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ABSTRACT 

The aims of modern-day nuclear physics experiments are well summed up by the Jefferson Lab’s motto: 
‘exploring the nature of matter’. To this end, the CLAS detector detects particles initially produced in 
collisions at the Jefferson Lab. This constitutes an event, and as thousands are produced by CLAS, only the 
relevant ones must be selected to investigate a given physical process. A technique called cut-based analysis 
is used to select relevant events. Conversely, machine learning is promising to revolutionise the field of data 
analysis. Could it outperform standard event selection techniques? To answer this question, this article will 
describe the implementation of a multilayer perceptron (MLP) for event selection at CLAS, by first presenting 
the fundamentals of particle physics, the CLAS detector, and machine learning. This article will then explain 
how a benchmark value was produced using cut-based analysis and compared with the output of machine 
learning event selection, demonstrating that machine learning algorithms can outperform the standard 
techniques used for event selection at CLAS. A better event selection process will improve the statistics of 
studies made using CLAS data, which will help answer some of the most fundamental questions of 21st 
century nuclear physics. For example, the discovery of exotic particles such as pentaquarks would allow a 
more detailed study of the strong force that binds nucleons, and might even shed light on the physics of 
neutron stars. 

 

INTRODUCTION 

Nuclear physics aims to investigate the structure of the nucleus, 
which, alongside electrons, constitutes the atoms of everyday 
matter. A subset of nuclear physics, hadronic physics, aims to 
understand the structure of particles, such as the protons and 
neutrons in the nuclei of atoms, called hadrons. To this end, the 
Thomas Jefferson National Accelerator Facility (JLAB) uses 
the Continuous Electron Beam Accelerator Facility (CEBAF) 
Large Acceptance Spectrometer (CLAS) detector to cover a 
wide range of topics in hadronic physics (Stepanyan, 2006). 

Some CLAS experiments involve colliding a photon with a 
hadron (Stepanyan, 2006). This collision leads to the 
production of a group of final state particles that are 
subsequently detected by the CLAS detector (Stepanyan, 2006). 
This constitutes an event, and thousands of such events are 
produced to create meaningful statistical distributions. Events 
will not always contain the same group of final state particles 
and only the events relevant to the aims of the study must be 
selected. 

The most common event selection method is called cut-based 
analysis and works by imposing constraints on event 
parameters. New methods for event selection are always sought 
after and recently machine learning tools have become more 
prominent, as they can detect nonlinear correlations in data that 
might not appear obvious to a human observer (Bhat, 2011). 
This article will therefore show that event selection can be 
implemented with machine learning tools at CLAS and that 
these can outperform the standard cut-based analysis.  

BACKGROUND 

This section’s first subsection aims to introduce the 
fundamentals of particle physics, the second subsection will 
present the CLAS detector, and the last two subsections will 
describe both cut-based and machine learning event selection. 

The Fundamentals of Particle Physics 

In brief, particles are extremely small and fast bits of matter. 
They have different attributes, chiefly charge and mass, that 
allow them to be identified. Hadrons are particles made of 
smaller particles, called quarks, that determine their charge and 
mass (Griffiths, 2008). 

The kinematics of particles, the way they move and interact 
with one another, are best described using the framework of 
special relativity. There are many things to be said about 
relativistic kinematics, but a good starting point is the famous 
equation: 

𝐸𝐸 = 𝑚𝑚𝑐𝑐2   (1) 

where 𝐸𝐸 denotes the energy of a relativistic body at rest, 𝑚𝑚 its 
mass and 𝑐𝑐2 is the square of the speed of light (Griffiths, 2008). 
This equation states that mass can be thought of as a form of 
energy, as the speed of light is constant. For a particle that is 
moving, this equation needs to account for its momentum such 
that 

𝐸𝐸2 =  𝑚𝑚2𝑐𝑐4 + 𝑝𝑝2𝑐𝑐2   (2) 

with 𝑝𝑝 the momentum of a particle (Griffiths, 2008). Particle 
physicists simplify the mathematics surrounding this equation 
by changing the units of the speed of light, such that 𝑐𝑐 = 1, 
leading to the fact that energy, mass, and momentum are all 
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written in the same units, known as electron volts (eV) 
(Griffiths, 2008). From the equation above (and others), the 
mass of a particle can then be rewritten as (Bradford, 2006): 

𝑚𝑚2 =  𝑝𝑝
2(1− 𝛽𝛽2)
𝛽𝛽2

    (3) 

where 𝛽𝛽 =  𝑣𝑣
𝑐𝑐
 is the velocity of a particle, renormalised to the 

speed of light: 𝛽𝛽 = 1 means that the particle travels at the speed 
of light. In general, 𝛽𝛽 will be less than 1. If a particle takes a 
time 𝑇𝑇 to travel a distance 𝑑𝑑, the velocity can the be rewritten 
as 𝛽𝛽 =  𝑑𝑑

𝑐𝑐𝑐𝑐
 (Bradford, 2006). As the velocity of a particle is 

related to its mass, the time of flight 𝑇𝑇 can be used to identify a 
particle.  

The final quantity that is relevant here is the missing mass of a 
collision (Griffiths, 2008). As energy is conserved, the 
difference between the energies of the particles coming into the 
collision and the energies of the detected particles should be 
zero if all particles are detected. If a particle goes undetected 
then the difference in energy is the energy of that particle. As 
explained above, for relativistic bodies, mass can be thought of 
as a form of energy.  Here, this mass is known as the missing 
mass of the collision (Shiu, 2018). 

Measurements in particle physics are stochastic, meaning that a 
measurement of a given quantity will present a probability 
distribution of results but not a single predictable value 
(Griffiths, 2008). This means that the results of estimating the 
mass of a particle of a given type will never give one single 
value. However, estimating the masses of many particles of the 
same type will present a distribution with a peak at a given 
value, which is taken to be the mass of that type of particle. For 
example, Figure 1 below shows how pions do not have a single 
mass but present a range of masses centred around 0.14 GeV. 

 

 
Figure 1: The mass of particles identified as negatively 

charged pions, 𝝅𝝅−.  

Finally, an important feature of any physics experiment is error 
analysis. Results are presented in the form 𝑎𝑎 ± 𝑏𝑏. 𝑎𝑎 is the result 
of a measurement. ± 𝑏𝑏 states that the measurement was precise 
only within a range of plus or minus 𝑏𝑏. This lack of precision is 
intrinsic to any measurement and states how reliable a 
measurement is. 

The CLAS Detector 

At JLAB, electrons are first accelerated to high velocities and 
then used to produce photons as bremsstrahlung radiation 
(Williams, 2006). When electrons pass close to the nucleus of 
an atom in a material they will slow down because of the 

electromagnetic interaction between the nucleus and the 
electron. This loss of velocity leads to a loss of energy in the 
electron, which is released in the form of a photon. In 
photoproduction experiments this photon then collides onto a 
hadron to produce other particles. 

 

 
Figure 2: Schematic of the CLAS detector showing all its 

major subsystems. Taken from (Williams, 2006). 

Figure 2 shows a schematic of the CLAS detector and its 
primary components. Only two subsystems will be described 
here: drift chambers and scintillators. 

Drift chambers are chambers that contain gas and electrical 
equipment that detects an electrical charge. When a particle 
passes through the gas, it collides with the electrons in the atoms 
that constitute the gas. This collision gives energy to the 
electrons, enough so that they are freed from their orbit of the 
atom. This process is called ionisation, and electrons freed from 
the gas will be detected in the drift chamber close to the point 
from which they are released. This means that as a particle 
travels through the drift chamber it produces an electrical signal 
that allows the measurement of its trajectory (Williams, 2006). 
Applying a magnetic field to the drift chamber will curve the 
particle’s trajectory. A positively charged particle will curve in 
the opposite direction to a negatively charged particle, and the 
amount by which it curves is related to its momentum. In 
summary, a drift chamber allows the measurement of the charge 
and momentum of a particle (Williams, 2006). 

Scintillators release a flash of light when a particle travels 
through them. The velocity of a particle can then be deduced by 
looking at the time it took to travel between two scintillators 
kept at a known distance (Williams, 2006). 

Using drift chambers and scintillators, the CLAS detector can 
measure the charge and estimate the mass of the particles that it 
detects. However, the calculated mass values will overlap for 
different particles and event selection techniques must be used 
to distinguish between them. 

Cut-Based Analysis 

Cut-based analysis works by constraining a parameter that is 
related to the nature of the particles in an event. For example, a 
straightforward cut on momentum discards any events 
containing particles with momentum above a certain value. The 
photons that were used in the collision were produced with a 



   

 

   

 

certain energy and cannot produce particles with a momentum 
above a certain threshold. This threshold value is then used for 
the momentum cut to discard events that where logged due to 
an error in the detector or due to particles that were not 
produced in the photocollision experiment, such as particles 
produced in the atmosphere. 

The cut on momentum does not allow the identification of 
particles, it only allows the removal of events that should not 
have been logged in the first place. A good parameter on which 
to cut is the difference (∆𝑇𝑇) between the time of flight of a 
particle measured in the detector and the theoretical time of 
flight for that type of particle (Bradford, 2006). Figure 3 shows 
a plot of ∆𝑇𝑇 as a function of momentum for thousands of events. 
This plot was made to identify kaons and distinguish them from 
protons and pions. If a kaon was correctly identified then its ∆𝑇𝑇 
should be close to 0ns. Pions 𝜋𝜋 will have a negative ∆𝑇𝑇 whilst 
protons 𝑝𝑝 will have a positive ∆𝑇𝑇. Events where kaons were 
correctly identified are then selected by cutting away events 
where ∆𝑇𝑇 is outside of a range centred around 0ns. 

 
Figure 3: A plot of ∆𝑻𝑻 as a function of momentum used to 
identify kaons. The white lines denote the cut applied at ± 

1ns. This plot was taken from (Bradford, 2006). 

As can be seen in Figure 3, the ∆𝑇𝑇 tracks for different particles 
tend to merge at high momentum. One can therefore create a 
momentum dependent cut that will be tighter at higher values 
of momentum. A Gaussian is fitted to slices in momentum of 
simulated ∆𝑇𝑇 values for given particle types and a curve is then 
fitted through the standard deviation of each Gaussian. This 
curve serves as a basis for the cut which then accounts for the 
spread in values of ∆𝑇𝑇 at each value of momentum. Figure 4 
shows an example of a momentum dependent cut on ∆𝑇𝑇. 

Cut-based analysis is therefore a useful tool for event selection. 
However, some parameters will be linked to the nature of the 
particle in a much more complex fashion than the time of flight, 
rendering cut-based analysis unwieldy. Machine learning, on 
the other hand, has proved able to find complex patterns in data 
in many fields (Albertsson, 2018). 

Machine Learning for Event Selection 

A basic machine learning task is called classification (Burkov, 
2019). Event selection is a typical example of a classification 
task, where an event is classified as signal if it contains the 
particles that the experiment is interested in or background 
otherwise. The input of the machine learning algorithm will be 
the parameters of each event as measured by the detector. The 
output will then be a label, signal, or background. 

 
Figure 4: A momentum dependent cut on ∆𝑻𝑻, used to 

identify protons. The cut is made at two times the standard 
deviation of the Gaussians fitted to every slice in momentum 

of ∆𝑻𝑻. This plot only shows values of ∆𝑻𝑻 for simulated 
protons, explaining why tracks corresponding to other 

particles cannot be seen. 

There are two main types of machine learning algorithms: 
supervised and unsupervised (Burkov, 2019). Supervised 
algorithms are given training data to learn from. In the case of 
event selection, training data is a set of events which have 
already been labelled as signal or background. During an initial 
training period the algorithm looks at its output and compares 
it to the real label. If the output is wrong the algorithm will 
change the parts of itself that lead to this wrong output. This 
creates a statistical model that can classify unknown events. 

 

 
Figure 5: A schematic of a neural network. The term 

‘hidden layer’ refers to a layer that is neither the input nor 
output layer. A deep neural network is a network with hidden 

layers. 

Neural networks consist of an interconnected group of neurons, 
arranged in layers, as shown in Figure 5. The input layer takes 
in the parameters of an event. The output layer outputs the label 
for that event, and the process is then repeated for all events. 
Each of the interconnections have an associated weight 𝜔𝜔𝑖𝑖

𝑘𝑘, and 
each node has a bias 𝑏𝑏𝑖𝑖𝑘𝑘, for a given input parameter 𝑥𝑥𝑖𝑖𝑘𝑘. The 
output of the neuron 𝑖𝑖 in layer 𝑘𝑘 is 𝑦𝑦𝑖𝑖𝑘𝑘 = 𝑓𝑓�α𝑖𝑖𝑘𝑘� with α𝑖𝑖𝑘𝑘 =
ω𝑖𝑖
𝑘𝑘𝑥𝑥𝑖𝑖𝑘𝑘 + 𝑏𝑏𝑖𝑖𝑘𝑘, for 𝑓𝑓 a non-linear activation function that forces 

the output in the range [0,1] (Burkov, 2019). This output is then 
passed to a node in the subsequent layer up until the final layer 
where a single node will output the label for the event. Whilst 
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training, the error 𝐸𝐸 is taken as the difference between the 
output of the final layer and the real value of the event (1 for 
signal, 0 for background). The neural network will then learn 
what its weights and biases must be to minimise 𝐸𝐸. The change 
in weights at each iteration of the training is Δω𝑖𝑖

𝑘𝑘 = α𝑖𝑖𝑘𝑘
𝜕𝜕𝜕𝜕
∂𝑤𝑤𝑖𝑖

𝑘𝑘 

(Hoecker, et al., 2017), for 𝜕𝜕𝜕𝜕
𝜕𝜕𝑤𝑤𝑖𝑖

𝑘𝑘  the amount by which the error 

changes as the weights change. α𝑖𝑖𝑘𝑘can be tuned such that a 
larger value will accelerate the learning process but produces 
less accurate results. This entire process is called back 
propagation and allows a neural network to achieve correct 
outputs (Hoecker, et al., 2017). The first type of artificial neural 
network ever developed is known as a Multilayer Perceptron 
(MLP). 

METHOD 

This section will explain how the event selection achieved by 
the cut-based analysis can be compared to that achieved by the 
MLP. Both event selections were implemented using the 
HaSpect framework (Glazier, 2018), which builds on the 
ROOT (Brun and Fonsmaker, 2007) and RooFit (Verkerke and 
Kirkby, 2006) frameworks for C++. 

 

 
Figure 6: Schematic of the signal event. 

 

Figure 6 depicts the chosen signal event: a photon 𝛾𝛾 is fired onto 
a proton 𝑝𝑝 at rest, producing three pions, 𝜋𝜋+, 𝜋𝜋−, 𝜋𝜋0 and a 
proton 𝑝𝑝. Drift chambers rely on particles being charged to 
ionise the atoms in the gas. This means that the uncharged pion, 
𝜋𝜋0, will go undetected and the missing mass for this reaction 
will be the mass of a neutral pion. The signal event therefore 
has detected 𝜋𝜋+, 𝜋𝜋−, 𝑝𝑝 and a 𝜋𝜋0 missing mass. 

Using simulated data a model curve for the missing mass of 
signal events can be created. This signal curve can then be fitted 
to the histograms of missing masses for selected and rejected 
events. For selected events, those that fall under the signal curve 
are named true positives (TP) as they are events that were 
correctly selected. For rejected events, those falling under the 
signal curve are false negatives (FN), as they should have been 
selected but instead were discarded. A background curve can 
then be fitted to the remaining events in both histograms. For 
selected events, these are called false positives (FP) as they 
were incorrectly selected. For rejected events, the background 
curve gives the true negatives (TN) as they were correctly 
rejected. The above is exemplified in Figures 7 a) and b). The 
errors on the number of background and signal events come 

from statistical errors in fitting the signal and background 
curves. 

 

 
a) 

 
b) 

Figure 7:  Histograms of the missing mass of events selected, 
a), and rejected, b), by a cut-based analysis, along with the 

signal (dotted black) and background (dotted red) curves that 
have been fitted to the histograms. The signal curve can be 
added to the background curve to reproduce the solid red 
curve. a) The events that fall under the background curve 

are denoted FP. The events that fall between the background 
curve and the solid red curve are signal events, here denoted 

TP. The two parameters in the legend, ‘Yld_BG’ and 
‘Yld_pi0’, denote the amount of FP and TP events 

respectively. b) The events that fall under the background 
curve are denoted TN. The events that fall between the 

background curve and the solid red curve are signal events, 
here denoted FN. The two parameters in the legend, 

‘Yld_BG’ and ‘Yld_pi0’, denote the amount of TN and FN 
events respectively. 

The values TP, FP, FN, and TN form what is known as the 
confusion matrix (Chicco, 2017) and allow an evaluation of the 
selection process, using signal and background asymmetries 
that were developed for this project. The signal asymmetry is 
defined as 𝐴𝐴𝑠𝑠 = 𝑐𝑐𝑇𝑇−𝐹𝐹𝐹𝐹

𝑐𝑐𝑇𝑇+𝐹𝐹𝐹𝐹
 and the background asymmetry is 

defined as 𝐴𝐴𝑏𝑏 = 𝑐𝑐𝐹𝐹−𝐹𝐹𝑇𝑇
𝑐𝑐𝐹𝐹+𝐹𝐹𝑇𝑇

 . As more signal events are correctly 
selected, 𝐴𝐴𝑠𝑠 will go to 1, and conversely, 𝐴𝐴𝑠𝑠 will go to 0 when 
more signal events are incorrectly rejected. 𝐴𝐴𝑏𝑏 will go to 1 as 
more background events are correctly rejected, and to 0 as more 



   

 

   

 

background events are incorrectly selected. The standard error 
propagation formula for an asymmetry written as 𝐴𝐴−𝐵𝐵

𝐴𝐴+𝐵𝐵
 is: 

σ = 2[(𝐴𝐴σ𝐵𝐵)2+(𝐵𝐵σ𝐴𝐴)2]
1
2

(𝐴𝐴+𝐵𝐵)2   (4) 

for σ𝐴𝐴 and σ𝐵𝐵 the errors on 𝐴𝐴 and 𝐵𝐵 (Brun, 1994).  

A perfect event selection will have both the signal and 
background asymmetries equal to 1. To compare two event 
selections, one could therefore look at which event selection 
maximises the sum of the two asymmetries.  

RESULTS 

The cut-based event selection used a cut on momentum at 3 
GeV, as the photons were produced at 2 GeV and protons have 
a rest mass of 0.94 GeV. A second cut was made on ∆𝑇𝑇 as a 
function of momentum. The results then depended on the width 
of the ∆𝑇𝑇 cut. The cut-based event selection produced the plot 
in Figure 8 of the sum of the signal and background 
asymmetries, as a function of the amount of standard 
deviations, σ, taken for the cut. The sum of the asymmetries for 
the cut-based event selection is maximal at a value of 1.73 ±
6.45 ⋅ 10−4 . 

 
Figure 8: The sum of the two asymmetries produced by the 
cut-based analysis as a function of the amount of standard 
deviations taken for the cut on ∆𝑻𝑻. The maximum value is 

𝟏𝟏.𝟕𝟕𝟕𝟕 ± 𝟔𝟔.𝟒𝟒𝟒𝟒 ⋅ 𝟏𝟏𝟏𝟏−𝟒𝟒. 

The machine learning algorithm produced for this article was 
an MLP, as initial tests showed that they here outperformed 
other algorithms. The MLP uses a variable called the response 
to classify events as background or signal. A background event 
is given a response close to 0, whilst a signal event is given a 
response close to 1. However, for some events the MLP will be 
unsure how to classify them and will therefore give them a 
response between 0 and 1. The sum of the asymmetries will 
therefore be plotted as a function of the response value that was 
used to distinguish between signal and background events. 

Events taken from the CLAS detector were used to train the 
MLP. Cuts on the time of flight and the missing mass of the 
events were applied to select signal and background training 
events. A cut of 4ns was applied on the ∆𝑇𝑇, and the missing 
mass was restricted to a range between 0.12 and 0.17 GeV. 
When the MLP was used, the cuts were not applied. 

Figure 9 shows the sum of the asymmetries for an MLP trained 
and run on CLAS events, as a function of the response. This 
reaches a maximum of 1.90 ± 1.12 ⋅ 10−1. The MLP therefore 
clearly outperformed the cut-based analysis. 

 
Figure 9: A plot of the sum of the asymmetries as a function 
of the MLP response. This maximum value is 𝟏𝟏.𝟗𝟗𝟏𝟏 ± 𝟏𝟏.𝟏𝟏𝟏𝟏 ⋅

𝟏𝟏𝟏𝟏−𝟏𝟏. 

There are some limitations to this work, for example the 
machine learning algorithms might perform differently when 
trying to select different groups of final state particles and may 
therefore not outperform the cut-based event selection. 
Furthermore, the machine learning algorithms do not give a 
clear indication of the way in which they produce their results. 
It is therefore hard to estimate the errors that they introduce, and 
they are not reproducible. The cut-based analysis however 
relies on a clear knowledge of the physics behind event 
selection and is easier to reproduce and understand. 

Despite the objections of the previous paragraph, the work 
presented above showed that machine learning algorithms can 
be used for event selection at CLAS, and that they can 
outperform the standard cut-based analysis. 

CONCLUSION 

This article gave an overview of the physics behind event 
selection and the CLAS detector. The standard cut-based event 
selection process was described, as were the basics of machine 
learning event selection. The cut-based analysis was then 
implemented for selecting the 𝜋𝜋+ 𝜋𝜋−  𝑝𝑝 𝜋𝜋0  topology, and a 
framework was developed to assess the effectiveness of the 
event selection techniques. This allowed a comparison of the 
outcomes of cut-based and machine learning event selections. 
An MLP was found to outperform the cut-based analysis. Some 
context was also given to the results presented in this article. 

Overall, this article has shown that event selection at CLAS 
using machine learning algorithms is possible and can perform 
better than the standard cut-based analysis techniques. A better 
event selection process in turn helps to improve the statistics of 
studies made using CLAS data. A lot of these aim to better 
understand the strong force which binds quarks together into 
hadrons, such as the discovery of pentaquarks, which relied on 
precise event selection. Another example is deeply virtual 
Compton scattering (DVCS) which tries to establish a full 3D 
distribution of quarks in the nucleon. 

ACKNOWLEDGMENTS 

The author would like to thank Prof. Ireland, Dr. Glazier and 
Dr. McKinnon from the School of Physics & Astronomy, 
University of Glasgow, for their continued advice, support and 
insight, as well as James Quinn, Steven McNair, and the 
[X]Position team for their help and guidance in writing this 
article. 



6 

 

   

 

REFERENCES 

Albertsson, K., 2018. Machine Learning in High Energy Physics Community White Paper. Journal of Physics: Conference Series 1085 

Bhat, P., 2011. Advanced Analysis Methods in Particle Physics. Annual Review of Nuclear and Particle Science, 61 (1), 281-309 

Bradford, R., CLAS Collaboration, 2006. Differential cross sections for 𝛾𝛾 + 𝑝𝑝 →  𝐾𝐾+ +  𝑌𝑌 for Λ and 𝛴𝛴0 hyperons. Physical Review C, 
73 (3)  

Brun, R., 1994. ROOT documentation, lines 4199 – 4259 [online]. Available at : 
<https://root.cern.ch/doc/master/TH1_8cxx_source.html#l04197> [Accessed March 2019]. 

Brun, R., Fonsmaker, F., 2007. ROOT user guide [online]. Available at: <https://root.cern.ch/root/htmldoc/guides/users-
guide/ROOTUsersGuide.html> [Accessed March 2019]. 

Burkov, A., 2019. The Hundred-Page Machine Learning Book [online]. Open Access at: <http://themlbook.com/wiki/doku.php> 
[Accessed February 2019]. 

Chicco, D., 2017. Ten quick tips for machine learning in computational biology. BioData Mining, 10 (35) 

Glazier, D. 2018. HaSpect Documentation [online]. Available at : <https://github.com/dglazier/HASPECT6/tree/master/HaSpect> 
[Accessed March 2019]. 

Griffiths, D.J., 2008. Introduction to elementary particles. 2nd rev. version, Wiley, Hoboken, New Jersey, 470 pp 

Hoecker, A., Speckmayer, P., Stelzer, J., Therhaag, J., von Toerne, E., Voss, H., 2017. ROOT TMVA user guide [online]. Available 
at: <https://root.cern.ch/download/doc/tmva/TMVAUsersGuide.pdf> [Accessed March 2019].  

Stepanyan, S., 2006. Overview of the CLAS/JLAB Physics Program. AIP Conference Proceedings 870 (460) 

Shiu, S.H., LEPS Collaboration, 2018. Photoproduction of Λ and 𝛴𝛴0 hyperons off protons with linearly polarized photons at 𝐸𝐸𝛾𝛾=1.5–
3.0 GeV. Physical Review C, 97 (015208)  

Verkerke, W., Kirkby, D., 2006. RooFit user manual [online]. Available at: 
<http://roofit.sourceforge.net/docs/RooFit_Users_Manual_2.07-29.pdf> [Accessed March 2019]. 

Williams, M., 2007. Measurement of Differential Cross Sections and Spin Density Matrix Elements along with a Partial Wave Analysis 
for 𝛾𝛾 𝑝𝑝 →  𝑝𝑝 𝜔𝜔 using CLAS at Jefferson Lab. Ph.D. Dissertation, Carnegie Mellon University, Pittsburgh, USA. Available at: 
<www.jlab.org/Hall-B/general/clasthesis.html> [Accessed November 2018]. 

https://root.cern.ch/doc/master/TH1_8cxx_source.html#l04197
https://root.cern.ch/root/htmldoc/guides/users-guide/ROOTUsersGuide.html
https://root.cern.ch/root/htmldoc/guides/users-guide/ROOTUsersGuide.html
http://themlbook.com/wiki/doku.php
https://github.com/dglazier/HASPECT6/tree/master/HaSpect
https://root.cern.ch/download/doc/tmva/TMVAUsersGuide.pdf
http://roofit.sourceforge.net/docs/RooFit_Users_Manual_2.07-29.pdf
http://www.jlab.org/Hall-B/general/clasthesis.html

	abstract
	Background
	Figure 1: The mass of particles identified as negatively charged pions, ,𝝅-−..
	The CLAS Detector
	Figure 2: Schematic of the CLAS detector showing all its major subsystems. Taken from (Williams, 2006).

	Cut-Based Analysis
	Figure 3: A plot of ∆𝑻 as a function of momentum used to identify kaons. The white lines denote the cut applied at ± 1ns. This plot was taken from (Bradford, 2006).

	Machine Learning for Event Selection
	Figure 4: A momentum dependent cut on ∆𝑻, used to identify protons. The cut is made at two times the standard deviation of the Gaussians fitted to every slice in momentum of ∆𝑻. This plot only shows values of ∆𝑻 for simulated protons, explaining wh...
	Figure 5: A schematic of a neural network. The term ‘hidden layer’ refers to a layer that is neither the input nor output layer. A deep neural network is a network with hidden layers.


	Method
	Figure 6: Schematic of the signal event.
	a)
	b)
	Figure 7:  Histograms of the missing mass of events selected, a), and rejected, b), by a cut-based analysis, along with the signal (dotted black) and background (dotted red) curves that have been fitted to the histograms. The signal curve can be added...

	Results
	Figure 8: The sum of the two asymmetries produced by the cut-based analysis as a function of the amount of standard deviations taken for the cut on ∆𝑻. The maximum value is 𝟏.𝟕𝟑±𝟔.𝟒𝟓⋅,𝟏𝟎-−𝟒..
	Figure 9: A plot of the sum of the asymmetries as a function of the MLP response. This maximum value is 𝟏.𝟗𝟎±𝟏.𝟏𝟐⋅,𝟏𝟎-−𝟏..

	Conclusion
	Acknowledgments
	References

