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Abstract: This study develops a reproducible Python-based data-analysis pipeline for processing open collider data and 
performing likelihood-based invariant-mass fitting. Z-boson reconstruction using ATLAS Open Data is used 
as a scientific-computing case study. The workflow integrates Jupyter Notebooks, Uproot, NumPy, pandas, 
Matplotlib, and the zfit fitting framework in a modular sequence comprising ROOT-file ingestion, event-
variable access, lepton-quality filtering, vectorized event selection, invariant-mass construction, visualization, 
and statistical model fitting. Events containing electron or muon pairs were filtered using trigger, isolation, 
impact-parameter, pseudorapidity, transverse-momentum, charge, and same-flavor requirements. The 
selected dilepton mass distributions were fitted with a Double Crystal Ball model using zfit. The fitted mass 
parameter was 90.459 GeV for the electron channel, 90.823 GeV for the muon channel, and 90.678 GeV for 
the combined dilepton sample. The principal contribution is the organization of high-energy-physics data 
processing as a transparent and reusable scientific Python workflow rather than a new particle-physics 
measurement. The case study demonstrates how open ROOT-formatted datasets can be processed and 
statistically analyzed without building the complete analysis around a monolithic ROOT/C++ environment. 
The proposed pipeline supports notebook-level reproducibility, modular replacement of processing stages, 
and adaptation to other open scientific datasets with event-based structures.

1 INTRODUCTION 

Modern experimental science increasingly depends 
on reproducible computational workflows for 
accessing, filtering, transforming, and statistically 
interpreting large event-based datasets. In high-
energy physics, scientific data are commonly stored 
in ROOT-based structures and processed through 
specialized software environments. The availability 
of open experimental datasets creates an opportunity 
to investigate not only physical observables but also 
the architecture of transparent and reusable scientific-
computing pipelines. 

Python-based analysis environments provide a 
modular alternative for selected open-data 
workflows. Jupyter Notebooks support executable 
analysis documents, while likelihood-based statistical 
modeling can be separated into an independent fitting 

stage implemented with zfit [1]. The ATLAS Open 
Data ecosystem provides event collections and 
analysis-oriented datasets for notebook-based 
computational studies [2]. Uproot enables direct 
access to ROOT-formatted files from Python [3], 
array and tabular processing can be performed using 
NumPy and pandas [4], [5], and Matplotlib can be 
used for visualization [6], as schematically 
demonstrated in Figure 1. 

The transition from earlier datasets to richer event 
representations increases both the number of 
accessible variables and the diversity of simulated 
processes. As illustrated in Figure 2, the analyzed 
data environment contains an expanded variable 
structure, increasing the importance of controlled 
variable selection and modular processing. 
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Figure 1: Modular Python workflow for open collider-data 
processing and invariant-mass fitting. 

Figure 2: Expansion of the event-variable structure in the 
analyzed ATLAS Open Data environment. 

Comparable applied engineering studies also 
show how computational workflows can transform 
measured variables into quantitative indicators and 
decision-relevant outputs. Computational modeling 
has been used to convert operational observations into 
quantitative engineering evidence [7], while data-
driven workflows can convert heterogeneous 
infrastructure observations into structured decision-
support priorities [8]. These examples support the 
broader methodological role of reproducible 
computational pipelines beyond a single scientific 
domain. 

This study treats Z-boson invariant-mass 
reconstruction as a scientific-computing case study. 
The objective is to develop and describe a 
reproducible Python data-analysis pipeline that 
integrates event-data ingestion, quality filtering, 
physics-based selection logic, invariant-mass 
calculation, visualization, and likelihood fitting 
within one modular workflow. The contribution is 
therefore centered on computational organization and 
reproducibility rather than on claiming a new 
precision measurement of Standard Model 
parameters. 

The case study focuses on dilepton final states 
because electron and muon channels provide a 
comparatively clean reconstruction path for Z-boson 
candidates. Table 1 summarizes the principal decay 
modes and motivates the selection of events 
containing at least two reconstructed leptons [9], [10]. 

Table 1: Basic decays of the Z boson (PDG, 2024). 

Z decay 
modes Fraction (Γi/Γ) 

Scale factor/ 
Confidence 

level 

p 
(MeV/c) 

e⁺ e⁻ (3.3632 ± 
0.0042) % [h] 45594 

μ⁺ μ⁻ (3.3662 ± 
0.0066) % [h] 45594 

τ⁺ τ⁻ (3.3696 ± 
0.0083) % [h] 45559 

l⁺ l⁻ (3.3658 ± 
0.0023) % [h] 45594 

l⁺ l⁻- l⁺ 
l⁻ 

(3.3658 ± 
0.0023) % [b, h] - 

invisible (4.63 ± 
0.21) % [i] 45559 

hadrons (20.000 ± 
0.055) × 10⁻⁶ [h] 45594 

hadrons (69.911 ± 
0.056) % [–] - 

Most Z-boson decays produce hadrons, while 
invisible channels contain neutrinos that are not 
directly reconstructed in the detector. The dilepton 
channels therefore form a practical open-data case 
study for testing a transparent Python processing and 
fitting workflow. 

2 COMPUTATIONAL PIPELINE 
AND DATA ANALYSIS 

2.1 Event Selection as a Rule-Based 
Processing Stage 

Event selection was implemented as a deterministic 
rule-based processing stage within the Python 
workflow. After ROOT-file access and event-
variable extraction, Boolean masks were applied 
sequentially to the lepton collections. The event-level 
filtering sequence comprised the following 
reconstruction-quality requirements: 
§ Electronic or muon trigger triggered.
§ Leptons must have good quality measurements

using data from the muon spectrometer and
internal detector.
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§ Leptons must be isolated, i.e. in a cone around
the lepton, the transverse energy and
momentum of the remaining particles should
not exceed 10% of the transverse energy and
momentum of the lepton.

§ Leptons are associated with the primary vertex:
the significance of the impact parameter in the
transverse plane d0/σ(d0) is less than 3 for
muons and 5 for electrons, in the longitudinal
direction |z0sin(θ)| < 0.5 mm, where d0 and z0
are the transverse and longitudinal impact
parameters.

§ Leptons must be in the detector sensitivity
region in terms of pseudorapidity |η| <2.47.
Electrons that fall into the gap between the
sections of the calorimeter are also discarded
(1.37 <|η| <1.52).

The physics-based Z-candidate filtering sequence 
comprised the following requirements: 
§ Only two good leptons with 𝑝𝑇 > 25 GeV .
§ Leptons have opposite charges .
§ Leptons have the same flavor.
§ The proximity of the invariant mass of leptons

to the mass of the Z boson |mll – mZ| < 20 GeV.

The filtering logic was implemented through 
sequential array-level masks. Each mask reduced the 
candidate event set while preserving the event 
variables required by subsequent stages. This 
separation between data access, quality filtering, 
dilepton selection, and fitting reduces coupling 
between analysis components and allows individual 
selection conditions to be modified without rewriting 
the complete workflow. Similar selection and 
simulation practices are used in collider analyses and 
Monte Carlo-based comparisons [11] - [15]. 

2.2 Likelihood-Based Fitting with zfit 

The final processing stage constructed the dilepton 
invariant-mass distribution from the selected events 
and passed the resulting numerical array to the 
statistical fitting component. Figure 3 shows the 

invariant-mass distributions on linear and logarithmic 
scales. A pronounced peak is visible in the Z-boson 
mass region, while the logarithmic representation also 
reveals the contribution of background components. 

For statistical modeling, the selected invariant-
mass array was processed using the zfit framework 
[1]. The fitting stage was kept separate from data 
ingestion and event filtering so that the probability 
model could be modified independently of the 
preceding processing logic. A Double Crystal Ball 
function was used to describe the central peak and 
asymmetric tails. The model contains a central 
location parameter, a width parameter, and left- and 
right-tail parameters. Parameter estimation was 
performed through likelihood-based minimization. 

Figure 3: Distribution of the invariant mass of two leptons 
on a linear (a) and logarithmic (b) scale. 

Table 2: Parameters for approximation of the Z boson mass. 

Z→ee Z→μμ Z→ll 
MZ 90.4589±0.0029 MZ 90.8230±0.0020 MZ 90.6779±0.0017 
σZ 2.685±0.004 σZ 2.5180±0.0029 σZ 2.5870±0.0022 
ΓZ 6.323±0.009 ΓZ 5.929±0.007 ΓZ 6.091±0.006 
αL 1.035±0.004 αL 1.272±0.003 αL 1.1390±0.0023 
nL 3.86±0.03 nL 2.035±0.011 nL 2.727±0.013 
αR 1.560±0.005 αR 1.417±0.004 αR 1.4770±0.0027 
nR 1.956±0.015 nR 2.456±0.017 nR 2.229±0.013 

b) 

a) 
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The resulting fits are shown in Figure 4. The 
points represent selected open-data events, and the 
solid curves represent the fitted probability model 
applied consistently across the electron, muon, and 
combined dilepton channels. 

The model parameters after minimization are 
summarized in Table 2. From a computational 
perspective, the same fitting component was applied 
to three data views: the electron channel, the muon 
channel, and the combined dilepton sample. Only the 
input array changed; the fitting interface and model 
structure remained unchanged. This illustrates the 
reusable character of the pipeline and separates 
channel-specific data selection from the common 
statistical-modeling stage. 

Figure 4: Zfit-based invariant-mass fits for the electron 
channel (a), muon channel (b), and combined dilepton 
sample (c). 

The muon channel produced the fitted mass value 
closest to the reference Z-boson mass. This difference 
is consistent with the detector-level challenge of 
electron-energy reconstruction in open datasets, 
where not all calibration and correction variables used 

in full collaboration analyses are available. 
Consequently, the fitted values should be interpreted 
as outputs of the educational open-data workflow 
rather than as new precision measurements. 

The combined dilepton fit returned a mass 
parameter of 90.678 GeV. All quoted errors in this 
study are statistical outputs of the fitting procedure, 
and systematic detector effects are not evaluated 
within the simplified open-data workflow. 

For comparison, Figure 5 shows the 
corresponding invariant-mass distribution obtained 
from an earlier open-data example at lower collision 
energy. 

Figure 5: Invariant-mass distribution of two muons from 
open ATLAS data at lower collision energy. 

3 CONCLUSIONS 

This study developed a modular Python data-analysis 
pipeline for processing ROOT-formatted open 
collider data and performing likelihood-based 
invariant-mass fitting. Z-boson reconstruction from 
ATLAS Open Data was used as a case study to 
demonstrate the complete workflow from event-data 
ingestion to fitted statistical parameters. 

The computational pipeline separated ROOT-file 
access, event-variable selection, quality filtering, 
dilepton candidate construction, invariant-mass 
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calculation, visualization, and zfit-based statistical 
modeling into distinct processing stages. The fitted 
mass parameter was 90.459 GeV for the electron 
channel, 90.823 GeV for the muon channel, and 
90.678 GeV for the combined sample. These values 
are reported as outputs of the implemented open-data 
workflow and are not presented as new precision 
measurements of Standard Model parameters. 

The principal contribution is the reproducible 
organization of the analysis within the scientific 
Python ecosystem. The same fitting interface was 
reused for multiple lepton channels, while event-
selection conditions remained explicit and 
independently modifiable. This modular structure 
improves transparency and facilitates adaptation of 
the workflow to other event-based open datasets. 

The current study does not provide a formal 
runtime or memory benchmark against ROOT/C++ 
and therefore does not claim superior computational 
performance. Future work should report dataset size, 
processed event count, wall-clock runtime, peak 
memory consumption, and input/output throughput 
for identical hardware configurations. A controlled 
comparison of Uproot-based Python processing with 
ROOT RDataFrame would provide a quantitative 
basis for evaluating scalability. 
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