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ABSTRACT

Context. A sizeable fraction of gamma-ray burst (GRB) light curves (LCs) feature a sequence of peaks that hold information on
the unknown way energy is released and dissipated into gamma-rays over time. Traditionally, searches for periodic signals in GRB
LCs have turned out to be inconclusive, partly because they are challenging as a consequence of the short-lived, coloured-noise, and
non-stationary nature of the LCs themselves. Yet, recent claims have revived the issue.

Aims. We aim to search for periodic components in GRB LCs through a new approach to GRBs that avoids most of the issues faced
by traditional Fourier techniques and periodograms due to the GRB LC nature.

Methods. We identified peaks through a well-tested algorithm and selected GRBs with at least ten peaks out of five GRB catalogues
(Swift/BAT, CGRO/BATSE, Fermi/GBM, Insight-HXMT, and BeppoSAX/GRBM). At this point, each GRB was simply treated as a
discrete point process whose realisation coincides with the sequence of peak times. We searched for possible periodic recurrences
based on the multinomial distribution, after accounting for the clustering of peaks due to the non-stationarity of the GRB signals.
Results. Accounting for the multiple trial periods, the best candidate has a p value of 3 x 10~ that there is no periodic recurrence.
However, accounting for the multiple trials of 555 searched GRBs, its statistical significance is downgraded to 17%. The overall
distribution of the p values obtained for all GRBs is compatible with a uniform distribution in [0, 1]. Our technique is sensitive to the
presence of >8 periodic peaks and a periodic peak fraction of ~75% at least.

Conclusions. We found no robust evidence for multi-peaked GRBs with periodic recurrences at peak times. We can exclude a sizeable
fraction (>0.75) of peaks of each GRB with at least ten peaks being periodic. While our result does not necessarily clash with claimed
periodicities based on Fourier techniques, it constrains the putative recurrent behaviour, which would manifest itself not through the

sequence of peaks but, evidently, in a more elusive way.

Key words. methods: statistical — gamma-ray burst: general

1. Introduction

The origin of the prompt emission of gamma-ray bursts (GRBs)
remains one of the most debated and open issues in GRB
physics. A number of alternative scenarios have been put for-
ward to explain three main intertwined aspects: (i) the uncertain
nature of the newborn compact object; (ii) the process through
which this inner engine powers the relativistic outflow; and (iii)
the mechanism that dissipates a fraction of energy into gamma-
rays (see Zhang 2018 for a comprehensive review).

The possibility of identifying a periodic component would
provide a strong direct clue about (i) and (ii), and indirectly
about (iii), too. Searching for periodic or quasi-periodic oscil-
lations (QPOs) can be carried out either in frequency or in the
time domain. In frequency, the presence of red noise in the power
density spectrum (PDS) is known to alter the statistical prop-

* Corresponding author; guidorzi@fe.infn.it

erties of power from a simple y? distribution, which is instead
expected in the presence of white noise (see van der Klis 1988
for a review). As a consequence, searching for periodicity in the
presence of red noise is more challenging (e.g. Israel & Stella
1996; Vaughan 2010 and references therein). Moreover, when
we look for the statistical properties of a random process gen-
erating the observed time series, we tacitly assume that a sin-
gle realisation of the process provides sufficient information to
infer the overall statistical properties of the process. In other
words, we assume that the stochastic process is ‘ergodic’. For
this to happen, the process must be stationary, in the sense that
all the moments and joint moments of the random process do not
depend on the particular time at which they are computed. The
timing analysis of non-ergodic processes can therefore produce
incorrect results, such as highly overestimating the presence and
significance of putative QPOs (Hiibner et al. 2022a), and signif-
icantly affect the PDS because of red noise.
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In this respect, GRB light curves (LCs) are very challeng-
ing, since they are short-lived, have individual and average PDSs
that are significantly affected by red noise (Beloborodov et al.
1998; Guidorzi et al. 2012, 2016; Dichiara et al. 2013), are over-
all non-stationary (e.g. Stern & Svensson 1996; Bazzanini et al.
2024, being the result of an irreversible catastrophic process),
and, as an ensemble, display a great variety of morphologies and
characteristic timescales.

In the literature, a number of searches for periodicity in GRB
LCs, either systematic or focused on some cases of special inter-
est, have appeared so far. One can divide them based on the
frequency range: (a) high-frequency (10—10° Hz) and (b) low-
frequency (0.01-10 Hz).

Concerning the low-frequency range, no unambiguously
convincing case (>30 significance) has been reported to date,
although different conclusions based on wavelets have occasion-
ally been reported (Tarnopolski & Marchenko 2021). In spite of
initial claims, the putative oscillations found in GRB 090709A
with a period of 8.1 s were soon downgraded, upon careful mod-
elling of the red noise part of the PDS (de Lucaet al. 2010;
Cenko et al. 2010). A similar conclusion was reached recently
through a Bayesian inference approach in the time domain,
fitting the LC of GRB090709A with a deterministic plus a
stochastic component modelled in terms of a stationary Gaussian
process (Hiibner et al. 2022b). No convincing case has emerged
from systematic analyses of samples of long GRBs that has prop-
erly accounted for the red noise affecting their PDSs, especially
in the low-frequency domain (<1 Hz) and for the multi-trial that
is implied in terms of both the number of examined frequen-
cies and the number of analysed GRBs (Guidorzi et al. 2016;
Xiao et al. 2022).

In the high-frequency domain, recent claims of kilohertz
periodic components in a couple of short bursts detected with
the Burst And Transient Source Experiment (BATSE) have been
reported (Chirenti et al. 2023); however, they have not been
confirmed by independent analyses (Liu & Zou 2024). A sim-
ilar claim was reported for GRB 200415A (Castro-Tirado et al.
2021), which, despite its name, is likely a giant flare of
an extragalactic magnetar (Roberts et al. 2021; Svinkin et al.
2021; Fermi-Lat Collaboration 2021), belonging therefore to a
class of sources that, in the Galaxy, have occasionally exhib-
ited high-frequency QPOs in the tail of analogous events
(Israel et al. 2005; Strohmayer & Watts 2005). Other similar
claims, although at significantly lower frequencies, have recently
appeared: in particular, a ~20-Hz oscillatory component in
the long-duration merger candidate GRB 211211A (Xiao et al.
2024; Chirenti et al. 2024). According to these analyses, these
transient oscillations are observed in a 0.2-s long interval. Within
such a short window, a ~20-Hz transient oscillation can only
accomplish four cycles, which corresponds to a very low quality
factor, Q', notwithstanding that, being so close to the low-
frequency boundary of the explorable range, it requires an accu-
rate modelling of the red noise, which can hardly be achieved.

If confirmed, these QPOs would provide strong clues
about how these binary compact object mergers happen, pos-
sibly related to oscillations experienced by the unstable and
strongly magnetised hyper-massive neutron star being formed
(Most & Quataert 2023; Xiao et al. 2024). Yet, the evidence so
far used to support the statistical significance of these QPOs

! In Fourier space, itis Q = f/Af, where f and Af are the central fre-
quency and width, respectively, for a QPO. Within a window, 7, there
are N = fT oscillations. The QPO cannot be narrower than the fre-
quency resolution: Af > 1/T, which implies Q < N.
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crucially relies on the assumptions that the null-hypothesis sce-
nario of no QPO is built upon. In this sense, non-stationarity
may undermine the conclusions based on assuming stationar-
ity; in any case, it makes the choice of time intervals to search
for QPOs crucial and somewhat arbitrary. Moreover, modelling
using Gaussian processes inevitably restricts in an arbitrary way
the possible stochastic nature of the GRB signal; for example,
should the statistical noise’ be multiplicative rather than addi-
tive — and we see no reason why one should exclude this sce-
nario a priori — the stochastic component could not be described
as a Gaussian process, either invalidating or undermining the
QPO claims. Or, still assuming the validity of a Gaussian process
description, one cannot use integration times that are too short,
since the low-count regime would require a Poisson process. In
addition, how all the multi-trial aspects are accounted for is often
overlooked. How many time intervals have been searched prior
to the interesting ones being identified, and how many GRBs
have been considered before the promising ones are focused on,
are just a few subtle but potentially key issues that one should
consider before making claims about (quasi-) periodic oscilla-
tions in transient and non-stationary events such as GRBs.

In this work, we try a different approach that has never been
applied to GRBs to our knowledge: we identify peaks in long
GRBs with many peaks (at least ten) through MEPSA (Guidorzi
2015), a well-tested algorithm, and turn the GRB LC into a tem-
poral sequence of events, given by the peak times. Consequently,
the problem of searching for oscillatory components turns into a
problem of searching for periodic recurrences in the peak times,
which is in principle much simpler to address.

A peak is identified by MEPSA whenever the rate of a given
bin exceeds those of its surrounding left and right bins (n; and n,,
respectively) by a corresponding sequence of values in units of o
(that is, combined rate uncertainties): several sequences, called
“patterns”, are tried and a peak is identified when at least one
of these patterns is fulfilled. This scheme is repeated by rebin-
ning the LC by all values within a range and, for each rebinning
factor, the different LCs with all possible initial phases are exam-
ined. The advantage of using MEPSA mainly lies in its capabil-
ity to detect, across different timescales, several peak structures
that are observed in GRB LCs, since it was explicitly calibrated
with that purpose, while keeping a very low rate of false pos-
itives, unlike previous analogous algorithms. It has two main
limitations: (i) the noise is assumed to be Gaussian: when this
is barely the case, as in the Poisson low-count regime, one may
still use it, provided that a conveniently high threshold on the
signal-to-noise ratio (S/N) of the peak candidates is adopted; (ii)
compared with an experienced GRB-trained human eye, MEPSA
seems to miss about 10% of all peaks, especially when they over-
lap enough to be missed by the code but not by the well-trained
eye (Maccary et al. 2024a).

Having transformed the GRB time series into a point pro-
cess has essentially removed issues such as red noise. Non-
stationarity remains a key issue, since it is responsible for the
clustering of peaks with time, and we show how this was
addressed in the new reformulation of the problem. While the
basic idea is not new, and in fact was used to discover the peri-
odic recurrence of bursts of some of the repeating fast radio burst
(FRB) sources (CHIME/FRB Collaboration 2020), applying it
to GRBs is different and somehow more challenging, due to the
combination of short-livedness and non-stationarity.

2 This is an intrinsic property of the signal and is not to be confused
with the counting statistics noise due to the measurement process.
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Section 2 describes the data sets. Section 3 illustrates the
technique adopted to search for periodic recurrences of peaks
along with its calibration. The results are presented in Sect. 4
and discussed in Sect. 5, in which conclusions are finally drawn.

2. Data sets
2.1. Swift/BAT sample

Starting from the long GRBs detected by Swift/BAT in burst
mode from January 2005 to October 2024, we extracted the
mask-weighted LCs with a uniform bin time of 4ms in the
15-150keV energy passband, following the prescriptions of the
BAT team®. Peaks were identified through MEPSA, imposing a
S/N threshold of S/N >5. We then selected the GRBs with a
minimum number of N, = 10 peaks, ending up with a sample
of 80 GRBs that is hereafter referred to as the Swift sample.

2.2. CGRO/BATSE sample

BATSE did not cover long-lasting GRBs in TTE entirely because
of on-board memory limitations. The best temporal resolution
available for the whole profiles of long GRBs is 64 ms. We there-
fore used the results of the peaks identified for each BATSE GRB
with MEPSA, which are reported in Guidorzi et al. (2024). These
LCs were taken with the eight BATSE Large Area Detectors
(LADs) and were obtained by the BATSE team from the con-
catenation of three standard BATSE types, DISCLA, PREB, and
DISCSC, in four energy channels: 25-55, 55-110, 110-320,
and >320keV. We used the summed counts of these four chan-
nels. We interpolated the background with polynomials of up to
the fourth degree, as was prescribed by the BATSE team.

The BATSE catalogue has the best sensitivity and the largest
average number of peaks per GRB among all past and present
GRB experiments. The same selection criteria, S/N > 5 and N}, >
10, were applied. As a consequence, we ended up with a sample
of 209 GRBs that is hereafter referred to as the BATSE sample.

2.3. Fermi/GBM sample

From the catalogue of long GRBs provided by the Fermi team,
we selected all the long (Tyg > 2s) GRBs from July 14,
2008 to February 4, 2024. We ignored the few very bright
GRBs that saturated the GBM detectors, such as GRB 130427A
and GRB 221009A (Preece et al. 2014; Lesage et al. 2023). We
rejected the GRBs that are affected by the simultaneous occur-
rence of a solar flare or whose profile was not entirely covered
by the time-tagged event (TTE) mode of GBM.

For each GRB, we extracted the LCs of the most illuminated
Nal detectors in the 8-900 keV energy passband with a uniform
bin time of 4ms. The background was interpolated and sub-
tracted using the GBM data tools* (Goldstein et al. 2022) follow-
ing standard prescriptions (see Maccary et al. 2024a for details).
The quality of the background interpolation was assessed by
ensuring that the normalised residuals in the background inter-
vals were compatible with uncorrelated Gaussian noise, as is
explained in Maccary et al. (2024b). For each GRB, the selec-
tion of the GBM units was based on the ‘scat detector mask’

3 https://swift.gsfc.nasa.gov/analysis/threads/bat_
threads.html

4 https://fermi.gsfc.nasa.gov/ssc/data/analysis/gbm/
gbm_data_tools/gdt-docs/

entry on the HEASARC catalogue’. We used the TTE data from
the start of its Tqg interval to the end. Finally, we identified and
removed the charged particle spikes from the LCs as follows:
bins whose counts exceeded by >90 the counts of the adjacent
bins were tagged as being due to a potential spike. Whenever
visual inspection of the different detectors established the spuri-
ous nature of the counts within a given bin, as was revealed by a
set of peak intensities that were incompatible with being caused
by a plane electromagnetic wave, its counts were replaced with
the mean of the adjacent bins.

We finally applied MEPSA to the background-subtracted LCs,
imposing the same threshold of S/N>5 and at least ten peaks
per GRB as for the Swift sample. In this way, we came up with a
sample of 240 GRBs from Fermi/GBM, which will hereafter be
referred to as the GBM sample.

2.4. Insight-HXMT sample

The first GRB catalogue of Insight-HXMT (Song et al. 2022)
includes GRBs that were observed with the High Energy instru-
ment (HE; Liu et al. 2020) used as an open-sky monitor. From
this catalogue, we selected the long-duration (7T9y > 2s) GRBs
and extracted their 4-ms background-subtracted LCs, summing
up the counts of all the 18 HE detectors in the nominal band
(either 80—800 or 200-3000keV®, depending on whether the
operation mode of the HE instrument at the time of each GRB
was normal or low-gain mode, respectively). Background inter-
polation was carried out as in Camisasca et al. (2023).

We applied MEPSA to all background-subtracted LCs and
considered the peaks with S/N>57, in line with the proce-
dures applied to the other experiments. We then selected the
GRBs by imposing N, > 10 on the number of peaks. Exclud-
ing the very intense GRBs that temporarily saturated the elec-
tronics (the so-called ‘iron’ sample in Song et al. 2022; see also
Camisasca et al. 2023), we finally ended up with nine GRBs in
what is hereafter referred as the HXMT sample.

2.5. BeppoSAX sample

The GRB catalogue of the BeppoSAX Gamma-Ray Burst Mon-
itor (GRBM; Frontera et al. 1997) presents two kinds of tempo-
ral resolutions, depending on whether any given GRB triggered
the on-board logic: 1 s (ratemeters) and the high-time resolution
of 7.8125 ms lasting 106, with the latter mode available only
for the on-board triggered events, which make up ~2/3 of the
whole catalogue (Frontera et al. 2009). The energy passband is
40-700 keV. We focused on the long (T9y > 2 s) GRBs that trig-
gered the on-board logic and applied MEPSA to the 7.8125-ms
background-subtracted LCs that have the best S/N: the GRBM
had four independent units that formed a square well. In most
cases, the LC with the best S/N was given by the sum of the two
most illuminated units and only rarely by just one unit. Back-
ground interpolation and particle spike removal were obtained in
the manner described in Frontera et al. (2009). We then selected
all GRBs that have N, > 10 peaks with S/N > 5, ending up with a

> https://heasarc. gsfc.nasa.gov/db-perl/W3Browse/
w3table.pl?tablehead=name%3Dfermigbrst&Action=More+
Options

6 These passbands refer to the deposited energies of incident photons.
7 In Camisasca et al. (2023) we applied a higher, more conservative
threshold on the peaks detected at 4-ms timescale, since in that case
the purpose was determining the minimum variability timescale. Con-
sequently, very short peaks had to be very robust.
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sample of 17 GRBs that is hereafter referred to as the BeppoSAX
sample. The 555 GRBs from the five samples form together what
is referred to as the total sample.

3. Data analysis

The key idea is to fold the time window that includes a given
GRB according to a number of trial periods, dividing each period
into a number of phase bins, and see whether the peak times tend
to cluster within one or a few phase bins: when this is the case
and is statistically significant, this would imply that peaks do
not occur randomly, but repeat with a period that is commen-
surate® with the trial one. Figure 1 illustrates the essence of the
technique and the meaning of some of the quantities defined in
the following, along with a sketch of a GRB LC, with its peaks
marked with red circles. The problem of evaluating the likeli-
hood of a given distribution of N, peak times within N, differ-
ent phase bins is formally equivalent to having N, balls within
Npn bowls: this is ruled by the multinomial distribution.

We let 1,,; be the time of the i-th peak and 6t,; its detection
timescale assigned by MEPSA, which can be taken as the uncer-
tainty on ¢, ;. We first defined the time interval that includes the
whole GRB as [1;,#¢], where t; = 1, — 7, t; = fpN, + T, where
T = (t,,JVp — 15,1)/10. In other words, we took the time interval
from the first to the last peak time and expanded on each side by
one tenth. We let T = t; — t; be the duration of the whole time
interval.

Here, we define a few key parameters:

— Ny is the number of cycles that a putative periodic signal
would have within T'; it ranges between Neyemin = 8 and
Neye,max» Which varies for different GRBs.

— P is the corresponding trial period and is P = T/Ngy; it
ranges between Pyin = T/Neyemax and Prax = T'/Neye min-

— Npp is the number of phase bins, into which a time interval
corresponding to a trial period is divided; it ranges between
Nph,min = 5 and Ny max, which depends on P. We thoroughly
examined the alternative option of fixing this parameter to
a single and optimally chosen value for each GRB. As a
result, relatively large values of Ny, performed equally well
in terms of sensitivity, but at the cost of remarkably shrink-
ing the range of explorable periods. We therefore opted for
the variable Ny, solution.

— Aty is the phase bin duration, which is given by P/Npyp;
its lower boundary is Afpymin, Which is calculated as
median({6t,,}). The rationale is that the duration of a phase
bin cannot be shorter than the typical uncertainty of the peak
times.

— Aty is the shortest contiguous time interval comprising
50% of the peak times.

In the following, we detail how each of the quantities introduced
above was calculated or why it was fixed to a specific value.

Neyemin determines the longest trial period and was set to 8.
Admitting values Neyemin < 8 would imply a low-quality factor,
QO < Ny, for the putative periodic signal and, consequently, a
weak claim for periodicity. In addition, we also imposed the con-
dition P < Aty the reason is that we do not want to consider
the case of a period longer than the time interval that includes
a sizeable fraction of peak times (50%, specifically), since it is
clearly irrelevant and could contribute to increasing the rate of
spurious periodic candidates.

8 Two quantities are said to be commensurate when their ratio equals
the ratio between two integers.
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Ncyc=3

< e >

Ptrial Atph

Fig. 1. Ilustrative sketch of how the folding and the related search for
periodic occurrences of peaks was carried out.

On the opposite side, the shortest trial period is given
by Neyemax: this was calculated as the closest integer to
T /(Nph,minAtph,min)- In fact, the shortest explorable period was
obtained with the product of the minimum number of phase bins
multiplied by the shortest phase bin duration. Ny. assumes all
integer values between the two boundaries for the same reason
that, in a Fourier PDS extracted over a time window, 7, all fre-
quencies that are evenly spaced by 1/7 up to the Nyquist one are
independent.

Given P, we tried a range of values for the number of phases,
Npy: the minimum value was fixed t0 Nppmin = 5, since a lower
value would correspond to a rough sensitivity and large num-
ber of spurious candidates. Nppmax Was calculated as the max-
imum between Nypmin and the rounded integer of P/Afphmin:
again, the reason was that we rejected the case Aty < Afphmin.
Thus far, for a given trial, P, or equivalently Ny, we deter-
mined the array of possible values for the number of phases,
Npp: the array of values for Np, was chosen as Nppmin2" with
n=20,1,...,[10g; (Nphmax/Nphmin)]; that is, doubling the num-
ber of phases until it exceeded the upper boundary.

For any given pair of values for (Ncyc, Nph), all the remaining
parameters were automatically determined. At this stage, given
a GRB and having defined the range for both quantities, for any
combination of (Ncyc, Nph) we folded the profile accordingly and
counted how many peaks fell in each phase bin. We let ¢; be
the number of peaks falling in phase bin i. We assigned a rela-
tive likelihood to the pair (Neyc, Nph) by means of the probability
mass function of the multinomial distribution, which was defined
as

ci
Nphpi
i=1 Ci! s (1)

NP! c1 ¢ CNph
o] | PrPy - Py,
C1:Co!l. .. CNph' P

f(c7Np9p)= =Np!H

where }; ¢; = N, and p are the probabilities of the correspond-
ing phases. In our case, all phases are equivalent, so we took
pi = 1/Npp for all i. To properly account for the probability space
in the null hypothesis of no recurrent behaviour in the sequence
of peaks, for each GRB we simulated a suite of Ny, = 10* ran-
dom sequences of N, non-periodic peak times. Each sequence
then underwent the same analysis in terms of the multinomial
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probability as in Eq. (1) and the resulting distribution was used
as a reference for the real sequence.

The Ngim samples of peak times should reproduce the same
non-stationary character of the real peaks, randomly distributed
and under the null hypothesis of no periodic signal. This is a fun-
damental aspect, missing which we would test a null hypothesis
of no periodic recurrences in peaks, which however would not
reproduce a key property of real GRB LCs: their non-stationary
character. In fact, for a generic GRB LC, peaks are not observed
with the same rate over time, but it is known that they tend to
cluster around periods of activity, which are occasionally inter-
spersed with quiescent times. While this simple property does
not necessarily imply a bias either in favour of or against pos-
sible periodic recurrences of the peaks, it surely alters in a
non-trivial way the simplistic null hypothesis of a constant prob-
ability per unit time for a peak to occur. After all, the importance
of a credible null hypothesis should not be underestimated, since
its rejection is then used to claim for periodic recurrences in the
peak times.

We let tg‘) = {t(p]f?} (i = 1,...,Np) be the k-th sequence
(k = 1,...,Ngm) of N, randomly simulated and non-periodic

peak times. In Sect. 3.1, we describe how we simulated tg‘) for
k = 1,..., Ngim, in a way that accounts for the non-stationarity
of GRBs.

For any given pair (N.yc, Nph), €ach sequence, tg‘) , was folded
into a histogram of counts per phase bin, which we denote as
{“‘) = {_{fk)} (i=1,...,Np), to be compared with the analogous
histogram, ¢ = {c;}, corresponding to the real sequence.

Insofar as the simulated sequences of peak times repro-
duce the non-stationary character of the real data, the likeli-
hood assigned to a generic k-th sample for a given (Neyc, Npn) is
given by Eq. (2), which is equivalent to Eq. (1) properly renor-
malised by the summed probability of all simulated samples,
Psum(Ncyc’ Nph),

2
®N, =——N,! l.v"“pi— 2
Jen @ N0 )= e gy 0 i oy @
where Pgym(Neye, Npn) is defined as
Naim
Psum(Ncyc’ Nph) = Z f({(k)» Np> D). 3
k=1

This is evaluated as the sum over all the N, sets, which cover
the parameter subspace of peak times compatibly with the LC of
every given GRB, such that the sum over k of Eq. (2) is 1.

The convenience of renormalisation as in Eqgs. (2) and (3)
is due to the fact that the typical values calculated with Eq. (1)
change remarkably for different values for (Neyc, Npn). Without
the renormalisation term of Eq. (3), we noticed that the method,
whose sensitivity was established through the calibration pro-
cedure described in Sect. 3.2, became almost blind, due to the
biased comparison of different values of (Neyc, Nph)-

Analogously to Eq. (2), which applies to the synthetic
sequences, we calculated the same likelihood for the real
sequence:

ci
Non Pi_
=l C,’!

L(Ncyc, Nph) = fren(C, Np»p) = Np! II -4

Psum(NcyCa Nph)

Finally, the best candidate to reject the null hypothesis of no
periodic recurrence in real peak times corresponds to the pair

(Neye,bests Nphpest) that minimises the likelihood associated with
the null hypothesis, which is Eq. (4):
L(Ncyc,besl» Nph,best) = min L(NC}’C’ Nph)~
NeyeNph

The best period candidate is therefore Ppegt = T'/Neyc pest- The
final statistical significance of Eq. (5), which we define as the ‘p
value’, since it accounts for the complex multi-trial correlation
involved between different trials, and non-stationarity, is given
by comparing the result of Eq. (5) with the distribution of Ny,
analogous values obtained for each of the simulated sequences
of non-periodic peaks {#*}: the best candidate of each synthetic
sequence is given by minimising Eq. (2) over all pairs (Ncyc, Nph)
in the very same way as for the real sequence. Summing up, the
p value is the probability of a given GRB having no periodic
recurrent peak times.

&)

3.1. Non-stationarity of GRB profiles

As it is well known in the Fourier space, the presence of a non-
stationary signal makes the search for periodic or quasi-periodic
features challenging, because the null hypothesis of no period-
icity to be tested can hardly be recognised, to the same extent
that searching for something in an unknown environment is more
challenging than searching for it in a known one. The analogous
issue in our case manifests itself in the way synthetic peaks are
generated as a function of time. In Sect. 3 we anticipated that,
for each GRB, the N, synthetic sequences of N, peak times are
generated so that they reproduce the non-stationary character of
the real LC. Here, we describe specifically how this was done in
practice.

We started from the general property of multi-peaked GRB
LCs, in which peaks tend to cluster around periods of activ-
ity. The average count rate during these active windows is typ-
ically higher than in other time intervals for the obvious reason
that the presence itself of multiple peaks within a given time
interval, contributes to enhance the resulting flux. This property
suggested that we should adopt the GRB time profile itself to
describe the probability per unit of time of a peak occurring,
which we denote as ¥(¢). Clearly, P(¢) should not follow the ebbs
and flows of the real LC in detail; otherwise, it would preferably
simulate peaks at the exact times of the real ones, at the risk of
blinding the search for genuine periodic recurrences.

The function, ¥(¢), has to be the result of some smoothing
of the original LC. The process of smoothing a time series when
searching for periodicity is called ‘windowing’, and its goal is
to reduce the spectral leakage due to the finite duration of the
observation (in our specific case, the finite duration of GRBs).
There are several different types of window functions that can
be applied, depending on the peculiarity of the signal. When
preserving frequency resolution is a primary concern, then, for
example, the Kaiser-Bessel is a good choice. On the other hand,
when the primary concern is the amplitudes of the frequencies
— the ability to distinguish how many peak times fall within a
certain time interval — then a flat-top (boxcar) window is a good
choice. A reasonable trade-off between frequency and amplitude
accuracy is offered by the Hann window’. For this reason, we
convolved the GRB LCs with both the boxcar and the Hann win-
dows, in order to explore the extent to which our results depend
on the particular choice of window. As we detail below, the anal-
ysis confirmed the independence of the results from the window.
In the following, we show the results obtained with the boxcar
window, unless specified differently.

° We used the function hann from the Python package scipy.signal.

A228, page 5 of 9



Guidorzi, C., et al.: A&A, 697, A228 (2025)

After several attempts, the optimal duration of the boxcar
window was identified in the shortest contiguous interval that
collected a given fraction (we chose 50%) of all the peak times.
This choice turned out to be effective: on the one hand, the exact
information on the sequence of a sizeable fraction of peaks is
lost; on the other hand the overall profile is reproduced.

Figure 2 shows the example of the famous GRB 211211A as
seen with Swift/BAT in the 15-150keV passband. Along with
the original 4-ms time profile, also shown are the peaks identi-
fied with MEPSA as well as the function, ¥(f) (solid orange line),
which resulted from the convolution of the original LC with a
boxcar window of 13.5s. Clearly, W(¢) reproduces the overall
behaviour over medium and long timescales, while it loses any
information on most waiting times'? between adjacent peaks.

Once Y(r) was calculated, for each synthetic sequence we
simulated one peak at a time using ¥(f), conveniently renor-
malised, as a probability per unit time. To each of the fake peak

times, t;f l) , we assigned the uncertainty, 6t,;, of the correspond-

ing real peak time and accepted it only if there was no overlap
between the interval, t;fl ) 4 ot,; and the analogous intervals of
the other fake peaks. This is an important requirement, which
ensures the same separability as the real peaks. Upon the accep-
tance of the N,-th peak, a given synthetic sequence was com-
plete.

3.2. Study of the technique sensitivity

Before we analysed the real GRBs, we characterised our tech-
nique as follows. For each GRB of the five data sets, we simu-
lated a fake sequence of peak times that had as many peaks as
the real one. For each sequence, we randomly selected a period
within the interval [Pin, Pmax], assuming a uniform distribution
in log P; we denote this fake period as P;. Within the time inter-
val covered by ¥(7), we randomly selected N, times out of a
sequence of P-periodic times, as follows: for any of these peri-

odic times, t;p l.), we assumed a Bernoulli distribution with a prob-

ability, ‘P(tﬁf l.)), of being taken, going on, and looping until N,
fake and periodic peak times were accepted. Upon acceptance
of each peak time, we verified the same separability condition
based on the uncertainties, 0, ;, affecting the real peak times as

in Sect. 3.1. Lastly, each accepted fake peak time, tif l.), was ran-

domly scattered assuming a uniform distribution in the interval

P l) + 0t,,; to incorporate the impact of the measurement errors

that affect real peaks.

Finally, we generated three more fake sequences of N, peaks,
but with a different fraction, &, of periodic peaks, with & = 0.75,
& = 05, and £ = 0.25, respectively (integer parts), with the
remaining peaks chosen randomly. Therefore, calling Ny, the
number of periodic peaks, it is Nper = [€N,]. While the first
sequence has 100% periodic peaks, the next three ones repro-
duce the possible case of periodic recurrent peaks being mixed
with other unrelated peaks.

At this point, for each GRB, each of the four sequences of
fake periodic peaks was treated as a real sequence and conse-
quently went through the same procedure outlined in Sect. 3. For
each case, we extracted the best period candidate, Py, along
with its p value, and compared it with the correct Py.

Figure 3 shows the scatter plot for all of the GRBs of the total
sample in the Npe—p-value plane. The colour code corresponds
to the fraction, &, of periodic peaks, whereas different symbols

10 Time intervals between adjacent peaks.
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Fig. 2. Top panel: LC of GRB 211211A observed by Swift/BAT in the
15-150keV passband as an illustrative example. The bin time is 4 ms.
The identified peaks are highlighted with red circles. The solid orange
line shows the probability density function, W(r) (Sect. 3.1), with arbi-
trary normalisation, assumed to generate fake peaks, and was obtained
from smoothing the original LC with a boxcar window of 13.5s to
account for the non-stationary nature of GRB profiles (see Sect. 3.1).
Small bottom panels: Three different examples (orange circles) of ran-
dom sequences of peak times, {®, generated using W(r) shown in the
top panel; the red circles show the real peak times, also shown in the
top panel.
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Fig. 3. P values of fake GRBs as a function of the number of periodic
peaks for the three different cases: the simulated period is (i) correctly
matched by the procedure (star), (i) commensurate with the best candi-
date, mostly by a factor of 2 or 3 (circle), (iii) is not correctly identified
by the procedure (black cross). Colours reflect the fraction of periodic
peaks over the total number of peaks within each single simulated GRB.

tell whether (i) it was a correct identification, Py =~ Py (star),
(ii) or Py # Ppeg, but Py was commensurate with Py (circle),
or (iii) or remained unidentified (black cross). The points with p
values <5 x 10~* should be taken as either rough or upper limits,
as they resulted from Ny, = 10* simulations.

Overall, correct identifications amount to 61%, commensu-
rate ones to 25%, and the unmatched cases to 13%. Interestingly,
60% of the correct identifications are characterised by a p value
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Fig. 4. Distribution of the multinomial likelihood values calculated for
each of the 10° simulated sets of peak times under the assumption of no
periodic occurrences, in the case of GRB 211211A, also shown in Fig. 2.
The vertical blue line shows the corresponding value for the real data,
showing that the no-periodic occurences assumption cannot be rejected.
Instead, the vertical red line shows the analogous result for a 211211A-
like GRB sharing the same number of peaks and non-stationary profile,
but with 75% periodic peaks. The p value is clearly <107,

<0.01,¢ > 0.75, and Nyer 2 8 (yellow/red stars). The same com-
bination of properties among the commensurate cases results in
a fraction of 19%, which is lower than for the correct identifi-
cations: the reason is that a sizeable fraction of commensurate
identifications are due to fewer (<8) periodic peaks and/or high
(=20.1) p values.

Taking the candidates with p value <0.01, Npe; 2 8 periodic
peaks, and & > 0.75, which is equivalent to N 2 Nper/€ = 10, all
of them are either correctly identified (88.5%) or commensurate
candidates (11.3%), neglecting 0.2% that are unmatched. The p
value of this subsample has a median value of 1.8x10~* and a 90
percentile of 1.9 x 1072. For the commensurate identifications,
the ratio between Py and Py is either 2 or 3 in 91% of cases.

Figure 4 shows the resulting distribution of 10° multinomial
likelihood values obtained from as many random sequences of
peak times in the case of GRB 211211A (Swift/BAT data). While
the real sequence of peaks (vertical blue line) appears to be
fully compatible with the assumption of no periodic recurrences,
the simulated case of 75% periodic peaks has a p value that is
<107, An accurate determination of its value would require
much more intensive calculations, which, within the scope of
the present work, would only be worth it in the event of a real
and equally significant case. In this example, we increased by
one decade the number of simulations just to showcase the sen-
sitivity of the method for a GRB featuring a lot of peaks (72
for GRB 211211A), three quarters of which would occur period-
ically.

By relaxing the threshold on £ to & > 0.5, so including the
green points in Fig. 3, these present a wide range of p values:
this means that, whenever the fraction of periodic peaks is 50%,
a correct (or commensurate) identification with a p value <0.01
is possible, but it is not granted. For all these simulations, the
smoothing function, ¥(f), was obtained with a boxcar window
(Sect. 3.1). We carried out the analogous set of simulations,
replacing the boxcar with the Hann filter, and the results do
not change in essence, obtaining the same indications that were
derived above for a boxcar. Summing up, as long as a GRB fea-

tures Nper 2 8 periodic recurrent peaks and they make up at least
three quarters of all peaks, our procedure is able to identify the
recurrence in 50% (90%) of cases with a p value <1.8 x 1073
(<1.9 x 1072).

4. Results

We applied the procedure described in Sect. 3 to the 555 GRBs
in the total sample. The GRB with the lowest p value of 3 x 10~
as calculated in Eq. (5) is Fermi/GBM bn170207906: this GRB
has 25 peaks, 17 of which (~70%) are found in the same phase
with a period of 0.419 s split into five phase bins. Figure 5 dis-
plays its LC along with its peaks and with the putative peri-
odic phase bins highlighted. Based on the characterisation of the
technique reported in Sect. 3.1, it is tempting to consider this
GRB as a convincing case for a periodic recurrence in peaks.
However, correcting for the overall multi-trial due to search-
ing 555 GRBs degrades the statistical significance of the best
candidate to a mere 17%. The three lowest p values are in the
range of 0.3—1.1 x 1073: the Poisson probability of having >3
out of 555 candidates with comparably low or lower p val-
ues is 2.4%, which is not small enough to claim that there is
a significant presence of periodic GRBs. Tables 1-5 report the
results for the best candidate of each GRB in the Swift, BATSE,
Fermi/GBM, Insight/HXMT, and BeppoSAX samples, respec-
tively. We obtained similar results — that is, no significant candi-
dates — when we assumed the Hann instead of the boxcar win-
dow, to model the non-stationarity (Sect. 3.1).

Looking at the distribution of 555 p values (Fig. 6), one for
each GRB, we wondered whether this is overall compatible with
a uniform distribution in the [0, 1] range, as one would expect if
there were a systematic and general lack of evidence of periodic
recurrent peaks. A Kolmogorov-Smirnov test yields a p value of
0.06% for the boxcar and 61% for the Hann windows. Hence,
no robust evidence is found that rejects the null hypothesis of no
GRBs with periodic recurrences in peak times, especially in light
of the significance of the best candidate. Lastly, the distribution
of the trial periods that have been examined for each of the five
GRB samples shows that the range spans from a few X 0.1 to a
few x 10 s, covering two decades.

5. Discussion and conclusions

We devised a new method of searching for (quasi-)periodic com-
ponents in long-duration GRBs featuring at least ten peaks, after
reformulating the problem. Compared with the traditional tech-
niques that have so far been adopted in the literature to tackle
the same problem, both in frequency and in time domains, our
technique just focuses on the times of the peaks, once these are
reliably identified. Our method reduces the information stored
in a GRB time series to a point process, such as the one made
up by the peak times. As such, it is not meant to replace more
traditional techniques, but at the cost of losing some informa-
tion it simplifies the problem, alleviating some of the pitfalls
that surround the other techniques, such as red noise and non-
stationarity. Its robustness also relies on very simple and basic
requirements, which are (i) the identification of peaks through
a reliable tool like MEPSA, and (ii) an effective procedure to
account for the non-stationarity of GRB LCs, which does not
depend on the kind of smoothing.

The idea of focusing on the sequence of events in time
is often used in other fields; for instance, the discovery that
some FRB sources are periodic repeaters just adopted the same
approach (CHIME/FRB Collaboration 2020). In general, every
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Fig. 5. LC of the best candidate. Top: Fermi/GBM bn170207906 is the
best candidate for a periodic recurrence of peaks: 17 out of a total of 25
peaks (red circles) belong to the same phase bin (vertical green regions)
out of 5 phase bins, corresponding to a period of 0.419s. The p value
is 3 x 107*. The solid orange line is the probability per unit of time,
Y(r) (arbitrary normalisation), used to generate fake peaks to estimate
the statistical significance. The panels from second top to bottom are
close-in views of three different portions of the total LC shown in the
top panel.
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Fig. 6. Distributions of p values (Eq. 5) for all 555 GRBs in the
total sample, using either a boxcar or a Hann filter to model the non-
stationarity of GRB LCs. The dashed line shows the average value that
is expected for uniform distribution.

phenomenon that can be described in terms of a point process
can naturally be addressed in this way.

Interestingly, like any folding technique, this method is sen-
sitive to periodically recurrent events, even when some expected
periods of activity turn out to be quiet, as is indeed the case for
periodic FRB repeaters. Another advantage of this method is its
robustness against the event with unidentified peaks: missing a
peak would just make the analysis slightly less sensitive, but
there is no pile-up effect, which instead would affect the study
of the distribution of waiting times.

Having established that this method simplifies the search for
periodic recurrences in GRB LCs, the question is whether it
may detect the same kinds of oscillations that have been dis-
cussed in the GRB literature so far. Surely, the high-frequency
and especially ‘transient’ oscillations are beyond the scope of
our method, unless they feature several statistically significant
ms-long peaks, which is never the case with past and current
instrumentation and data sets. But persistent oscillations (at least
with 8—10 cycles) in the range from a few x 0.1 to a few X 10s
can be detected with >30 confidence, provided that the num-
ber of recurrent peaks dominates (>75%) the overall number of
peaks within a given GRB LC, as we proved in Sect. 3.2.

Overall, our analysis of 555 multi-peaked GRBs from five
different experiments does not come up with any very strong
candidate of periodic recurrences, once all the kinds of involved
multi-trials are properly accounted for. In addition, we found no
robust hint that, for a sizeable fraction of GRBs, the majority of
peaks occur in a deterministic way in time (as opposed to ran-
domly), once the non-stationarity of the phenomenon is consid-
ered. These conclusions hold true at least for the range of val-
ues, which cover the spin periods of most Galactic magnetars
discovered to date. Clearly, this cannot rule out ms-magnetars
being GRB engines (Usov 1992; Duncan & Thompson 1992;
Zhang & Mészaros 2001; Metzger et al. 2011) for many rea-
sons. Firstly, at the time of the GRB, their estimated initial
spin period is in the millisecond range (Dall’Osso et al. 2011).
Secondly, even if the engine releases energy with a periodic
recurrence over time, the unknown dissipation mechanism into
gamma-rays could either wash out or significantly degrade any
imprinted coherence. For instance, the internal shock (IS) model
(Rees & Meszaros 1994) predicts a one-to-one relation between
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peaks and source activity (Kobayashi et al. 1997): should the
source emit the different shells with regular separations, the dis-
tribution of Lorentz factors, which contribute to determining the
collision times, could modulate and wash out the imprinted peri-
odicity.

In cases of special interest such as GRB211211A, our
explored range of periods is [0.36, 15.15] s, so our method can-
not test the existence of four oscillations with P ~ 0.05s over
a 0.2-s long interval (Xiao et al. 2024; Chirenti et al. 2024). Yet,
when the number of oscillations is so small, especially in the
light of the various potential issues mentioned above (Sect. 1), a
strong word of caution is needed.

In conclusion, we found no case of long, multi-peaked GRBs
that display a statistically significant periodic recurrence in peak
times, even admitting the possibility that a fraction up to ~25%
of all peaks occur at random (or unrelated) times. Consequently,
either the intermittent character that characterises the energy
release is inherently non-periodic, or the dissipation mechanism
into gamma-rays washes out any originally imprinted coherence.

Data availability

Tables 1-5 are available at the CDS via anonymous ftp to
cdsarc.cds.unistra.fr (130.79.128.5) or via https://
cdsarc.cds.unistra.fr/viz-bin/cat/J/A+A/697/A228
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