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Abstract

The search for dark matter has become a central focus in the field of particle physics and cosmology,
driven by a wealth of evidence that dark matter constitutes a significant portion of the universe’s
mass-energy content. Traditional dark matter detection experiments, designed to identify Weakly
Interacting Massive Particles (WIMPs), have yet to yield definitive results, prompting the exploration
of alternative candidates in the low mass regime. The XENONNT experiment aims to detect dark
matter particles in this regime using a liquid xenon target within a dual-phase time projection chamber
that is capable of reconstructing the 3D position and energy of particle interactions. However, a
persistent challenge in this search is the precise characterization and mitigation of background signals
that could obscure potential dark matter interactions. Dual-phase time projection chambers exhibit a
persistent rate of signals that correspond to single and few electron emissions in the detector. Lacking
a thorough understanding of their phenomenology, these limit our ability to distinguish between a
small signal background vs. a small signal from low mass dark matter. In this thesis, some preliminary
steps are taken to model these single and few electron signals using previous characterization studies
in similar detectors. A novel approach is proposed, where these emissions are modelled as a function
of all preceding energetic interactions in the detector. This model extends to longer (i.e. delayed)
time ranges than previous attempts, and shows promise in being an effective background model with
some further development, thereby enhancing the sensitivity of low mass dark matter searches with
XENONNT.
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1 Introduction

The Standard Model of particle physics is a remarkably successful framework that can accurately
describe the fundamental particles and forces governing our Universe. It has withstood rigorous ex-
perimental testing and has been instrumental in explaining a wide range of phenomena. There is,
however, an overwhelming body of astrophysical evidence that up to 85% of the matter that makes
up the Universe is some unknown, unseen particle from beyond the Standard Model. The existence
of this ”dark matter” can only be inferred through gravitational effects, but it has been instrumental
in the large-scale evolution in our Universe [1].

Despite its abundance, dark matter interacts so weakly with “ordinary matter” that we are yet to have
an unambiguous detection of a dark matter particle. Earth-based direct detection searches involve
studying the scatter of the potential dark matter candidates(s) off some target nuclei and transfer some
energy which is recorded as a scintillation, ionization or heat signal [2]. From these signals, expected
scatters from known particles (i.e. the background in the search) can be subtracted. Direct detection
experiments look for some excess of leftover signals that would point to scatters from some beyond
the Standard Model particles. These can then be compared against predictions from different the-
orized dark matter masses and interaction cross-sections. Dark matter interactions with nuclei are
incredible rare, and thus, direct detection require extensive background shielding and removal meth-
ods to identify any excess [3].

Of the direct detection strategies that currently exist, dual-phase time projection chambers that use
liquid xenon as the scattering medium have emerged as leading candidates in the search for dark
matter [4]. Incident particles recoil off of the xenon nuclei, exciting and ionizing them. From these
scintillation and ionization signals, the 3D position and energy of the particle can be reconstructed
and used to discriminate between known backgrounds and unknown potential dark matter signals.
Such time projection chambers are primarily sensitive to searches for dark matter with masses in the
>GeV/c? range. Liquid xenon time projection chambers have been operational in this range for three
decades already, and have managed set stringent limits that exclude large regions in parameter space
for such masses [3][5].

In the past few years, efforts have instead shifted towards light dark mattter in the sub-GeV range [6].
Light dark matter interactions with liquid xenon would result in very small energy transfers, corre-
sponding to only a single or few ionized electrons. Dual-phase time projection chambers however, are
capable of sensing signals down to this level- i.e. they are theoretically sensitive enough to potentially
find low mass dark matter interactions [4].

The challenge with probing lower mass regimes is that the number of instrumental and radioactive
backgrounds increases at small energies [6]. In particular, signals corresponding to single and few
electron emissions are observed to be especially elevated after a large energy deposition in the detec-
tor and persist for O(100 ms) after. These emissions seem to be ubiquitous in all liquid xenon time
project chambers. While several hypotheses exist, we are lacking an understanding of the physical
mechanism(s) that drive these emissions at time scales beyond a few milliseconds after an energetic
interaction in the detector. The emissions seemingly have no characteristic timescale, which means
that we cannot distinguish between the “delayed” single and few electron signals that may still be
some background from the previous energetic interaction, and potential low mass dark matter signa-
tures [5][7][9].
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Over the past few years, significant effort has been dedicated to characterizing the dependence of these
delayed emissions on preceding energetic interactions in an effort to understand their phenomenol-
ogy. The underlying still mechanisms remain inconclusive, but they have found certain correlations
between the rates of these small signals and the size, time and position of large interactions in the
detector directly preceding them [7][8][9]. These were then used these to identify and remove back-
ground single and few electron emissions. This approach is limited to specific time scales after each
large interaction, and cannot be extended to distinguish single and few electrons occurring several
seconds after. That is, a comprehensive background model that can capture the full range of these
emissions has not yet been developed, which means that any excess observed in this low energy
limit cannot be correctly distinguished from potential background emissions. This constrains low
mass dark matter searches to only being able to set upper limits, rather than being able to identifying
definitive dark matter signals [8].

In this thesis, these characterization studies are leveraged and some preliminary steps are taken to-
wards modelling this delayed single and few electron background for data in XENONNT, the latest
liquid xenon time projection chamber to join the hunt. XENONNT is a promising player in the low
mass dark matter frontier as one of the largest liquid xenon detectors in the world with a background
five times lower than its predecessor [10]. A novel approach where the single and few electron emis-
sions are modelled as a function of all preceding large energy depositions in the detector is presented.
This background model shows some promise in being able to capture the full extent of the delayed
electron emissions and thereby improve our ability to probe lower mass limits of dark matter.

Moving forwards, several of the terms mentioned above are abbreviated- a reference of these can
be found on page 3. The sections become increasingly narrower in scope- Chapter 2 begins with a
general introduction to the evidence for dark matter, some salient dark matter models for this investi-
gation, and the premise behind direct detection. Chapter 3 talks specifically of direct detection with
XENONNT, and discusses how the experiment mitigates its backgrounds and conducts low mass dark
matter. Chapter 4 summarizes the single and few electron backgrounds limiting these searches and
raises some key findings from the studies characterizing them. In Chapter 5, a general approach on
how these findings drove the modelling process is outlined. In Chapter 6, three potential models are
presented in increasing order of complexity, with the final one showing a new approach that solves
previous limitations. Chapter 7 summarizes these findings and provides some further ways to improve
the model.
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2 Dark matter

2.1 Evidence for dark matter

The evidence pointing to some volume of unseen matter in our Universe is wide and varied, extend-
ing from the galactic scale (primarily from the mass-to-light ratios of various astronomical objects)
to the cosmological scale (primarily from the Cosmic Microwave Background (CMB). Here, they are
briefly summarized- a full review can be found in [1] and [11].

One of the first observations came in 1933, when Fritz Zwicky applied the virial theorem to the Coma
Cluster and concluded that the galaxies within it were moving too fast to be gravitationally bound
by their visible matter alone. He termed this extra mass holding them together as “dunkle Materie”,
i.e. dark matter (DM) [12]. This mass defect continues to be observed even under more recent X-ray
imaging and modelling that better accounts for the hot gas within the cluster, with DM needing to
make up some 85% of the total mass [1].

A mismatch between motion and gravitational bounds can also be found at the galactic level. Spiral
galaxies are stable, bound systems, with young stars and gas mostly rotating in a plane around the
center. Assuming no external perturbations, the gravitational pull should equal the centripetal force,
from which we get Kepler’s Law [11]:

v(r) = (1)

where v(r) is the circular velocity profile, r the radius, i.e. the distance from the center, M(r) the mass
profile w.r.t. r and G is the gravitational constant. At radii enclosing the bulk of the mass content of
the galaxy, we expect to see v(r) fall off o r~2. From radio observations of the 21 cm spectral line
(i.e. the Is hyperfine transition of neutral hydrogen), we can probe rotational velocities to large radii
beyond the optical extent of the galaxy [1]. Surprisingly, the rotational velocity curve at these large
radii flatten out and stay constant in nearly all observed spiral galaxies, counter to the expected Kep-
lerian fall. Fig 1 shows this observed rotation curve for M33. That is, the mass from the stellar and
gas bulk in the center is not the only contributing mass. These flat rotation curves can be explained
by accounting for some "halo” of DM dominating the outskirts of spiral galaxies [1].
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Figure 1: Scatter points showing the observed rotation curve of the M33 galaxy. The DM halo
contribution is given by the dashed dotted line, the stellar disk (i.e. the visible disk expectation) by
the short dashed line and the gas contribution is indicated by the long dashed line. Measurements
<5kpc come from starlight, while longer radii come from 21 cm hydrogen measurements. From [13]

This mass defect can also be observed independently of the proper motion of astronomical bodies, by
looking instead at its effects on light. When light from a distance astronomical sources passes near
a massive object, its trajectory is bent by the curvature of spacetime, similar to a lens. The degree
of the focus/dispersion of light depends (alongside others) on the gravitational potential from by the
lens. Thus from observations of this light distortion and the geometry of the system, we can unravel
the mass distribution of the lensing object [1][14].

Fig 2 shows the Bullet Cluster, one of the most well-studied interacting systems where two galaxy
clusters collided, passed through each other and are currently moving apart. By studying the gravi-
tational lensing around this system, the gravitational potentials (and therefore the center of mass) is
shown by the white contours. This is in clear offset from the center of the hot gas (in pink), which is
thought to make up the bulk of the visible baryonic matter. The putative DM component (in purple)
simply passed through the interacting clusters along with the diffuse stellar components, while the
hot gas interacting electromagnetically was halted in its path [11].
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Figure 2: A composite image of the Bullet cluster from NASA’s Chandra Observatory [15]. The
white contours show the gravitational potential and center of mass of the system observed through
gravitational lensing. X-ray imaging shows the hot gas in pink. Purple indicates where most of the
matter is found. Stellar components from optical images are superimposed.

Finally, the CMB is the oldest radition we can measure, emitted after the Big Bang as the Universe
transitioned from a hot plasma to being transparent to photons, i.e. it gives a picture of their last
scattering. The CMB is almost perfectly isotropic, but measurements from the COBE, WMAP and
PLANCK satellites show small non-uniformities of AT/T ~ 107K [11]. They show small regions of
under and overdensities in the primordial Universe that were then magnified by its expansion. These
primordial density fluctuations are thought be responsible for the ”web-like” cosmic structure we ob-
serve today, of galaxy clusters and superclusters interspaced by voids as matter gravitated to regions
of overdensity. Dark matter is largely pressureless due to its weak self-interaction, and thus was able
to accumulate and ’clump” together to amplify these density perturbations and provide gravitational
wells where galaxies could form. A similar sort of evolution from a baryonic matter only model
would require much larger density perturbations than currently measured in the CMB due to its re-
pulsive pressure [1].

The CMB anisotropies are in excellent agreement with a Universe containing a “cold” (i.e. non-
relativistic) DM component that enhances structure formation, known as the Acpys model [2]. Under
this paradigm, ~26.6% of the energy content of the Universe is tied up in matter interacting only
through the weak-scale or lower [11]. The observed abundances of primordial elements today pro-
vide an estimate of the baryonic density through the concept of Big Bang nucleosynthesis in the
early Universe. These results align with estimates derived from the Cosmic Microwave Background
(CMB), but both point to the fact that baryonic matter constitutes only 1/5th of the Universe’s total
matter content [14]. Though more in the theoretical regime, the anisotropies in the CMB is one of the
most compelling pieces of evidence for the existence of dark matter.
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2.2 Dark matter models
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Figure 3: Mass range of potential dark matter models including limits from theoretical considerations.
Includes not just particle candidates, but also bosonic and primordial black holes. Figure from [16]

We can summarize some key properties of DM from this evidence. It has to have some mass, but no
charge or colour charge since it does not interact electromagnetically and is essentially collisionless.
Its key role in structure formation and presence in the early Universe imply that it is non-baryonic,
non-relativistic (to prevent large structures from “washing out” under fast-moving particles) and sta-
ble with timescales comparable to the age of the Universe [2].

No Standard Model (SM) particle fits these requirements. A number of theoretical models have been
proposed- Fig 3 summarizes their mass regimes. Despite theoretical and observational constraints,
they range across some 90 orders of magnitude in mass, with bosonic proposals on one end to macro-
scopic models (MACHOS) on the other that may account for the missing mass. Their general features
and motivations are summarized in [16]. Several of these models are based on the idea of a hidden”
or dark weak sector of yet unobserved quantum fields that mediate DM and SM particle interactions
in addition to gravity. Accordingly, their interaction cross section with “normal” matter also ranges
across 20 orders of magnitude [3].

Much research and interest until now as been focused on Weakly Interacting Massive Particles (WIMPs),
which lie in the region of ~10GeV - 10TeV if we include supersymmetric extensions of the SM out of
which they naturally arise [16]. WIMPs have masses and cross sections with SM particles typical for
the weak interaction. A self-annhilation cross section of ~3x1072° cm?3/s and mass of ~100 GeV/c?
almost perfectly predicts the relic abundance of DM that we observe today- a coincidence that is often
called the "Wimp Miracle” [2].

The focus in this report, however, is towards low mass dark matter models found in the keV-10GeV
range (though typically simply referred to as ”sub-GeV”). This is a natural conclusion given their
weak coupling with SM particles [17]. To give the correct relic abundance of DM, they require
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interaction cross-sections smaller than the weak scale, a constrain known as the Lee-Weinberg bound.
Light DM interactions would therefore be mediated by some hidden sector forces [16].

2.3 Dark matter detection

To probe such a wide parameter space, there is also a diversity of detection methods. Broadly speak-
ing, they can be summarized into three types based on the type of DM-SM interaction signatures they
look for: (a) accelerator searches, (b) indirect detection and (c¢) direct detection [2].

In accelerator-based searches, e.g. with the ATLAS and CMS, high energy collisions of SM particles
could result in the production of DM particles and their mediators. This can be inferred through some
missing transverse energy and momentum “carried away” by these particles. Indirect detection- for
example using the Fermi Gamma-Ray Space Telescope -instead searches for a surplus of SM par-
ticles like gamma rays and neutrinos in known regions of high dark matter density. These may be
potentially caused by DM self-annihilation. The focus of this report is on earth-based direct detection
which hopes to observe DM from its energy transfer upon scattering off some known target material

[2].

The approach to earth-based direct detection methods can be summarized as follows. When potential
DM particles recoil off of some target nucleus, they transfer some energy which can manifest as
a light (i.e. scintillation), ionization or heat signal. From these signals, we can then subtract an
expected background rate due to scatters from known particles and examine the remainder to see if
it makes up some “statistically significant excess” (usually reported at the 90% confidence interval)
[3]. The excess is an indicator of some new physics- i.e. potential dark matter -and can be compared
against the expected rate of signals in the detector for various DM models. This is governed by the
following (generalized, spin-independent) rate equation per unit energy [3]:

(dR pyAZGF2(E) Ve f(v,vp)
dE ~—  2MyP y el @

Vmin

A, ¢ and F(E) depend on the target and are the number of nucleons, the cross section per nucleon
and the nuclear form factor respectively. M, is the mass of the DM candidate and u gives the re-
duced mass of the scattering particles. Meanwhile p, is the local dark matter density and f(v,vo) is
its (Maxwellian) velocity distribution integrated from v,,;,, the minimum detectable velocity in the
experimental energy threshold to v, the Milky Way escape velocity. ¢4 (E) is a token function that
captures the resolution, quenching, acceptance etc. of the detector for different energy ranges and
the two are convoluted together (represented by ). The final signal rate is found by integrating this
across the experimental energy window [3].

If no excess of signals is found, the results thereby exclude certain DM models in parameter space.
Fig 4 summarizes these exclusion limits from a variety of different direct dark matter experiments,
shown as a function of the proposed DM mass and its interaction cross section with a nucleus [18].
The curves on the graph trace out the spin-independent DM limit- everything above it has been probed
with null results. The asymptotic nature of these curves come from the reduction in dark matter den-
sity at higher masses, and the region carved out in blue shows the neutrino ”floor”, where the rate of
coherent scattering of neutrinos off of the target material becomes comparable to the DM scattering
rate and limits measurements [4]. It is clear to see in Fig 4 that the sub-Gev range, i.e. low mass dark
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matter is still relatively unexplored.
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Figure 4: A summary of the exclusion limits set by various direct detection experiments as a function
of WIMP mass and its interaction cross-section with a nucleon. The dotted lines are projected limits
from upcoming experiments. The area obscured by neutrino scatters is indicated in light blue. From

[18].
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3 The XENONNT detector

3.1 The Liquid Xenon Dual-Phase Time Projection Chamber

S2

LXe

particle _

cathode =

-

ER drift time
p o — (depth) ——— . >
; ;
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Figure 5: Working principle of the time projection chamber in XENONnNT. The scintillation signal S1
is followed by an ionization signal S2 as the free electrons are extracted into the gaseous xenon. The
ratio between the two is used to distinguish between an electronic recoil (ER) or nuclear recoil (NR).
Figure adapted from [2], original image credits L. Althiiser.

Located at the Laboratori Nazionali del Gran Sasso in Central Italy, The XENONnT experiment is
one the largest earth-based direct DM detection experiments. It has 5.9 tonnes of liquid xenon (LLXe)
as its active target, and is a part of a class of detectors that uses a dual-phase time projection cham-
ber (TPC). Dual-phase TPCs are currently the world’s leading technology for the direct detection of
WIMP dark matter [4][19]

The working principle of the TPC is visualized in Fig 5. When a particle enters the interaction
medium, it will undergo either a nuclear recoil (NR) or electronic recoil (ER) interaction with the
xenon atoms. The resulting transfer of energy excites and ionizes the LXe, which then combine with
ground state xenon atoms to form meta-stable molecular states. When these states deexcite or re-
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combine, they emit light with a mean wavelength of 178nm to which the atomic xenon is transparent
[2]. The photons are thus able to travel through the interaction medium without interruption, and are
captured by an array of photomultiplier tubes (PMTs) at the top and bottom of the detector. This
produces a scintillation signal termed S1.

Meanwhile the ionized electrons that escape recombination are drifted upwards under a uniform elec-
tric field. The top of the detector contains gaseous xenon (GXe), and when they reach the liquid gas
interface, the are accelerated under a stronger electric field and a second, proportional scintillation
signal called S2 is produced through electroluminescence [20]. The hit pattern of the PMTs gives
the x-y position of the interaction, while the z-coordinate, i.e. the depth of the interaction in the LXe
column, is given by the time difference between the S1 and the S2 signal. From the size of the S1
and S2 signals, the energy deposited in the interaction can be reconstructed. A typical interaction or
“event” is of an S1 followed by an S2 within one drift time (=2.3ms), i.e. the maximum time it takes
for an electron to traverse the length of the detector [21].

3.2 Background mitigation

We saw in Section 2.3 that to observe any excess in a direct detection experiment, a good knowledge
and removal of possible backgrounds is crucial. For the XENONNT detector, the relevant backgrounds
can be split into two types: intrinsic and extrinsic.

Extrinsic backgrounds come from cosmogenic or environmental sources. This can be in the form
of muons and neutrons from cosmic rays or solar neutrinos, as well as environmental sources of ra-
dioactivity that results in a, § and y radiation that may scatter off of the LXe. These scatters can also
result from intrinsic radioactive impurities such as 85Kr, 222Rn trace amounts of uranium, thorium or
0C and their daughters mixed in within the LXe volume or emanating from the walls, electrodes or
other components of the detector. Electronegative impurities may also capture electrons and attenuate
observed signals [10]. Additional instrumental effects like dark counts in the PMTs can also result in
a background signal.

To mitigate the effects of extrinsic backgrounds, the detector operates deep underground, and has a
water shield and a neutron veto system that tags incident muons or neutrons respectively. By choosing
low contamination materials and reducing the internal surface-to-volume ratio during construction,
the intrinsic backgrounds from components are also reduced. The isotope 2!4Pb resulting from the
B-decay of Rn is the dominant background in the detector- a radon and krypton distillation column
purifies the LXe volume. Additional purification systems also remove potential electronegative im-
purities as well as tritium, which proved to be a troublesome background in XENONNT’s predecessor
XENONIT. In the range of (1,30)keV, XENONnNT has the lowest backgrounds ever achieved in a
DM detector at a rate of only ~15 events/(ton x year x keV) [10]. More details as well as further
backgrounds and mitigation techniques can be found in found in [19] and [21]

Any leftover backgrounds from these sources are studied, modelled and cut from the dataset. This
requires an accurate knowledge of their phenomenology. A common background reduction technique
is to exclude electron recoil signals- background B-decays typically result in ER signals, while NR
is the signature of WIMP and neutron recoils. Neutrons are much heavier than electrons, and so NR
in xenon produces shorter ’tracks” than ER which results in a smaller S2 signal (see Fig 5) [20].
The S1/S2 ratio therefore provides a means to distinguish between the two recoils in the detector.
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The probability of DM scattering twice within the detector is incredibly low- thus events occuring
within one drift time (2.3 ms), called double scatters (DS) can be removed as well. Finally, xenon
as an interaction medium is also motivated by background reduction. It is a noble gas, i.e. it doesn’t
interact chemically and has long lived isotopes, meaning easier purification and lower background
rates. Liquid xenon is also self-shielding. Any y-ray emissions from the edges will not travel far into
the detector leading to a pure central “fiducial volume” [14][22].

3.3 S2-only analysis & sub-GeV detection

There is also another motivation for choosing xenon. To result in a clear signal, the target nucleus
needs to be of comparable mass as the DM particle to allow for coherent scattering. Particles with
dissimilar masses would be less efficient in their momentum transfer, as most of the kinetic energy
remains with the heavier particle. Too light nuclei would be prone to background interactions and
result in a broad recoil spectrum that cannot effectively constrain the scattering DM mass [22]. Given
its atomic mass of 131 GeV/c?, xenon-based TPCs are a popular choice for probing WIMP masses
O(100 GeV/c?). DM in the sub-GeV range on the other hand cannot transfer enough recoil energy
to the xenon nuclei excite the atoms. It can, however, result in the ionization of a single or few elec-
trons through electronic recoils or the hypothesized Migdal effect, where a nucleus perturbed w.r.t
the charge cloud from the electrons due to an nuclear scatter results in ionization [2][23]. Sub-GeV
models may result in small energy deposits, but they contribute a high interaction rate in the detector
and can lead to a detectable excess if sensitive enough [6].

As the energy deposited in the detector decreases, naturally so too does the size of the S1 and S2
signals. The smallest signals that can exist in detector is in the form of lone S2s, where the interaction
energy is too small to result in an S1 over the threshold, but the amplification from the extraction field
at the liquid-gas interface results in a small, yet detectable S2. These small S2 signals correspond to
emissions of single or few ionized electrons, i.e. the expected signature of low mass DM in the de-
tector. So despite being optimized to probe WIMP massses, LXe TPCs are sensitive enough to reach
the low mass DM regime. In XENONIT, this was used to develop an ’S2-only” analysis technique
that could reach 2-3x lower energies than traditional analyses [24].

The lack of an S1 necessarily results in some loss of information- we cannot accurately reconstruct
the z-position of the interaction and we lose the discrimination between ER and NR signals that is
typically used for background removal. The biggest limiting factor in such ionization-only analysis
is that the number of instrumental and radioactive backgrounds increases at the low-energy limit. De-
spite the background mitigation techniques described above, elevated rates of single and few electron
emissions have been observed in nearly a// liquid xenon TPCs, and we do not yet have a rigorous un-
derstanding of all of their origins [6][8]. Because of this, we are lacking a comprehensive background
model, making it difficult to attribute any observed excess to light DM interactions. This means that
the S2-only analysis until now has been restricted to only setting upper limits to low mass DM models
by conservatively attributing al/l uncorrelated (see Section 4) small S2 signals to DM.
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4 Background characterization and phenomenology

It is clear from Section 3.3 that accurate background modelling and reduction requires a thorough un-
derstanding of potential sources. For measurements of low mass DM, this requires an understanding
of the single and few electron emissions in LXe TPCs. Interestingly, single and few-electron back-
grounds have also been observed in other direct detection experiments [5]. There have been a few
studies, including from the XENONIT collaboration, that have attempted to characterise these emis-
sions and find their correlation with various detector conditions or large S1/S2 signals. The results
were then used to explain their origins and develop methods of event selections to obtain a sample
of uncorrelated signals that could be a low mass DM signature [9]. This section summarizes some
salient findings from these papers, with a focus on identifying relevant correlations to be used for
modelling.

Particle interactions in XENONNT are separated by long time windows throughout which single and
few-electron signals can be observed. A key observation from nearly all characterization studies is
the correlation of the rates of single and few-electron emissions with large S2 signals, i.e. large energy
depositions in the detector. Hereafter, the S2s corresponding to single and few-electron emissions are
called SEs to distinguish them from these large S2s, even though both arise from ionized electrons.

SEs that occur directly after a large main signal are called prompt electrons. The origin behind these
are relatively well understood. They occur as a result of the light from the S1 and S2 signals photo-
ionizing exposed metal surfaces or electronegative impurities with low work functions within the
detector. In accordance with this reasoning, they are generally observed within a few drift times after
an S2 signal. Another SE background is in the form of “e-bursts”, i.e. a cluster of SE emissions
trapped at the liquid-gas interface that “burst through” to yield an uncharacteristically wide S2 signal
[7]. These signals can also be identified and removed- notably, they were not observed in XENONT1t
which had a better extraction efficiency than previous experiments [8][9].

What is concerning for the low mass DM search are observed SE signals that extend to 100x the max-
imum drift time after a large S2. The origin behind these so-called “delayed” electrons is not well
understood, but there are two main competing hypotheses. (1) They may be due to impurities within
the TPC- either in the form of negative ions that release electrons through collisional detachment, or
electronegative impurities that capture electrons with a re-emission orders of magnitude later than the
drift time. (2) They may be the a result of electrons losing energy at liquid-gas interface and getting
trapped due to imperfect extraction efficiency. Unless captured by some impurity, they are freed after
delayed timescales once they gain enough energy from the extraction field to overcome the potential
barrier [9][25]. The two hypotheses are studied by understanding the dependence of the SE rate on
detector purity (measured through the electron lifetime) and extraction field strength respectively [8].

Evidence for or against these two hypotheses vary depending on the detector studied- in XENONIT,
there was more support for the presence of some unknown impurities. A similar sort of evaluation
for XENONNT is beyond the scope of this thesis. The focus is instead on modelling the this long
tail of SE signals using primarily the results from the XENONIT study. XENONNT has carried over
much of the same infrastructure from this detector [21]. The two hypotheses are highlighted because
in both cases, delayed single electron emissions should be correlated in position with their progenitor
S2 pulse as the resulting electrons produced drift upwards with minimal x-y divergence. This will
prove to be a useful tool for analysing the models.
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The typical approach has been to try and find correlations between these delayed SEs and the large
S2 signal occuring directly before it. If uncorrelated, these should follow an exponential distribution
given the random, independent arrivals of particles in the detector [7]. The results, however, show
that the rate of SEs falls off with a power law (i.e. of the form t™") after a large S2 pulse. The expo-
nent value determined from different studies are summarized in Table 1. The physical reason behind
this power law form is not well understood- it indicates that these emissions have no characteristic
timescale. When fitted to a restricted range after each S2, the power law exponent was also found
to fall very close to or even smaller than 1, which makes it unnormalizable [7][9]. That is, any cut
that simply removes signals following this power law is not a technique that can be extended to long
timescales.

A higher energy interaction in the detector will also result in more ionization electrons. According
to the both hypotheses, this should also result in a larger delayed SE rate. Electrons from S2 signals
deeper within the TPC will also diffuse and potentially encounter impurities more, so we should see
a larger delayed SE component there too. Both of these were observed in XENONI1T when each SE
was associated with its directly preceding S2 [8]. Additional parameters like drift field dependence
or LXe purity can also vary SE rates, but are not considered here since they remain mostly constant
over short detector runs [21].

Detector Active target | Fitted range after S2 | Power-law exponent
RED-1 [25] S5kg 0.2 - 20 ms 14£02
LUX [7] 250 kg 0.325 - 1000 ms 1.1to 1.0
1.20 + 0.04 for le
ASTERiX [9] | 0.150 kg 0.03 - 1 ms 1.64 + 0.09 for 2e
2.34 4+ 2.24 for <5e
1.1 for le
XENONIT [8] | 2000 kg 2 -200 ms 1.3 for 2e
1.4 for <5e

Table 1: A summary of the power-law decay exponents for delayed electron rate since preceeding S2

observed in different LXe TPC masses.
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5 Approach

It is clear to see that creating a comprehensive, all encompassing background model is not a trivial
task. The electron emissions have different phenomenology, and not only do they potentially depend
on a variety of parameters, but the parameters themselves may range over several orders of magnitude.
Section 4 outlined how the single electron emissions strongly depend on the properties of the progen-
itor large S2 signal, i.e. its time and its size. Prompt electrons can be easily removed by removing
a few drift times after such a large S2 signal- the delayed electron tail requires a more complex model.

The basic idea here is to develop three models for these delayed electrons in increasing order of com-
plexity. As a baseline, we can start by fitting a constant background rate, i.e. this takes into account
neither the time nor size correlation w.r.t the S2s but instead establishes an average. The second
model, driven by the approach taken in the characterization studies, gives the rate of single electrons
as a function of their time since their preceeding S2- we saw in Section 4 that this should take the
form of a power law decay, i.e. we have a series of truncated power laws that ”start” and “’stop” in
the time intervals between each S2 signal. We will see that this approach is limited due to the varying
time windows between each S2, and find that the previous S2 is not always the progenitor signal.

The third model solves this by removing this truncation of the power law and instead models each SE
as a function of all of the S2 signals before it. Additionally, the energy and depth of the interaction
are also taken into account through the size of the S2 signal. The area of the S2, i.e. the total number
of photoelectrons measured in the PMT scales with interaction energy in XENONnT. The width, i.e.
the spread of the peak in time as the corresponding electrons reach the PMT is a measure of the
depth of the interaction. Deeper interactions correspond to wider peaks as the electron diffuse while
passing through the detector [2]. If we include both these parameters, we can make sure to distinguish
between elevated rates because of a larger signal vs. an interaction closer to the PMTs. This third
approach has not been previously explored in literature and is the main contribution from this thesis.

5.1 Data selection

The models were tested on a three hour snapshot of data from Science Run 0, which collected data
from May to December 2021. Populations corresponding to large S2 signals and the single and few
(<5) electron emission signals were selected as shown in Fig 6. An algorithm trained on simulated
data from XENONNT classifies the peaks into types based on its area and width. The 2D histogram in
Fig 6 shows that this rudimentary selection method already includes the vast majority of SE signals
in the detector. The single and few electron signals (called n-e on the graph) were combined together
to form the ”SE” dataset- from the three hours dataset alone, this provided close to 2x10° SE signals.
The selection also includes the largest S2 areas which can correspond to muon interactions- these
have been observed to result in an extend period of electron emissions and make up an important
background in the detector [27]
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Figure 6: Top: A 2D histogram of all signals captured in a 3hr time window. The peaks are binned
based on their area measured through the number of photoelectrons (PE) detected in the PMTs, and
the time range that includes 50% of the signal from start to end of the peak on the y-axis. Bottom: A
colour map of area, width and the mean area fraction top, i.e. the total light of the signal seen by the
top PMT. The plots are made using STRAX, the processing framework for XENONNT data, which
uses these parameters to also classifies peaks into types. The yellow box indicates the selected single
and few electrons to study (SE) and green shows the chosen large S2 signals- with this selection, we
make sure to also include the majority of SE signals as seen from the top histogram.
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Figure 7: Main: A histogram of the time difference between each SE signal and the primary S2 signal
that occurred directly before it. Inset: A zoomed-in version of the same graph for the region directly
after each S2. The gray shaded region shows the cut that was applied to remove the prompt electrons.

The focus is on finding a model for the delayed electrons. Fig 7 shows the region of prompt pho-
toionization electrons after each S2 that was removed from the dataset. While these should typically
be restricted to one drift time after a signal, there can be significant second and even third order pho-
toionization effects, where the scintillation from these prompt electrons themselves result in more
photoionization [14]. It is clear to see that the region of interest extends to O(100x) the drift time, and
the cut can therefore be liberally placed at three times the maximum drift. This factor has also been
used in the past [14]- it retains ~97% of the time to fit while removing ~40% of all single electrons
from the initial selection.

5.2 The extended unbinned MLE method

The models were fit using the iminuit package on Python, originally designed by CERN’s ROOT team
for optimized parameter estimation and error calculation in high-energy physics. iminuit’s extended
unbinned maximum likelihood cost function was used for all fittings. Single electron emissions persist
for several orders of magnitude and arise out of a variety of different processes, i.e. they encompasses
a wide, dynamic range. Binning this data, especially SEs plotted as the time since start of the run,
could potentially result in the loss of smaller scale features. If not computationally intensive, data is
usually fit unbinned [28].

The maximum likelihood estimation method (MLE) takes a specific probability distribution function
(PDF) and fits it to the observed (in this case unbinned) data by finding the parameters for which
its likelihood function is maximized [29]. Intuitively, the likelihood function L(8|x) quantifies the
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probability of observing the data x, given that it arises from a distribution with parameter 6. In the
case of multiple parameter models, the method involves finding the combination of parameters that
can maximize this function (or more commonly, minimize its negative logarithm). iminuit does this
numerically. A covariance matrix is also returned, from which the variance of each parameter around
its maximum (i.e. the matrix diagonal values) is used to give a lower bound to the uncertainty in
the estimated parameters [30]. This can be propagated to the values estimated from the fit from a
numerically computed Jacobian using the Jacobi Python package. In the following section however,
the models are visualized by binning data. The error of each bin is taken to be the square root of its
number of entries, i.e. they are assumed to be Poisson distributed and so the variance is given by the
square root of the mean.

The benefit of the MLE method is that it is asymptotically efficient, i.e. it achieves the lowest possible
variance among estimators as the sample size increases [29]. The results can be scaled up to larger
datasets with minimal discrepancy [28]. Furthermore, the models explored in this study are variants
of a power law distribution, for which the MLE method is better suited for estimating parameters as
opposed to alternatives like a linear regression from a log-log scale [31].

In the extended maximum likelihood method, the normalization of the model is left as a free parame-
ter, i.e. both the shape and the overall sample size is estimated. The probability density function (pdf)
integrated across the fitted range returns a finite value, but this value is not required be 1. The charac-
terization studies found that the number of single electron emissions can vary with various detector
conditions like electron lifetime, drift field etc. Choosing an extended fit takes this into account- if
changing some particular parameter results also in an increase/decrease in the number of electrons,
this is reflected in the covariance of the fit [32].
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6 Results & Discussion

The selection and cut as described in Section 5 finally resulted in ~1,100,000 SE signals in the dataset,
visualized in Fig 8. To begin with, a uniform distribution is fit to the data to find an average rate of
~105 delayed single and few electron signals per second. The fit does not pass through the majority
of the errorbars so it is immediately clear to see the variation in events across the run. Indeed, we also
saw in Section 4 that such a model is not well justified- elevated rates of SEs after a main S2 extend
into the delayed region as well.
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Figure 8: Rate of electrons expressed as a function of time since the start of the run. The result shows
an averaged rate of ~105 per second. For visualization, the bin widths here are 50s long, and the
y-axis has been scaled accordingly.

We can now introduce our first level of complexity, namely, the rate of single electrons as a function
of time from its progenitor S2 peak. On average, single electrons can only exist for some finite time
(15.0£0.4 ms) in the detector before being captured by electronegative impurities [21]. The most
obvious guess is that each single electron signal has been caused by the S2 peak occurring directly
before it. We can therefore associate each single and few electron signal in our dataset with the most
recent previous S2 and express the SE rate (R) as a function of their time differences (At), as opposed
to the time since the start of the run. This allows us to use the characterization studies- i.e. the rate
of single electrons decays in a power law fashion after a main signal. We can fit the following power
law model:

0 At < tyin

R(At|A,n,tyin) =A% n—1, At __ , (3)
(—)™", otherwise
Imin ~ tmin

where the power law within the brackets has been normalized, and A is found from the extended
MLE to scale the function to fit the total sample size. For our dataset, t,,;, = 6.9ms because of the
photoionization electron cut.
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Figure 9: Rate of electrons expressed as a function of time since the previous large S2 signal. The
fit here is a simple power law with t,,;,=6.9ms since the prompt electron region was removed. The
y-axis has been divided by the resolution of each bin and the total number of S2s in the dataset to
allow for easier comparisons between different datasets.

Fig 9 shows the results of this fit. Despite the small uncertainties in the parameters, it is also clearly
inadequate. The exponent n=1.4672+0.0004 is also higher than what was found in previous studies
(see Table 1). On examining the data, the power law behaviour seems to be restricted to smaller time
differences, with a sharp drop in the tail end of the data which is more characteristic of an exponential
distribution on logarithmic axes.

There is an immediate argument that can be made here- electrons at larger time differences from the
most recent S2 are uncorrelated, since an exponential distribution is what we would expect to see
in the case of independent processes with some constant rate, i.e. a Poisson process [7]. Arguably,
electrons at these longer timescales may be caused by a different mechanism than earlier ones.

We can check this idea by plotting a histogram of the time vs. position differences of the SE signal
associated with the most recent S2. This is shown in Fig 10(a) where the plotted data is restricted to
S2s that occurred in the central region (<30cm) of the detector to avoid bias towards smaller position
differences from signals too close to the edge. The results are surprising- there is a spread in the
position of the single electrons w.r.t. its previous S2 across all time differences. If later electrons were
the mostly uncorrelated ones, we would expect to see the yellow region along the diagonal of the
axes. Instead, we observe that even electrons immediately after a large S2 signal can be significantly
separated from them in position. This position non-correlation has also been observed in previous
studies- in XENONIT, when the correlated electrons are defined as those <15cm away from their
previous S2, the “fraction of (position) correlated electrons represent a non-negligible proportion of
the total number of delayed electrons” [8]. Given the two hypotheses of the origin of these electrons,
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this should not be true if the previous S2 is almost always the progenitor signal for these single and
few electrons.

(b)

[ Large S2s excluding DS

_ 200 b —}— Exponential fit: A = 4.37+0.02 571
=
=
™~
u
w 150 +
2
> n]
o IS
s 5
E < 100+
£
Q
L]
=
1]
i 50 -
=}
0 ) \ \
200 400 600 800 1000 1200 0 500 1000 1500 2000 2500
Time since previous 52 (ms) 52 time (ms)

Figure 10: (a) A histogram of the time vs. position differences of the SEs from their previous associ-
ated S2. Central S2 peaks are chosen to avoid bias. (b) A histogram of the time windows in between
each main S2 event fitted with an exponential decay function in accordance with their expected Pois-
son behaviour. Double scatters have been removed in (b) to prevent a large spike at t;2.3ms

So, there is a different gradient across timescales in Fig 9, but given this evidence, we cannot confirm
that the drop in the tail is indeed due to more uncorrelated electrons. Multiplying the power law with
an exponential, for example, may result in a better fit, but it is not justified physically. We can try and
investigate where this change in gradient occurs by fitting a (normalized) continuous broken power
law of the form:

(O At < Imin
AV
R(At|nl7n27tb7k7tmin) =Ax r Atmin <E<tp (4)
fnm
LA Ar >,
. I o

where:
lfn] 17}11 lfn]
t -t . t
= min_ 4 b 5)
1—nyq ny—1

and allow the break point to be placed anywhere between the start and end of the data. The results of
this are shown in Fig 11.



Chapter 6 RESULTS & DISCUSSION 27

100 F

-t E \

102 E

——=- {;=305.0+£0.9 ms
R{ﬂt‘l — ﬂt—l.ﬂﬂﬂzﬂ.ﬂﬂl
I R(At) ~ Ar—3151£0.007

Counts per ms per large 52s

104 L

i
10t 10
Time since previous 52 (ms)

Figure 11: A broken power law fit to the data, again, to obtain the rate of SEs as a function of time
from the most recent S2. The break point was allowed to be placed anywhere between t,,;;,=6.9 ms to
the last point in the dataset

A visual examination now shows a much better fit, with the model passing through the majority of
errorbars. Regardless of initial values or limits provided for any of the parameters, the break point
was consistently placed around #, = 305.0 & 0.9ms. The exponent n; = 1.008 £0.001 is more in line
with the results in Table 1 that also fit to a similar restricted range. The second power law exponent
is more than triple this value.

This result highlights an important issue with this model. While an increased rate of SEs can be cor-
related with large S2 signals, the S2 signals themselves are independent of each other. If we take the
time windows between large S2 events, we find Fig 10(b)- they decay exponentially as expected from
their Poisson nature, with a rate of A = 4.3740.02s~!. That is, we expect that on average, large S2s
are separated in time by windows ~230 ms. This is in the same order of magnitude as 7, in Fig 11.
So, it is possible that the bigger drop in counts beyond this point is artificially caused by the fact that
it becomes increasingly rare to find two S2s separated by such large times.

This time window limitation has been noticed in the past. In [7], the study of SE-previous S2 time
correlations is restricted to consecutive S2 signals with long time window separations, but this can be
difficult to find given the large number of double scatters (DS) in the detector. Essentially, when a
single particle interacting twice or even multiple times with the LXe will result in S2 signals occur-
ing within one drift time (=2.3 ms) of each other. DS signals made up ~35% of all large S2 peaks
in the dataset. A single electron from the first scatter at some Ar > 2.3ms could become arbitrarily
associated with the second scatter instead, which may have occurred at a different location in the
detector. Indeed, when looking at the number of single electrons associated with each S2 signal, there
is a marked increase for DS compared to single scatter signals despite them being identical in area,
indicating that this increase is likely because many of the electrons are coming from a previous peak
(see Fig 13 in Appendix A). This is then reflected in their non-correlation in positions in Fig 10. Par-
ticularly for smaller separations in Fig 10(a), it is likely that the progenitor S2 is not the most recent
one. Rather, it may have originated from an earlier S2 event.
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In Fig 9, 10(b) and 11 the DS peaks have been removed so that only the latest large S2 in a multiple
scatter interaction remains. However, there is no reason why this problem should be limited to time
windows <2.3 ms. Even for two independent S2 events separated by say, 10 ms, we can expect single
electrons from the first peak to ”bleed into” the second. What we are plotting then, does not accurately
correlate the single electrons with their progenitor pulse. Indeed, it has been observed that including
the time differences of position uncorrelated S2-SE pairs essentially has the effect of flattening the
power law descent [8]. This is one possible explanation for why the exponent calculated from this
method can sometimes fall to <1.

All of this evidence seems to point us towards the fact that a naive prescription of each SE signal to
the S2 that came directly before it is wrong. That is, a single electron may be caused not just by the
most recent interaction, but also potentially by all of the interactions that came before it. A power law
model as described above is limited to a specific range dictated by the average time windows between
S2 events.

Another effect that we have not considered here is the size of the S2 itself- given two double scatters,
we would expect more of this “bleed” for a larger first peak, since this would show an elevated number
of SEs as we saw in Section 4. From Fig 6 it is clear to see that our S2 signals span a few orders of
magnitudes in both area and width, both of which can affect the number of emitted delayed electrons.
This limitation has also been understood in past characterization studies. In [8], the effects of overlap
from the size of the S2 was quantified using a “shadow parameter”, with larger S2s casting a longer
”shadow” on the SEs that occur directly after. The shadow region indicates potential correlations
with the S2 peak- regions in heavy shadow could be cut out since they are likely generated by large
S2 peaks.

The model in equation 3. is given in terms of At, i.e. the time difference between the observed SE and
the most recent S2. If we instead convert this to be in terms of the time since the start of the run (t),
we would essentially find several power laws that ”start” and stop” in the time intervals in between
each S2 signal. Since we have established that the progenitor S2 peak can be any of the peaks before
the SE signal, an easy fix is to get rid of this truncation, and allow each power law to “bleed” into
successive S2 peaks. Since we can expect an elevated overlap for a larger S2 pulses, we can also add
a multiplicative factor to the power law to control the starting rate of these emissions. The power law
form of each S2 peak means that for any given point in time, the contribution to the SE rate comes
primarily from the preceding peaks, but the effects of far away large S2 peaks may still be apparent
(i.e. it remains non-zero).

With this model the contribution of each S2 pulse to the background rate R, is given by the following
function:

RP(tatpaApaWplnakvtmin7a7B) = (6)
A%W,?(t —1t,)7", otherwise

where t, is the time at which the S2 peak occurs, and A, and W, are its area (in PE) and width (in
ms). The factors o and B controls the scale at which the two parameters affect the SE emissions- i.e.
the differential rate. The multiplicative factor represents the most generalized form of this rate- if the
observed SEs have no dependence on width, for example, 3 would simply go to zero.
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The overall background electron rate from the start of the run (t) is now the sum of these contributions:
R(t|k7 C) = k + C * ZRp(tu tpaA[N Wp|n7 ka tmina au B) (7)
p

where p is all of the S2 peaks in the run. During plotting, each individual power law was first nor-
malized similar to equation 3 and then multiplied by the differential rate. The sum in equation 7 is
multipled by some constant C so the extended MLE fit scales the results to the sample size. This value
of C multiplied by the differential rate therefore gives an idea of the number of SE signals contributed
by each S2 peak. Finally, a constant k has also been added to the function. This returns the rate of
signals not attributable to the power law decay after each S2. I.e. these could be potential low mass
DM signals.

Because of the computational requirements of this cumulative model, the fit was restricted to 2000
S2 peaks, which corresponds to ~300 s of data. The results are visualized for a small section of ten
peaks in Fig 17- more snapshots from this fit can be found in Fig 15, 16 and 17 in the Appendix.
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Figure 12: The cumulative power law fit visualized for a snapshot of some 10 peaks. The factor n has
also been plotted as the blue scatter points. The resolution is 10 ns. The error bars are the square root
of the counts in each bin. The fit passes through the majority of these errorbars.

It is clear to see from the plot that the scaling based on area and width does somewhat match the
observed distribution- there is an increase in the number of events after S2s with larger differential
rates. When SEs up to 100s after each peak were plotted separately, there is a small uptick in de-
layed electron rates for both area and width immediately after the S2 with a comparatively smaller
variation in the latter (see Fig 13 and 14 in Appendix). The model predicts oo = 0.880 4= 0.004 and
B = 0.505+0.006 consistent with this.
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This approach seems to be especially good at predicting SEs around clusters of several S2 peaks like
around 1400 ms in Fig 17. It is also capable of predicting small features like around 400 ms. The co-
variance errors were also observed to be orders of magnitude smaller than the values, which provides
an initial check against overfitting [32]. When the contribution from each peak is added up, the fit
found a total SE count very close to the observed sample size.

Interestingly, the k constant gives a rate of 36.5+0.6 SEs per second. Compared to the rate from the
uniform distribution, this is a threefold decrease- i.e. this model reduces the dark matter limit by a
factor of three. When a similar k constant is added to the power law fits, both the basic power law and
broken power law set go into the negatives, which lacks a physical interpretation. It is likely a result
of the statistical limitations discussed above and so should be interpreted with caution. The positive
value for k in this summed power law is a promising result.

The power-law exponent found from the fit is n=1.448 £0.005. While lower than the value of the
basic power law, it is still higher than the values in Table 1. This introduces an important limitation
in this current application of the cumulative power law fit because of computation requirements. In
equation 6, we can see that the contribution of each peak only ”turns on” some t,,;, after each peak
since we have cut out this part of the data. Yet, the tails of previous S2 peaks can still continue in
this region, i.e. the PDF predicts a non-zero amount of electrons in the region when there should be
none. This would result in an artificial steepening of the predicted exponent and would especially
affect predictions close to DS. The function should therefore be adapted so that for some t,,;;, after
each peak, it is always set to 0. This is an easy fix in theory, but the required normalization of the
resulting PDF to use with iminuit quickly became computationally heavy.
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7 Conclusions & Future Outlook

In this thesis, we attempted to develop a model for the delayed single and few electron emission
background in XENONNT. These emissions are currently a limiting factor for low mass dark matter
searches with liquid xenon time projection chambers, since such sub-GeV particles would also result
in a similar signature. The models were built from the results of previous characterisation studies
of the delayed electron tail backgrounds, particularly in XENONnNT’s predecessor. Three models of
increasing complexity were tested, and a new approach that predicts the rate of single and few electron
emissions as a function of all previous S2 times and sizes is proposed as a viable option to be further
developed on. This approach is physically justified under the two main competing hypotheses for the
production of these delayed electrons, and tentatively points towards a three-fold reduction in the dark
matter limit. It can be used to predict SE signals even at long timescales after an S2.

This is however, still a preliminary result and there are many possible future steps from here. Until
now, we have stuck to a mostly visual and analytical analysis of the results. A quantitative comparison
of the quality of the fit is difficult- in fact, this is an open question for unbinned MLE methods [34].
The likelihood function values themselves cannot be compared, since the power law and cumulative
power law model are fundamentally different. They are non-nested, i.e. they do not reduce down to
each other for some special cases [35]. A common approach is to bin the predictions and perform
a chi-squared test, for which the general rule of thumb is to have at least five events in each bin.
While a crude binning is sufficient for the constant and power law models, it is clear to see that in the
case of Fig 17, doing so would destroy any ability to observe the power law decay of the data. That
being said, this cumulative power law model is well justified physically as opposed to just a naive
previous-S2 only model. Exactly how much better still requires some further analysis.

The results of the fit can be significantly improved with more computational power. Firstly, this then
allows the region after each S2 to be always set to 0, without which the steepness of the power law
decay tends to be overestimated as outlined in the previous section. It also means that the model can
be fit to longer run times, which can provide more insight into whether the results can be extended
to different runs. The initial development of the models was done with a 100s snapshot of data on a
different day. This run firstly observed a smaller photoionization period limited to 1 drift time, and it
also resulted in a value >1 for . It is possible that the form of the differential rate factor changes under
different detector conditions, seeing as the rate of single electron emissions changes with electron
lifetime and detector purity. With longer time scales, the annual modulation of these single and few
electron emissions can also be studied to further distinguish between correlated backgrounds and
potential dark matter signals.

Furthermore, signals from the entire volume of the detector was considered in this work. At times,
the dataset had some isolated spikes similar to the one around 600 ms in Fig 17 that could not be
predicted by the cumulative power law model. A possible reason for this could be spontaneous fluo-
rescence from the walls of the detector or emissions due to impurities from these edges. A possible
improvement would be to select SEs from only the inner fiducial volume of the detector, since this is
method that is already implemented to remove backgrounds [21]. Finally, the method of data selec-
tion though suitable for a preliminary study, is fairly crude. A team of XENONNT data analysts have
recently been testing more sophisticated classifications of these low-energy signals, based on their
proximity to S2 signals. It would be interesting to see how the model fit changes when the selected
signals to study is more restrictive. The results from these improvements would take us one step
further in the hunt for dark matter.
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Appendices

A Additional plots
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Figure 13: A scatter plot showing the elevated number of delayed single electrons as a function of the
previous S2 signal properties. There is a clear increase with area and width. The scatter points were
randomly selected from the set. Only 100 ms after each S2 is considered to avoid biasing longer time
windows, and double/multiple scatters have been removed by associating the electrons only with the

last peak.
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Figure 14: Scatter plot of single electrons after a S2 signal as a function of the area and width of the
signal. The single and double scatters are differentiated here to show the sharper increase in the rate
of single electrons after a double scatter for the same area. Data points were randomly sampled. Only
SEs some 100ms after a main S2 is considered to avoid bias for longer time windows.

Some more visualizations of the cumulative power law model randomly sampled
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Figure 15: The cumulative power law fit visualized for a snapshot of some 10 peaks. The factor n has
also been plotted as the blue scatter points. The resolution is 10 ns. The error bars are the square root
of the counts in each bin. The fit passes through the majority of these errorbars.
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Figure 16: The cumulative power law fit visualized for a snapshot of some 10 peaks. The factor n has
also been plotted as the blue scatter points. The resolution is 10 ns. The error bars are the square root
of the counts in each bin. The fit passes through the majority of these errorbars.
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Figure 17: The cumulative power law fit visualized for a snapshot of some 10 peaks. The factor n has
also been plotted as the blue scatter points. The resolution is 10 ns. The error bars are the square root
of the counts in each bin. The fit passes through the majority of these errorbars.
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B Code

The Github repository containing the code used in this investigation as well results of fits can be found
here.
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