fragmentation of the same parton that
produced the heavy-flavor decay electron, whereas the
away-side peak around Δϕ ∼ π originates from the frag-
mentation of the recoiling parton. The shape and relative
strength of these peaks are sensitive to the production
mechanism and hadronization process of heavy quarks.
The consistency of the correlation pattern between the
XGBoost-predicted electrons and those from PYTHIA and
ALICE indicates that the classifier preserves the intrinsic
angular correlation features of heavy-flavor decay elec-
trons, without introducing any biases in the angular
correlation.

IV. SUMMARY

In this study, we segregate heavy-flavor decay electrons
and muons directly from track-level information using
machine learning algorithms. This method holds the
potential to replace more traditional methods like cocktail
fitting. We performed a binary classification of heavy-
flavor decay leptons and light-flavor decay leptons using
the XGBoost machine learning algorithm. The input features
are constructed from topological and kinematic variables
sensitive to the weak decay of heavy-flavor hadrons into
electrons and their respective neutrinos. This includes the
distance of closest approach in the transverse plane as well
as along the beam direction. We train the models pT bin-
wise, separately for electrons, in the mid rapidity, and for
muons, in the forward rapidity. We observe that the model
successfully distinguishes the electrons coming from the
heavy-flavor and light-flavor sectors, with an accuracy of
98%. However, for muons, we observe an unprecedented
accuracy of approximately 100% for heavy-flavor decay
muons. On the other hand, due to much smaller statistics of
light-flavor decay muons, the model could predict only up
to 91%.
Furthermore, we predict the HFE and HFM yields at

different center-of-mass energies, i.e.,
ffiffiffi

s
p ¼ 0.9, 7, and

13.6 TeV. We observe that for electrons, the predictions at
low pT are off by a margin of around 10%. However, the
model is relatively more accurate for mid and high pT,
although for

ffiffiffi

s
p ¼ 0.9 TeV, the error bars at high pT are

significant due to low statistics. Similarly, we plot the
transverse momentum spectra for muons. Here, we observe
a comparatively more stable prediction throughout the
entire pT range. Regardless, in a very similar fashion,
we observe large error bars for

ffiffiffi

s
p ¼ 0.9 TeV. In addition,

we study the self-normalized yield of HFE, LFE, HFM, and
LFM as a function of normalized charged particle multi-
plicity. For electrons at midrapidity, we observe a nearly
linear rise for LFE, while HFE shows a nonlinear rise in

high-multiplicity events. The XGBoost model successfully
predicts the self-normalized yield across the entire range of
charge particle multiplicity. For muons in the forward
rapidity region, the LFM shows a similar linear rise, and
the HFM exhibits a strong nonlinear trend with the charge
particle multiplicity. However, we observe a disagreement
for the LFM between XGBoost and PYTHIA8, appearing as a
consequence of low accuracy for the LFM. Moreover, we
investigate the ratio of HFE to total electron yield and HFM
to total muon yield as a function of pT. For electrons, we
observe that the ratio increases monotonically with pT and
approaches unity at high pT. A clear energy dependence is
visible in the intermediate pT region. For muons, a similar
rise is observed; however, a significant dip in the ratio is
observed at

ffiffiffi

s
p ¼ 0.9 TeV. This dip, even though visible at

higher energies of 13 and 7 TeV, is not significant. Finally,
we study azimuthal correlation between HFE and charged
hadrons in pp collisions at

ffiffiffi

s
p ¼ 5.02 TeV. One can

observe clear near-side and away-side peaks, consistent
with ALICE experimental data. This work can be extended
by incorporating realistic detector effects, such as electrons
originating from the photon conversion in the detector
material. These contributions would provide a more com-
plete and realistic study of the identification of heavy flavor
decay leptons in experiments. With the upcoming facilities
like FCC, NICA, and EIC, combined with recent develop-
ments in machine-learning techniques, the study of heavy
flavor decay leptons provides a novel and unique way to
study the heavy flavor sector.
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APPENDIX A: COMPARISON WITH OTHER
PYTHIA8 TUNES

To further strengthen our validation strategy, we use the
model (trained with CR: on, CRMode: 2) to predict data
generated with a different tuning (CR: Off). The specific
change in the tune alters the hadronization mechanism thus
introduces a change in the secondary vertex positions of the
produced particles and significantly affects the particle
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multiplicity (light and heavy flavor differently) in the final
state. The outcomes of this test are briefly described as
follows.
In Fig. 11 (left), we present the confusion matrix

obtained using the new testing sample (CR: Off). A
slight decrease in performance is observed compared to the
accuracy of 98% reported in Fig. 4: the accuracy for HFE
decreases to 94%, while for LFE it decreases to 93%. This
indicates that the model captures the physics-driven corre-
lations associated with the CR: On configuration. At the
same time, achieving an accuracy above 90% when
evaluated on a sample generated with a different tuning
demonstrates a certain degree of robustness of the classifier.
In addition, the pT spectra are shown in the right panel of

Fig. 11 to further quantify the deviation from the PYTHIA

prediction. A larger discrepancy is observed in the low-pT
region, which can be attributed to the class imbalance
discussed in Sec. II C. We perform the same test for the
heavy-flavor decay muons. In Fig. 12, we plot the con-
fusion matrix (left) and pT spectra (right) for the heavy-
flavor decay muons. We observe an accuracy of around

94% for light-flavor decayed muons and 90% for heavy-
flavor decayed muons. Moreover, the predicted pT spectra
show a reasonable qualitative agreement with PYTHIA

results throughout the complete pT range.

APPENDIX B: DISTRIBUTION OF DCA

Figure 13 shows the distributions of the distance of
closest approach for electrons, separated into heavy-flavor
(HF) and light-flavor (LF) decay components. The left
panel presents the transverse component, DCAxy, while the
right panel shows the longitudinal component, DCAZ. A
clear separation between HF and LF electrons is observed
in both DCAxy and DCAZ. The LF electrons exhibit a
sharply peaked distribution around zero DCA, reflecting
their predominantly prompt origin. In contrast, the HF
electrons show significantly broader distributions with
pronounced tails extending to larger DCA values,
arising from the displaced decay vertices of heavy-
flavor hadrons. The consistent behavior observed in
both transverse and longitudinal directions demonstrates
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FIG. 11. Left: confusion matrix with CR: Off testing data. Right: predicted and PYTHIA pT spectra and their ratio.
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that DCA information provides strong discriminating
power for heavy-flavor identification, motivating its use
as a key input in machine-learning-based classification
of electron sources.
Figure 14 shows the distributions of the distance of

closest approach for muons, separated into heavy-flavor
and light-flavor decay components. Similar to the electron
case, a clear distinction between HF and LF muons is
observed in both DCA components. The LF muons are
characterized by a narrow distribution centered around zero

DCA, and the HF muons exhibit significantly broader
distributions with extended tails toward larger DCA
values, reflecting the finite decay length of heavy-flavor
hadrons. The persistence of this separation in both trans-
verse and longitudinal directions indicates that DCA-
based observables retain strong sensitivity to heavy-flavor
decay topologies in the forward rapidity region.
Moreover, the spread in the LF electrons and muons
originating from hadronic decays arises from the dis-
placement in the production vertices.

FIG. 13. Distributions of the transverse (DCAxy) and longitudinal (DCAZ) distance of closest approach for electrons, shown separately
for heavy-flavor and light-flavor decay components.

FIG. 14. Distributions of the transverse (DCAxy) and longitudinal (DCAZ) distance of closest approach for muons, shown separately
for heavy-flavor and light-flavor decay components.
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APPENDIX C: APPLICATION OF SMOTE

Figure 15 illustrates the effect of SMOTE applied to
heavy-flavor decay electrons in the DCAxy–DCAZ plane.
In the original dataset, LF electrons dominate, resulting in a
significant class imbalance that can introduce bias in
machine-learning-based classification, favoring the major-
ity class. Oversampling the minority HF class using
SMOTEmitigates this bias by generating synthetic samples
that populate the feature space more uniformly, thereby
improving the representation of heavy-flavor decay topol-
ogies during training.
The left panel shows the scatter distribution of HF decay

electrons from the original PYTHIA8 simulation in the
DCAxy–DCAZ plane. The distribution is concentrated
around the origin, with a limited population in the outer
regions of the phase space, reflecting the available HF
statistics in the raw sample. The right panel presents the
corresponding distribution after applying SMOTE. While
preserving the overall structure and correlations between
DCAxy and DCAZ, the SMOTE sample exhibits a signifi-
cantly enhanced coverage of the phase space, particularly in
regions sparsely populated in the original dataset. This
improved sampling reduces statistical fluctuations and
limits the influence of class imbalance, leading to a more
stable and unbiased training of the model.
Figure 16 shows the ratio of SMOTE-generated to real

heavy-flavor decay electrons as a function of DCA for both
DCAxy and DCAZ. This ratio provides a quantitative
measure of how the SMOTE procedure enhances the
population of the feature space relative to the original
dataset. Over the central DCA region, the ratio remains

approximately constant at a value of about 4, indicating that
the SMOTE sample contains roughly 4 times more entries
than the real data in this region. Larger deviations observed
at high absolute DCA values are primarily driven by the
limited statistics in the original sample, where SMOTE
increases the representation of sparsely populated regions.
The similar behavior observed for the DCAxy and DCAZ

FIG. 15. Scatter distributions of heavy-flavor decay electrons in the DCAxy–DCAZ plane for the original dataset (left) and after
applying SMOTE (right).

FIG. 16. Ratio of SMOTE-generated to real heavy-flavor decay
electrons as a function of DCAxy and DCAZ.
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ratios further indicates that the correlations between the
transverse and longitudinal DCA components are pre-
served. Overall, these observations demonstrate that

SMOTE improves the statistical balance of the dataset
while maintaining the DCA-dependent features of heavy-
flavor decay electrons.
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