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Understanding the entangled polarization of photons produced in positron�electron annihilation re-
mains experimentally challenging. Recently, it has been proposed to utilize this correlation in positron
emission tomography imaging to suppress the random background and as a diagnostic parameter. Con-
ventional positron emission tomographs rely on the registration of the two annihilation photons from
positron annihilation. However, measuring polarization correlations requires scattering of annihilation
photons in the detector volume and the registration of their corresponding scatters. Such a 4-hit event
topology inherently su�ers from low e�ciency and high background. Therefore, translating this quantum
information into medical imaging requires a method to overcome the inherent limitations of conven-
tional geometric cuts. We present a machine learning classi�cation framework trained on simulated
detector events. This approach enables a high-purity separation of polarization-correlated signal from
background and simultaneously achieves a signi�cant improvement in computational e�ciency.
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1. Introduction

The study of entangled photons in the high-
energy regime is important for both fundamental
physics and medical physics [1�3]. Recently, it has
been a subject of intensive investigations [4�19].
Positronium atom, a bound state of an electron
and a positron, o�ers a natural source for these
photons [3]. According to quantum electrodynam-
ics prediction, annihilation photons from the sin-
glet state of positronium decay exhibit entangled
polarization [10�20]. Such an entangled nature can
be accessed by measuring the correlation between
their polarization states. In our recent studies, we
observed the nonmaximal entanglement between
photons when positrons annihilate in a porous poly-
mer medium [10]. This led to the hypothesis that
the strength of correlation might be environment-
sensitive due to di�erent annihilation mechanisms.
These �ndings pave the way for further investiga-
tions into how this polarization correlation varies
across di�erent physical and chemical surroundings,
potentially introducing new contrast mechanisms
for quantum-enhanced positron emission tomogra-
phy (QE-PET) imaging.

While the annihilation of positrons forms the ba-
sis of positron emission tomography (PET), this
quantum property remains unexploited in PET
imaging. Conventional PET relies on the detection
of two back-to-back (511 keV each) photons [21].
Although there have been many advancements in
PET imaging, the technique remains fundamentally
limited by the di�culty of resolving scattered and
random photons. The quantum correlation, sensi-
tive to the annihilation medium, not only acts as a
novel diagnostic probe but also holds the potential
to reduce these backgrounds [7].
To access this correlation, the polarization states

of photons must be measured. The high energy
(511 keV) of these annihilation photons prohibits
the use of traditional polarizers. The solution lies
in exploiting the Compton scattering phenomenon
as a polarization analyzer, governed by the Klein�
Nishina cross-section [22]. This requires the 511 keV
photons to get Compton-scattered in the PET de-
tection unit, with the scattered photons also sub-
sequently detected. In the last decades, several
studies have reported the feasibility of measur-
ing and utilizing this correlation to suppress back-
ground in reconstructed PET images. Crucially, the
plastic scintillator-based PET system, such as the
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Jagiellonian-PET (J-PET), is ideally suited for this
research. J-PET is a multi-photon scanner that has
application in multidisciplinary studies [23�27] and
medicine [28�29]. It utilizes long plastic scintillator
strips, which provide both a large detection volume
and good time resolution [30�31]. The low atomic
number (Z) of the plastic scintillator maximizes
the cross-section for Compton scattering relative to
photo-absorption, while the detector's high spatial
and angular resolution allows for the precise local-
ization of multiple scatter points. This allows the
detector itself to function as the measurement appa-
ratus. The strength of polarization correlation can
be de�ned by the entanglement witness parameter
R, which quanti�es this strength [4, 10, 12, 32].
The measurement of the entanglement witness,

R, requires isolating the speci�c 4-hit event topol-
ogy (one Compton scatter per annihilation photon)
with high precision. This critical event selection pro-
cess is currently challenged by background noise,
complex random coincidences, and inherently low
e�ciency due to the strict kinematic requirements.
With the advancement of new tools for data anal-
ysis and machine learning-based approaches, vari-
ous algorithms can be used to improve accuracy in
event classi�cation. Machine learning (ML)-based
classi�cation has proven e�ective in various ap-
plications in high-energy physics. To address the
severe purity�e�ciency trade-o�, this work intro-
duces an ML approach [33]. By leveraging the deep
pattern recognition capabilities of ML, we aim to
isolate the required 4-hit physical signature with
high purity. This will ensure the reliability of the
R measurement, while simultaneously enhancing
the computational e�ciency essential for clinical
translation.

2. Event topology

The dataset used in this study was generated us-
ing J-PET Geant4, a J-PET simulation package,
based on the Geant4 toolkit. For a more realistic
simulation, all possible decay channels of positron
annihilation in porous medium were included. Simu-
lated events were further analyzed using the J-PET
framework to introduce source activity, smearing
parameters, and coincidence time window. The
analysis method is described in [10]. To measure en-
tanglement between two photons (their polarization
correlation), both annihilation photons must scat-
ter inside the detector. For this study, we selected
the events with 4-hits: the �rst hit from each anni-
hilation photon is the scatter site, and the second
hit represents where the corresponding photon gets
scattered. The following two selection criteria were
applied to identify and re�ne 4-hit events:
(i) Geometric coincidence. We selected events in

a coincidence time window of 20 ns that reg-
istered at least four hits in the detector to

maximize e�ciency, thus avoiding the loss of
true signal events that might be accompanied
by background noise.

(ii) Energy-based pre-selection. From this pool, a
candidate 4-hit event is constructed by iden-
tifying and selecting two hits de�ned as po-
tential primary hits with energies between
200 and 340 keV and two hits de�ned as po-
tential scatter hits with energies between 30
and 200 keV. These speci�c energy cuts are
crucial for isolating valid scattering events and
accurately simulating the experimental setup.
The 30 keV lower bound is applied to emu-
late the detector's operational energy thresh-
old used in the experiment. The 340 keV upper
bound is chosen because it closely corresponds
to the Compton edge for 511 keV photons.

3. Methodology

The current methods for �nding events use sim-
ple, step-by-step selection criteria. Such a sequential
approach often misses the hidden or complicated
patterns of the signal, and the resultant e�ciency
is often very low. To �x the issue of high background
and low e�ciency, we developed and demonstrated
here an event selection method � a binary classi�-
cation system powered by the Python data science
tools [34, 35]. The training and testing data were
created using a detailed Geant4 Monte Carlo sim-
ulation of the J-PET 3-layer prototype geometry.
This simulation gave us the ground truth, identify-
ing exactly which 4-hit events were true signals and
which were background.
The underlying physics of the four hits can be

described by 20 independent parameters (position,
time, and energy for each of the four hits). How-
ever, the subsequent analysis utilizes a set of 30
correlated features derived from these parameters.
The events used for ML classi�cation were the pre-
selected candidates identi�ed in the previous sec-
tion. Each event was then described by a 30-feature
vector (a list of 30 characteristics), which focuses
on kinematic and timing information. The full
30-feature vector is composed of grouped metrics:

� Hit position features (12 features).
The X, Y , and Z coordinates for all four hits
(two primary and two scatter hits).

� Derived kinematic features (4 features).
The X, Y , and Z coordinates of the recon-
structed annihilation point, plus the angle be-
tween the primary photon directions.

� Time and distance features (14 features).
The time and distance di�erences between the
two primary hits, and the time and distance
di�erences between each of the four possible
primary-scatter hit pairs (time-of-�ight infor-
mation).
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Fig. 1. ROC curve comparing the performance of
the �ve machine learning models (logistic regres-
sion, random forest, multi-layer perceptron (MLP),
AdaBoost, and gradient boosting) against a non-
discriminating random classi�er (area under the
curve, AUC = 0.5). The curve illustrates the trade-
o� between the true positive rate and the false pos-
itive rate for various probability thresholds. The
MLP classi�er, with an AUC of 0.983, achieved
the highest performance to separate the true 4-hit
Compton signal from background noise.

This includes the precise spatial location of all four
hits, time di�erences between pairs of hits (time-
of-�ight information), and distance between the
hits, the angle between primary photon directions,
and the position of the reconstructed annihilation
point.
Before training, all features were standardized us-

ing a StandardScaler() function (from the scikit-
learn library) [34, 35]. This scaling step is critical for
the chosen deep neural network (DNN) classi�er, as
it normalizes the feature space, ensuring equal con-
tribution from all inputs and accelerating the con-
vergence of the gradient-based optimization process
by preventing features with larger numerical ranges
from dominating the updates.
The model's job was to identify true �4-hit Comp-

ton (signal) events�, consistent with the desired dual
scattering pattern and random coincidences (back-
ground), including accidental hits and complex scat-
tering.

3.1. Model selection and hyperparameter tuning

We tested several models to �nd the most ef-
fective classi�er for this complex selection task,
including random forest (RF), eXtreme Gradient
Boosting (XGBoost), and a deep neural network
(DNN) [36�40]. The performance of these models,
after extensive hyperparameter tuning, is compared
using the receiver operating characteristic (ROC)
curve analysis (see Fig. 1) [41].

Fig. 2. Plot illustrating the key performance met-
rics, i.e., purity e�ciency and accuracy, as a func-
tion of the classi�cation probability threshold (T)
for the optimized multi-layer perceptron (MLP)
model. The optimal threshold used for the �nal clas-
si�cation was determined at T = 0.70, which repre-
sents the highest combined performance, prioritiz-
ing both high purity (86.39%) and high e�ciency
(86.69%) for the selected event sample. This demon-
strates the model's ability to balance data quality
and event retention.

The best results were consistently achieved by the
multi-layer perceptron (MLP) classi�er, a type of
deep neural network (DNN). This model was ulti-
mately selected because the relationships between
the 30 input features are highly complex and non-
linear, a domain where deep learning excels com-
pared to traditional ensemble methods. The �nal
MLP structure was optimized using the scikit-learn
library in Python, achieving a best cross-validation
accuracy of 94.90% [34]. The optimal hyperparam-
eters selected for the �nal classi�er included two
hidden layers with 15 neurons each, an L2 reg-
ularization term (α = 0.0001), and a maximum
of 300 iterations, utilizing the default ReLU activa-
tion function and Adam solver. This tuning process
led to an ideal probability threshold of T = 0.70,
which yielded the optimal balance between data pu-
rity and e�ciency (see Fig. 2).

3.2. Feature importance

While the MLP provides the highest accuracy, its
internal structure is complex and di�cult to inter-
pret. To understand which of the 30 features were
most valuable in separating signal from background,
we used the random forest (RF) model [38]. The
RF classi�er, which uses the Gini impurity index
as its splitting criterion, allows for the calculation
of feature importance scores. The resulting analysis
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Fig. 3. Feature importance scores derived from
the random forest (RF) classi�er, ranked by the
Gini impurity index. Only the top 10 most in�u-
ential features are shown. Feature labels: theta_P
� angle between direction of two primary hits;
dist_PxSy � distance between a primary hit (Px)
and a scatter hit (Sy) (e.g., dist_P2S1 is the dis-
tance between the second primary candidate and
the �rst scatter candidate); dist_P � distance be-
tween two primary hit candidates; dt_PxSy � time
di�erence (∆t) between a primary hit (Px) and a
scatter hit (Sy).

identi�ed the angle between the primary hits and
the distance between the primary and scatter hits
as the most crucial features for event discrimination
(see Fig. 3).

3.3. Classi�cation performance and e�ciency

The performance of traditional, �xed-cut anal-
ysis serves as our crucial baseline. As illustrated
in Fig. 1 by the ROC curve, the MLP classi�er
clearly demonstrates superior classi�cation ability
compared to other tuned models [40]. Using the
same simulated dataset, the �xed-cut method, even
after applying further kinematic criteria (e.g., an-
gular cuts, annihilation point criteria for primary
hits) to improve event association, yields an initial
purity of 34.91% (meaning approximately 35% of
all selected events are true signal) and an e�ciency
of 13.71% (meaning only 13.7% of all true signal
events are retained).
In contrast, the �nal MLP model performed ex-

cellently, achieving an overall success rate of 94.94%
on unseen data. Most importantly for the quan-
tum correlation measurement, the purity of our
selected signal events hit 86.39%. This represents
a substantial improvement over the traditional
methods, increasing event purity by approximately

50 percentage points compared to the baseline. The
model's e�ciency was also very high at 86.69%, rep-
resenting a signi�cant gain in event retention com-
pared to the sequential cut-based 13.71% e�ciency.
The subsequent critical step in the overall analy-

sis chain is associating the scatter hits with their re-
spective primary hits. Traditional methods for this
association increase purity signi�cantly (by more
than a factor of two, depending upon the method
used) but result in a large loss of signal, decreasing
e�ciency by over 50% [42]. While this association
step is not included in the current ML-based work,
the high purity and e�ciency achieved by the MLP
in this �rst stage provide a robust foundation, and
we assume these advantages will be maintained even
after the �nal association criteria are applied.

4. Conclusions

The practical application of the entangled nature
of annihilation photons in PET imaging requires
high event purity, an e�cient event analyzer, and
fast processing. We demonstrate that a deep neu-
ral network (DNN) classi�er can e�ectively sort the
complex 4-hit data from J-PET scanners, provid-
ing high-quality data for polarization correlation
studies.
Future e�orts will focus on expanding this ma-

chine learning methodology to the subsequent,
equally challenging stage of event processing, i.e.,
the association of scatter hits to their correct pri-
mary photon paths, which is necessary for full
event reconstruction. Following the successful val-
idation on simulated data, this MLP-based selec-
tion method will be applied directly to experimental
J-PET data and adapted for use with the modular
J-PET detector setup.
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