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The Calorimetric Electron Telescope (CALET) is a powerful tool to observe cosmic-ray electrons
between 1 GeV and 20 TeV. Its 30 radiation-length calorimeter enables total containment of
electron-induced showers up to TeV energies, yielding an energy resolution of ⇠ 2% for these
events. The CALET all-electron spectrum obtained using the first 7.5 years of data closely matches
the one produced by the AMS-02, but in tension with DAMPE and Fermi-LAT in the 60 GeV -
2 TeV energy range. To investigate this tension, we explore the possibility of a bias in the event
selection by developing an alternative classification method between electrons and protons using
machine learning techniques instead of a deterministic algorithm. These unsupervised learning
techniques are used to find clustering in the flight data events without training on simulated data.
Here we present preliminary results from this analysis, and the performance of the trained method
when applied to the simulated dataset.
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1. Introduction

Cosmic ray electrons (CREs, referring here both to electrons and positrons) are challenging
to observe, as they constitute less than 2% of the primary CRs. Separation even becomes increas-
ingly difficult at higher energies, CREs having a softer spectrum than protons. This difference
can be explained by the energy loss mechanisms that distinguish between hadronic and leptonic
components of CRs. For electrons, the interactions with the interstellar medium (ISM) are purely
electromagnetic, with ionization losses being dominant up to MeV energies, bremsstrahlung and
adiabatic losses being important around 10 MeV, and inverse Compton scattering (IC) and syn-
chrotron radiation becoming the dominant processes at energies above a few GeV. As low energy
CRE are suppressed by the geomagnetic cut-off, instruments in Low Earth Orbit, like CALET, can
only observe events above a few GeV.

The Calorimetric Electron Telescope (CALET) is a space experiment installed at the Japanese
Experiment Module–Exposed Facility (JEM-EF) on the International Space Station (ISS) and
operational since October 2015. Its primary objective is to observe cosmic rays and it is optimized
for the measurement of the all-electron spectrum [2]. CALET’s capabilities allowed for the first
ever significant observations reaching into the TeV region, with an all-electron spectrum ranging
from 10 GeV to 3 TeV [5]. An updated spectrum was later published with nearly doubled statistics
and the full geometrical acceptance in the high-energy region [6]. The most recent publication
presented another increase in statistics by a factor of about 3.4, with 2637 days of flight data ranging
from October 13, 2015 to December 31, 2022. The spectrum integrated 7.02 million electrons
and positrons, above 10.6 GeV and up to 7.5 TeV [1]. This all-electron spectrum is shown in
Fig.1, together with the results from other recent experiments in space (AMS-02, Fermi-LAT, and
DAMPE).

When compared with other instruments, the CALET spectrum shows good agreement with
AMS-02 data up to 2 TeV. The observed electron spectrum follows an approximate power-law
behavior with a cutoff at TeV energies. In this work, we investigate the impact of data selection
strategies, particularly the discrimination between electrons and protons by exploring an alternative
approach based on unsupervised machine learning.

2. Instrument

CALET consists of two instruments: the Calorimeter (CAL) that we use in this work, and the
CALET Gamma-ray Burst Monitor (CGBM). The CAL has a field of view of about 45� from zenith
and a geometrical factor of 1040 cm2 sr for high-energy electrons. and can observe high-energy
electrons from 1 GeV to 20 TeV, protons, helium, and heavy nuclei from 10 GeV to 1000 TeV and
gamma-rays from 1 GeV to 10 TeV. The CAL consists of three components: a Charge Detector
(CHD), a 3 radiation-length thick imaging calorimeter (IMC), and a 27 radiation-length thick total
absorption calorimeter (TASC). The CHD is located above the IMC and measures the charge of
the incident particle. The IMC induces the start of the shower development for electromagnetic
particles while suppressing nuclear interactions in order to maximize the proton rejection power
for the electron candidates, and provides the direction of incident particles. The TASC installed
below the IMC measures the energy of shower particles caused by the interactions of the incident
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Figure 1: Cosmic-ray electron + positron spectrum observed with CALET from 10.6 GeV to 7.5 TeV,
compared with other direct measurements. The gray band indicates the quadratic sum of statistical and
systematic errors (not including the uncertainty on the energy scale). Figure from Ref.[1].

particles in the IMC, allowing for a nearly total containment of TeV-electron showers. We are
primarily interested in the data gathered with the high-energy (HE) trigger mode from CAL,
targeting electrons in the 10 GeV - 20 TeV energy range. More details on the CAL detector and
triggers can be found in Ref.[7].

Before any other selection step, a number of precuts are applied both on the simulations and
the data to keep only well-reconstructed and well-contained single-charged events.

3. Supervised learning: Boosted Decision Trees

The analysis to obtain the all-electron spectrum from Ref.[1] shown in Fig.1 was carried
out on the data collected with the HE trigger. A Monte Carlo (MC) program was used to
simulate physics processes and detector response based on the simulation package EPICS [8]
(EPICS9.20/COSMOS8.00). Our simulated sample of electrons have 20M events per decade from
200 MeV to 20 TeV and simulated sample of protons have 100M events per decade from 200 MeV
to 20 TeV. Both species are simulated with a ⇢�1 energy distribution.

The electron selection is performed through boosted decision trees (BTDs) [3], a supervised
machine learning algorithm that iteratively add small decision trees to minimize the errors made by
the previous trees in predicting the true nature of the events used to train the network. The output
is then defined as a weighted combination of the individual trees outputs. BDTs can discriminate
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between classes with great predictive accuracy in structured data, but are very sensitive to the initial
tuning of hyperparameters such as the learning rate, the number of trees and the tree depth.

The BDT method from Ref.[1] was trained and optimized on MC simulations, using variables
describing parameters such as the charge measured by the CHD or the IMC and TASC shower
profiles to discriminate between events. It was trained in the 476 - 949 GeV energy range with
9 parameters, and with 13 parameters above 949 GeV. This method yields good results: the
contamination ratios of protons are 5% up to 1 TeV, and less than 10% in the 1–7.5 TeV region,
while keeping a constant high efficiency of 80% for electrons. Nonetheless, BDTs being highly
sensitive to their initial tuning [4], as well as slight discrepancies between data and MC simulation
may affect the final result, in a way that is hard to estimate accurately.

In this work, we aim to apply unsupervised machine learning methods to CALET data to
extract cosmic-ray electron (CRE) events, with the goal of minimizing reliance on simulations and
producing a result that is as data-driven as possible.

4. Unsupervised Learning

Unsupervised learning is a type of machine learning where the algorithm learns patterns and
structure from data without being given explicit labels or instructions. For a classification problem,
such as discriminating between electrons and protons in a set of observed events, it means that
the learning phase is entirely based on intrinsic features of input observables and does not involve
labeled data as in supervised learning methods; the algorithm only searches for patterns in the data
to base its clustering on.

While it is not strictly necessary to find an optimal representation of the data— a sufficiently
powerful algorithm with enough data can learn to disregard uninformative variables— it is still
beneficial to guide the process by identifying features that are most relevant for classification,
thereby improving efficiency and performance. In particular, working with simulations allows to
measure the efficiency and contamination of the method and improve on those performances before
running the real data through it.

We identified 8 variables describing the IMC and TASC shower profiles, similar to what was
previously done for the BDT analysis. The correlation matrix in Fig.2 indicates that these variables
are uncorrelated, supporting the validity of using them together in the analysis. We consider the
energy range from 30 GeV to 10 TeV and we perform independent classifications for 10 logarithmic
energy bins. We keep the same set of 8 variables for all energy bins considered. We chose these
variables for their discriminative capacities based on the MC simulations, and for the similarities
in distribution of these variables between the MC simulations and the actual data. Even if our
method will be applied to the data directly without a training based on the use of MC simulations,
we can still make use of the simulations to evaluate and compare the capabilities of different
available algorithms and fine-tune their hyper-parameters. We checked the data-MC agreement for
the variables we identified by performing a template fitting according to standard procedures as
outlined in previous works [5].

Among the available clustering algorithms, Automatic and Hierarchical Gaussian Mixture
Modeling (AutoGMM) [9] performs well in presence of mixture model scenarios with Gaussian-
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Figure 2: Correlation matrix between the 8 variables we selected for our analysis.

like clusters with moderate dimensions. We first approached this problem utilizing AutoGMM and
we present the preliminary studies on simulated data here.

AutoGMM was fed with the nx8 simulated dataset, where 8 is the number of features (the 8
variables we identified) and n the total number of simulated events (both electrons and protons) after
pre-cuts. We found that this basic classification test yielded poor results: the AutoGMM algorithm
failed to distinguish meaningful particle classes, mislabeling the majority of events as belonging to
one class, not reproducing the injected fraction of electrons.

We proceeded with a standard machine learning approach of dimensionality reduction, to
reduce the number of features representing the data. Such procedures aim to maintain only the main
critical features that characterize the data in a lower dimensional space. The Principal Component
Analysis (PCA), is a classic example of such a method, useful when relations among the features
are known to be linear. On the other hand, the Uniform Manifold Approximation and Projection
for Dimension Reduction (UMAP) [10] is excellent in finding non-linear patterns among features
and outperforms most of the dimensionality reduction algorithms available in terms of separation
of different events in the lower dimensional space. We applied UMAP to reduce the dimensionality
of the data to a latent space of dimension = for every = between 2 and 7, and applied AutoGMM
clustering algorithm on the latent space. We repeat this in every energy bin. To evaluate the
performances, we looked at how well the predicted classification would reproduce the injected
electron fraction #4

#4+?
, where #4 is the number of electrons and #4+? the number of total events.

The best results, across all energy bins, were obtained when the latent space dimension was 4.
We defined error bars associated to the estimated electron fractions by looking at the span of this
fraction obtained when using different = between 2 and 8. In the next section we report the results
of this preliminary study.

5. Results and Perspectives

The results of this study are shown in Fig.3. The reconstructed electron fractions obtained
with our method between 30 GeV to 10 TeV on MC simulations are consistently close to the true
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Figure 3: Reconstructed electron fractions on MC simulations in red, compared with the surviving electron
fractions after precuts, for ten energy bins between 30 GeV to 10 TeV. The main results are obtained with a
latent space of dimension 4, while the results obtained with different dimensions are shown in transparency.
Error bars are marking the standard deviation of the results obtained with the different latent space dimensions.
We can see that the False Positive fraction of protons mislabeled as electrons stays below 0.05, and that the
True Positive fraction of electrons correctly labelled stays above 0.95.

electron fractions for the ten energy bins we defined. The true positive percentage of electrons
being correctly labeled as electrons stays significantly above 95%, while the false positive protons
being mislabeled as electrons stays below 5%.

Our current preliminary results show that the latent space we use as a representation to
perform the clustering accurately captures discriminating features to separate electrons from protons.
Our next objective is to ensure that the clustering step, currently performed by AutoGMM, still
gives accurate results with lower relative electron statistics. This method constitutes a promising
alternative to the BDT classification that does not rely on simulated datasets. In the future, we will
continue to develop the pipeline by conducting a systematic study comparing different clustering
algorithms. To avoid biasing the final results, the selection of the most effective algorithm will be
based on performance evaluated using simulated datasets, before comparing our results with the
standard BDT approach and applying our method to the real flight data.
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