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Abstract

Numerous physiological processes are cyclical, but sampling these processes densely
enough to perform frequency decomposition and subsequent analyses can be challenging.
Mathematical approaches for decomposition and reconstruction of sparsely and irregularly
sampled signals are well established but have been under-utilized in physiological applica-
tions. We developed a basis pursuit denoising with polynomial detrending (BPWP) model
that recovers oscillations and trends from sparse and irregularly sampled timeseries. We
validated this model on a unique dataset of long-term inter-ictal epileptiform discharge (IED)
rates from human hippocampus recorded with a novel investigational device with continu-
ous local field potential sensing. IED rates have well established circadian and multiday
cycles related to sleep, wakefulness, and seizure clusters. Given sparse and irregular sam-
ples of IED rates from multi-month intracranial EEG recordings from ambulatory humans,
we used BPWP to compute narrowband spectral power and polynomial trend coefficients
and identify IED rate cycles in three subjects. In select cases, we propose that random and
irregular sampling may be leveraged for frequency decomposition of physiological signals.
Trial Registration: NCT03946618.
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Author summary

Circadian and multiday cycles are an important part of many long-term neuro-behavioral
phenomena such as pathological inter-ictal epileptiform discharges (IEDs) and seizures in
epilepsy. Long-term, ambulatory, neuro-behavioral monitoring in human patients
involves complex recording systems that can be subject to intermittent, irregular data loss
and storage limitations, resulting in sparse, irregularly sampled data. Cycle identification
in sparse data or irregular data using traditional frequency decomposition techniques typ-
ically requires interpolation to create a regular timeseries. Using unique, long-term
recordings of pathological brain activity in people with epilepsy implanted with an investi-
gational device, we developed a method to identify cycles in sparse, irregular neuro-behav-
ioral data without interpolation. We anticipate this approach will enable retrospective
cycle identification in sparse neuro-behavioral timeseries and support prospective sparse
sampling in monitoring systems to enable long-term monitoring of patients and to extend
storage capacity in a variety of ambulatory monitoring applications.

Introduction

Studying the dynamics of complex neurological and psychiatric diseases with behavioral mani-
festations requires ambulatory monitoring of peripheral physiology, behavior, and brain activ-
ity. In epilepsy, long-term monitoring of seizures and inter-ictal epileptiform discharges
(IEDs) has revealed circadian and multiday cycles of seizures and epileptiform brain activity
[1-3]. In temporal lobe epilepsy (TLE) seizures and IED rates are especially tied to sleep/wake
behavioral states [3-7]. Leveraging these cycles to anticipate high risk intervals for seizure
occurrence and time interventions may create new therapeutic opportunities [3].

Data under-sampling and loss are common in ambulatory monitoring, especially for
devices recording and streaming intracranial electroencephalography (iEEG). Complex
recording systems (Fig 1A) are subject to signal storage, battery life, and wireless connectivity
limitations [8]. Given device data storage limitations, most electrical brain stimulation (EBS)
devices in clinical use store variable and limited local field potential (LFP) data: around one
month of coarsely averaged features such as power-in-band, for example [9,10] or limited brief
selected raw data segments [9,10]. Multiday data drops tend to present the largest analytical
challenges. In loop recording devices, often the past data are overwritten if recordings are not
downloaded by patients [9]. Research grade, investigational devices capable of continuous data
streaming require frequent charging and consistent wireless connectivity; creating significant
hardware management burdens for patients [8,11,12]. Power and connectivity issues lead to
packet drops and data loss that can degrade analytics and clinical performance [13].
Approaches that maximize the collection of meaningful data while minimizing demands on
patients and system hardware are needed.

One solution is to store only the minimum data required to characterize a neurophysiologi-
cal process [14]. An acceptable, minimal representation of data depends on the signal of inter-
est and requirements of methods for analysis [15]. Most approaches for cycle identification are
unsuitable for infrequently and irregularly sampled timeseries. Discrete Fourier-[16] and auto-
correlation-based [17] linear methods require dense and regular sampling, increasing storage
demands and necessitating interpolation of missing data. Identifying cycles in timeseries
wherein most samples are unknown requires approaches designed to accommodate sparsity.

Sparsity can describe datasets, signals, and statistical approximations. These definitions are
often concurrently relevant. In a sparse dataset, most observations, or samples, are zero.
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A. Use case: Continuous neuro-behavioral recordings
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Fig 1. Schematic overview of neuro-behavioral recording applications. (A) Use case: Systems for continuous neuro-
behavioral recordings. Recording, energy, storage, connectivity, and usability demands placed on ambulatory brain
recording systems can result in data loss. (B) Application: Cyclical neuro-behavioral signals-Inter-ictal epileptiform
activity. (i) Representative example of inter-ictal epileptiform discharges (IEDs) recorded from intracranial
electroencephalography (iEEG). (ii) Example of IED rates (IED per hour) recorded from a hippocampal iEEG electrode
showing circadian changes in IED rate with increased IED rates during sleep. The period from 10 PM to 8 AM is noted
in gray. (iii) Example of multiday IED rate recording showing multiday cycles. (iv) Random subsampling of the signal in
iii to show how sparse sampling and data drops make it challenging to discern the underlying cycles of IED rate.

https://doi.org/10.1371/journal.pcbi.1011152.9001

Sometimes, a signal can be well represented by a small number of components (low rank
approximation) that capture nearly all the variance of a signal. In this case the signal, and its
model, are both sparse. There are mathematical definitions whereby values describe the num-
ber of nonzero coefficients. For example, a signal is k-sparse if only k coefficients are nonzero.
In sparse representations, the value of k is small, though its exact value is case dependent. This
can also be explained as sparsity in a transform domain. For example, although a signal may
have been sampled at a high sampling rate to create a very dense dataset in the time domain, in
the frequency domain, the power spectrum may only have 3, narrow peaks indicating that
what was observed was 3, separable, concurrent oscillations. Altogether, a signal that has a few,
distinctive, separable components that capture most of the signal’s variance lends itself well to
sparse representation and ultimately analysis or reconstruction of a sparse dataset using spar-
sity- (or low-rank)-based techniques.

Sparse recovery techniques (including compressed sensing methods) capture a family of
techniques developed to recover information from sparse and sparsely sampled data in applica-
tions including signal compression and magnetic resonance imaging (MRI)[18-20]. Based on
basis pursuit [21], these methods exploit conditions whereby algebraically undetermined or
sub-Nyquist-Shannon sampling is permissible and frequency decomposition can be done on
less frequently sampled signals [19]. The related techniques of basis pursuit denoising and least
absolute shrinkage selection operator (LASSO), also known as L1 regularization or sparse
regression, estimate the simplest, or in this case the sparsest, description for a set of observations
that does not have to be regularly or densely sampled [22,23]. By leveraging sparsity of the target
signal quantity, we can address the challenge presented by long-term neuro-behavioral data
acquisition: identifying cycles in infrequently and irregularly sampled data [24]. Our goal was to
develop a conservative model for frequency decomposition of infrequently and irregularly sam-
pled data that yields sparse spectral outputs and accommodates polynomial trends in the time-
series, limiting potential errors introduced by linear detrending during pre-processing.

Here, we describe a method for frequency decomposition of sparsely and irregularly sam-
pled neuro-behavioral data: basis pursuit denoising with polynomial detrending (BPWP). In
short, the approach takes an irregularly and sparsely sampled timeseries and performs fre-
quency decomposition and polynomial detrending. We used simulations to test the method’s
characterization of cycles in complex timeseries data over a range of physiologically relevant
parameters. We then applied BPWP to unique, real-world recordings of chronic, ambulatory,
iEEG from people implanted with the investigational Medtronic Summit RC+S deep brain
stimulation (DBS) device for drug resistant temporal lobe epilepsy (TLE). The recordings con-
tained multiple years of translationally relevant IED rates from epileptic hippocampus in 3
human participants with mesial temporal lobe epilepsy in an investigational device study
(https://clinicaltrials.gov/study/NCT03946618). We identified circadian and multiday cycles
of IED rate in our data with both standard approaches and BPWP. Our findings support fre-
quency decomposition of sparsely sampled neuro-behavioral data and highlight translational
opportunities for efficient sampling and reconstruction of neuro-behavioral signals to study
the interplay between electrophysiology and behavioral or multi-domain data.
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Results

The purpose of BPWP is to identify oscillations and polynomial trends in sparsely and irregu-
larly sampled timeseries. A schematic diagram of the approach is provided in Fig 2. Explained
in detail in the methods, the model assumes the observed signal (a set of sparse, irregular sam-
ples) can be described by the linear sum of a set of oscillations, a polynomial trend, and noise.
BPWP aims to minimize the square of the L2 norm of the difference between the observed
data and the estimate of the observed data (the sum of the oscillations, polynomial trend, and
noise). The model outputs consist of a sparse, narrowband power spectrum (spectral coeffi-
cients mapping to discrete cosine transform (DCT) basis) and a polynomial trend. BPWP con-
strains the number and amplitude of the spectral coefficients by restricting the L1 norm of the
coefficient vector to be less than the parameter 6. The § parameter is selected in a subject-spe-
cific manner via parameter sweeps to identify the & value that minimizes the mean square
error between the observed data and the model estimates. The spectrum and polynomial trend
are then used to estimate the regular, dense representation of the signal that yielded the sparse,
irregular samples. We first demonstrate the method on a simulated IED-rate timeseries with
pre-defined spectral composition. We then test the method on real-world IED rate data from
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human subjects by taking the densely sampled long-term, real-world timeseries, sparsely sam-
pling it at different densities and paradigms, and applying BPWP.

Cycle identification in simulated IED-rate timeseries

The simulated IED rate timeseries is shown in Fig 3A. The CWT spectrogram (Fig 3B) and
average CWT spectrum (Fig 3F) reflect the increased signal power at periods of one day and
one month. The results of the 10-fold 75/25 cross-validation (Fig 3C) for § parameter selection
capture a clear optimal 6 value that minimizes mean square error (MSE) for each random sam-
pling rate tested.

The BPWP power spectrum (Fig 3F) derived from 5 random samples per day (1,800 total
samples) (Fig 3D) shows significant peaks aligned with the CWT spectrum (derived from
>26,000 samples). The insert in Fig 3F shows significant BPWP peaks in relation to the noise
floor (purple) which was determined by reshuffling the samples and recalculating BPWP. The
amplitude of the noise floor is nearly an order of magnitude lower than the significant BPWP
outputs. The signal reconstruction based on BPWP spectral and polynomial coefficient esti-
mates (Fig 3E) closely captures both the multiday cycles and polynomial trend present in the
simulated timeseries.

The reliability of cycle detection by BPWP depends on cycle length and on the variance and
signal to noise ratio (SNR) of the underlying signal. We simulated oscillations with cycle lengths
from 1 to 120 days with high and low variance and SNR conditions (S1 Supplementary Materi-
als and S2AT and S2Bi Fig). Repeat sampling and recalculation of BPWP of these oscillations
were used to determine the percent detection rate of the known oscillation in each condition.
The reliability of cycle detection was worst in the low variance, low SNR, and lowest sampling
rate conditions (S2 Fig). At a low sampling rate, a relationship between cycle length and detec-
tion rate becomes evident; detection rate decreases with increasing cycle period (S2 Fig).

Cycle identification in real-world IED rate timeseries

The results of 10-fold 75/25 cross validation to select a § parameter for each subject are shown
in S1 Fig. The values of & that yielded the lowest MSE for different sampling rates were consis-
tent within subjects. Although the optimal 6 value was in a similar range between subjects, we
selected patient-specific § values to minimize under or over-fitting by fixing 6 across subjects.

The raw, hourly IED rate data from participant 1 show multiday cycles and a gradual
increase in rate over time (Fig 4A). This is reflected in the CWT spectrogram (Fig 4B) of the
IED timeseries which illustrates the stable circadian cycle and multiday cycles around two and
four weeks. The average CWT spectrum across time is depicted in Fig 4F and demonstrates
that this participant’s IED rate component oscillations include periods around one, 18, 30, 50,
and 100 days. Raw IED rate timeseries for the other participants are available in S3 and S4
Figs.

Fig 4D shows the 1800 random samples (5 per day) from the raw IED rate timeseries of par-
ticipant 1. The sparse samples represent an over ten-fold decrease in sample density from the
standard timeseries. The sparse data were input to BPWP to yield the narrowband DCT power
spectrum (Fig 4F). The BPWP spectrum aligns visually with the main peaks in the CWT spec-
trum, capturing the highest amplitude circadian and multiday cycles. The “noise floor”, BPWP
spectral outputs from repeatedly (100x) reshuffling the original data in time (while preserving
the original inter-sample intervals) and re-calculating BPWP, is plotted in purple. Stars denote
the spectral peaks whose power exceeded the 99" percentile of the noise floor’s power for that
period. The power of the BPWP noise floor (Fig 4F) is an order of magnitude lower than the
BPWP output. The BPWP spectrum and polynomial trend were used to create the signal
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sampling rate tested are shown. (D) Random samples from the raw data in A averaging at five samples per day. Timeseries consists of 1,800 total samples.

(E) Underlying raw data are shown in gray. The estimated reconstruction of the underlying data based on the sparse samples in (D) is shown in orange. (F) The
average CW'T spectrum (average over time from the spectrogram in (B) is shown in gray). The method’s spectral output is shown in orange. Black stars denote
significant peaks; peaks whose amplitude was above the 99 percentile of the distribution created by shuffling the input data and re-calculating the method 100
times. The insert shows the spectral outputs from the reshuffling in purple. The narrowband peaks from the method align with the central tendencies of the
broadband CWT peaks.

https:/doi.org/10.1371/journal.pchi.1011152.g003

reconstruction in Fig 4E. This estimated, underlying signal, closely aligns with the original raw
data (Fig 4A) including multiday cycles and the gradual increase in average IED rate over
time.
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gray. The method’s spectral output is shown in orange. Black stars denote significant peaks; peaks whose amplitude was above the 99" percentile of the distribution
created by shuffling the input data and re-calculating the method 100 times. The insert shows the spectral outputs from the reshuffling in purple. The amplitude of this
noise floor is an order of magnitude smaller than the spectral output from the correctly ordered input data. The narrowband peaks from the method align with the
central tendencies of the broadband CWT peaks. (G) The method’s estimated reconstruction of the underlying signal using only significant peaks from F with a period
longer than two days is in orange. Overlayed black circles denote when seizures occurred. Seizures appear to prefer the peaks of the combined slow cycles derived from
the method. (H) The method-based reconstruction was filtered in cycle ranges around one day, one week, two to three weeks, and one month then the signal Hilbert
transform was used to identify the phase at which seizures occurred for each of these cycles. Polar histograms denoting the phase at which seizures occurred for each of
these cycles indicate a cycle-specific phase preference for seizures. Stars denote p < 0.001 on the Omnibus test for uniformity, indicating that seizure phase is not
uniformly distributed.

https://doi.org/10.1371/journal.pcbi.1011152.9004

Next, we determined if the reconstructed signal recapitulated the established relationship
between cycles of IED rate and seizure occurrence [1]. To visualize the relationship between
seizures and the multiday cycles identified by BPWP, we plotted a reconstruction consisting of
only the oscillations that were 1) significant and 2) longer than two days (Fig 4G). For partici-
pant 1, the seizures occur near the peaks. Fig 4H shows polar histograms of the phase at which
seizures occurred in multiday cycles that are strongly conserved between patients with focal
epilepsy [2]. Seizures show cycle-specific phrase preferences (Fig 4H). The seizure-phase histo-
grams for each cycle were significant on the Omnibus/Hodges-Ajne test [25] (p < 0.001) indi-
cating non-uniform phase distribution and cycle-specific phase preferences. This indicates
that the IED cycles identified by BPWP are pathophysiologically relevant.

BPWP outputs for the other two participants are available in S3 and S4 Figs. Overall BPWP
performance is similar for participants 1 and 2 (Figs 4 and S3), both of which show multiday
cycles evident in the raw data. Multiday cycles were less obvious in the raw data for participant
3 and similarly in the BPWP outputs (54 Fig). Seizures in all three participants show a clear
unimodal or bimodal phase preference within the circadian and multiday cycles.

Real-world data loss: Impact of sampling density

Examples of different random sampling rates and associated BPWP outputs are shown in Fig
5. For all but the shortest CWT cycles (< 1 day), the scaled offset with the nearest BPWP peak
decreases as the number of random samples per day increases, indicating that overall perfor-
mance improves as more samples are available (Fig 5H). Offsets stabilize at around 3 samples
per day and above. Sampling density results for participants 2 and 3 echo this relationship (S5
and S6 Figs).

Real-world data loss: Impact of data drops

Contiguous data drops of 12-, 30-, and 60-days duration were created in the IED rate time-
series and the remaining data were sampled at a rate of 5 samples per day. BPWP spectral out-
puts under these conditions (Fig 6C, 6E, and 6G) varied in peak amplitude and position.
BPWP reconstructions during the dropped windows had worse alignment with the original
data than for the windows where data were available (Fig Bii, 6Dii, and 6Fii). The fidelity of
the BPWP reconstructions was better in the case of shorter, more frequent drops (12 days)
than for the longer, less frequent drops (60 days). The impact of data drops is shown for partic-
ipants 2 and 3 in S7 and S8 Figs.

Method performance: Frequency dependence

Given the model’s use of sparse, irregular sampling on the order of a few samples per day, we
anticipated that the overall method performance would be frequency-specific with slower
cycles being more reliably estimated than higher frequency cycles. We therefore used a fre-
quency-specific approach to evaluate the method performance. Briefly, we bandpass filtered
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Fig 5. Impact of varying sample density on Basis Pursuit with Polynomial Detrending (BPWP) outputs, participant 1. (A) Raw data showing hourly rate
of inter-ictal epileptiform discharges (IED) detected from the left hippocampus, updated every 20 minutes. Timeseries consists of over 20,000 samples. (Bi) Raw
data are in gray and one random sample per day is in orange. (Bii) Raw data are in gray and the reconstructed signal using BPWP outputs based on input data
of one random sample per day is in orange. (C) Average complex wavelet transform (CWT) spectrum from the raw data in (A) is in gray. The BPWP spectrum
based on one sample per day input is shown in orange. Black stars denote significant peaks; peaks whose amplitude was above the 99™ percentile of the
distribution created by shuffling the input data and re-calculating the method 100 times. Random samples, signal reconstructions, and BPWP spectra are
shown again for sampling rates of three and five per day in (D) and (E) and in (F) and (G) respectively. Agreement between BPWP output and raw data and
CWT spectra improves as the signal is sampled more densely. Part (H) shows agreement between the BPWP and CWT spectra as a function of frequency of
random sampling. For each sampling frequency, the raw data were resampled and BPWP was re-calculated 10 times. For each peak in the CWT spectrum, the
offset between the period of the CWT peak and the nearest BPWP peak was calculated in terms of days and divided by the period of the CWT peak. This offset-
to-cycle-length ratio was averaged across the 10 iterations and plotted as a log value on the y axis. The associated frequency of random sampling was plotted on
the x axis. Shaded areas denote 95% confidence intervals. The offset ratio decreases and stabilizes as sampling density increases.

https://doi.org/10.1371/journal.pchi.1011152.g005
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Fig 6. Impact of data drops on Basis Pursuit with Polynomial Detrending (BPWP) outputs, participant 1. (A) Raw data showing hourly rate of inter-ictal
epileptiform discharges (IED) detected from the left hippocampus, updated every 20 minutes. Timeseries consists of over 20,000 samples. (Bi) Raw data are in
gray and random sampling excluding 12-day data drops are in orange. (Bii) Raw data are in gray and the reconstructed signal using model output based on
input data with 12-day data drops is in orange. (C) Average complex wavelet transform (CWT) spectrum from the raw data in (A) is in gray. The BPWP
spectral output based on the sampling in Bi input is shown in orange. Black stars denote significant peaks; peaks whose amplitude was above the 99" percentile
of the distribution created by shuffling the input data and re-calculating the method 100 times. Data drops of thirty- and sixty- days duration, signal
reconstructions, and method spectra are shown in (D) and (E) and in (F) and (G) respectively. The total number of samples for BPWP is fixed across the

conditions at n = 1307 which is approximately 4 samples per day assuming no drops.

https://doi.org/10.1371/journal.pcbi.1011152.9g006
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both the original, raw, IED rate and the BPWP model output with central periods ranging
from 1 to 120 days and compared the two with the Pearson correlation coefficient (Fig 7A).
For participant 1, correlation coefficients were lowest (around 0.5) for short cycles below 20
days and highest (approaching 1) for the longer cycles above 30 days (Fig 7B). Correlation
coefficients were significant for each cycle evaluated with p < 0.001. Examples of the filtered
timeseries for cycles around 1, 19, and 100 days are shown in Fig 7C. At the higher frequencies
with lower correlation coefficients, the model output tends to be lower amplitude and inter-
mittently out of phase with the original data. At the lower frequencies where the correlation
coefficients were highest, the two timeseries are very closely aligned with similar amplitude.
Although, among faster cycles, correlation was highest at one day, then dipped between one
and twenty-days. This may reflect phase instability in cycles at this range, coupled with the
comparatively strong circadian cycle. Participants 2 and 3 showed similar relationships
between cycle length and strength of correlation (510 and S11 Figs).

Discussion

BPWP successfully identified multiday cycles of real-world IED rates from human epileptic
hippocampus using a sparsely sampled fraction of the samples required of traditional
approaches for frequency decomposition. We anticipate BPWP will enable frequency decom-
position of sparse neuro-behavioral timeseries in a variety of applications. BPWP may guide
efficient sampling of neural features on implanted devices, extending storage and minimizing
patient burden.

Basis pursuit denoising (BPDN) [21,22], like the similar and at times identical formulation
of LASSO [23], leverages the properties of the L1 norm. L1 regularization promotes sparsity
and robustness to outliers and conducts built-in feature selection. The degrees of freedom is
straightforward to derive as well, and is unbiasedly estimated as the number of nonzero coefti-
cients [26,27]. Assuming the key assumptions (sparsity and separability) are met, these proper-
ties lend themselves to reliable model outputs.

We modified BPDN to include a polynomial representation that manages non-stationarity
due to slow changes in signal mean over time. Although low-order polynomial bases have
been directly incorporated into sparse recovery approaches before [28,29], the typical
approach to polynomial trends in neural signal processing is to remove them during prepro-
cessing. Polynomial detrending as a preprocessing step is highly debated, as the choice of tech-
nique can have a non-negligible influence on the slow fluctuations in the data [30]. By directly
including polynomial fitting in the model, we nullify polynomial detrending as a preprocessing
step and appropriately consider trends and oscillations in parallel. Non-stationarity in the fre-
quency domain, such as oscillation phase shifts or the emergence and disappearance of oscilla-
tions are not explicitly addressed by this model. Our implementation assumes stationarity in
the frequency domain. Future directions include better accommodating these spectral non-
stationarities.

BPWP method performance is likely influenced by several factors including the frequency
of the oscillations being reconstructed, random sampling rate, and stationarity of the underly-
ing process. We found that the correlation between the estimated model outputs and the origi-
nal data were frequency-dependent with strongest correlations approaching a value of 1 for
the one day, and thirty day and longer cycles. These findings likely reflect the increased uncer-
tainty in estimating faster cycles with as few as 5 random samples per day. Although the model
output and original data were significantly correlated at these faster cycles, the model output
was intermittently out of phase with the original data at these frequencies. This may be the
result of non-stationarity in the original data compounded by the low sampling rate. Overall,
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Fig 7. Basis Pursuit with Polynomial Detrending (BPWP) method performance, participant 1. (A) Diagram depicting the approach to comparing the
original inter-ictal epileptiform discharge (IED) rate timeseries (black) with the BPWP model output (orange). Each timeseries was bandpass filtered and the
two filtered timeseries were used to calculate the Pearson correlation coefficient. (B) The Y axis shows the Pearson correlation coefficient for each bandpass
filter with central periods listed on the X axis. P value for each point depicted was < 0.001. (C) Examples of filter outputs for the approximate daily (top),
19-day (middle), and 100 day (bottom) cycles. The original signal is in black, the BPWP output is in orange. The insert describes the daily cycle filter outputs

from the 5 to 30-day time points.

https://doi.org/10.1371/journal.pcbi.1011152.9007
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BPWP performance was strong considering the relative paucity of datapoints input to the
model.

There are numerous alternatives to BPDN to detect periodic signals in irregularly sampled
data. For example, the Lomb-Scargle periodogram is used within astronomy to identify peri-
odicities in unevenly sampled data [31-33]. Lomb-Scargle and other approaches leverage Fou-
rier transforms and least squares or chi-squared fitting [34], which, compared to
L1-regularization can yield less-sparse solutions and increase susceptibility to outliers [31,32].
Other approaches use continuous-time autoregressive moving average models and Bayesian
probability theory [35]. Additionally, not all Fourier-based approaches are bound by regular
sampling as is the Discrete Fourier Transform (DFT) [16]. Non-Uniform Discrete Fourier
Transform can accommodate irregular sampling [36] with the implementation by Fessler and
colleagues being among the most common given its computational efficiency and generaliza-
tion to multidimensional signals [37]. We chose to work from the BPDN framework because it
is a convex method and includes L1 regularization which enables conservative estimates of
component cycles. Though, we acknowledge that alternatives exist and may be more appropri-
ate for different applications.

The computational efficiency of BPWP is limited by several factors. Large NxN matrices
can slow computation times, though their exact dimensions depend on the application and
number of coefficients being evaluated. The most time-consuming step of this approach is the
preliminary, patient-specific parameter sweep by which the § parameter that constrains the L1
norm is defined. Depending on the machine, parallel processing capabilities, density of the
parameter sweep, number of iterations used to build the non-parametric reference distribu-
tion, and N, identifying & can take a day to days. Though, given ongoing rapid advancements
in processing capacity, we do not consider this a serious limitation. Nonetheless, the workflow
presented here is not currently suitable for real-time computations on clinically implanted
devices.

Real-world data loss had differential impacts on the reliability of the BPWP outputs. BPWP
spectral outputs were reasonably stable above a sampling frequency of approximately 3 ran-
dom samples per day for the IED rate data, and remarkably recovered the known underlying
circadian and longer timescale cycles in the data. Long data drops on the order of months
resulted in variable spectra and inaccurate reconstructions in unsampled epochs. BPWP may
be more suitable for circumstances of infrequent but consistent sampling, than for situations
with long periods of data loss.

The suitability of BPWP for additional neuro-behavioral applications depends in part on
the underlying signal. In simulation, the reliability of cycle detection depended on SNR, sam-
pling rate, and variance. In applications where the ground truth is unavailable, hypothesis
driven experiments and cautious interpretation of the model output are required. For example,
behavioral timeseries such as Likert scaled ecological momentary assessments from partici-
pants who tend to use only a narrow range of the scale (low variance and SNR) are unlikely to
reveal cycles. Additionally, the sampling paradigm is an important consideration for retrospec-
tive application of BPWP to sparse neuro-behavioral timeseries. BPWP requires irregular sam-
ples in time because samples collected at regular intervals, such as a specific time of day,
introduce false cycles at the interval duration.

We extrapolated from raw LFP to IED rates derived from LFP, showing that a secondary
neuro-behavioral feature can be evaluated with sparse recovery. Comparable sparse recovery
approaches in neural signal processing have primarily been applied to signal compression
(including LFP), action potentials, and signal transmission [38,39], as opposed to higher order
features such as IED rates. Although sparse recovery systems have been explored for data com-
pression in implantable neural devices [40], our findings support the implementation of
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feature sampling and storage paradigms with downstream basis pursuit-based reconstruction
techniques in mind. Random and sparse sampling of epileptiform features could extend stor-
age capacity in clinically approved devices and enable reliable comparison of electrophysiolog-
ically based features with behavioral and multi-domain data.

Materials and methods
Ethics statement

This research was conducted as part of a study evaluating the safety and feasibility of brain
state tracking and modulation in temporal lobe epilepsy (ClinicalTrials.gov identifier:
NCT03946618). This study was approved by the Mayo Clinic Institutional Review Board and
the Food and Drug Administration (IDE G180224). Formal written consent was obtained
from all participants.

Application

The purpose of BPWP is to identify oscillations and polynomial trends in sparsely and irregu-
larly sampled neuro-behavioral data. The real-world test data used here are IED rate time-
series. IEDs are defined here as sharp transients detected on LFP recordings from depth
electrodes implanted in epileptogenic brain regions (Fig 1Bi) [41]. The IED detector from
Janca and colleagues [41] is an adaptive, automated spike detector that models the statistical
distributions of signal envelopes containing both the IEDs and background signal using a max-
imal likelihood estimation algorithm.

Signal

We assume the underlying signal consists of oscillations, a polynomial trend, and gaussian
noise (Fig 2A).

Approach

The overall approach of BPWP is outlined in Fig 2B. Sparse samples are input to the method
which estimates the oscillation coefficients and polynomial coefficients that describe the data.
These outputs can then be used to estimate the continuous underlying signal.

Model
The signal model is described in Eqs 1 and 2 and Fig 2C,
y(mxl) = (D(mxn)qj(nxn)x(nxl) + (D(mxn)T(nxp)Z(pxl) + E(mxl) (1)
y=Ax+Bz+e (2)

where y is a vector of samples of length m, @ is the m x n binary row subsampling matrix, V' is
the n x n discrete cosine transform (DCT) basis, x is the length #n vector of DCT coefficients, T
is the n x p Vandermonde polynomial basis, z is the length p vector of polynomial coefficients
where p is equal to the maximum polynomial degree under consideration plus one, and € is
the length m vector of error terms. A is the product of ® and V. B is the product of ® and T.
Schematic representation of the basis subsampling is depicted in Fig 2Dii.

The oscillation basis is a matrix of DCT-II coefficients and determines the frequencies of
the component oscillations that can be resolved. The DCT-II expression is shown in Eq 3 [42].
In Eq 3, s(n) is the signal at point n, N is the total length of the signal s, and &, is the Kronecker
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delta.
Y, = \/%Zs(n)ﬁcos(% (2n—1)(k—1))
k=0: N—1 (3)

The default frequency representation in the DCT is defined by the sampling rate and the
number of points. The associated frequency vector has sparse representation at low frequen-
cies, and dense representation at high frequencies. To ensure that the DCT basis encompasses
an adequate density of low frequency coefficients, such as cycles on the order of months or
days in length, we incorporated a frequency selection step to the construction of the DCT basis
¥ (Eq 4). As in variable density sampling[15], the function f{(k) can be adapted to optimize the
range, density, and central tendency of frequencies evaluated by a transform.

¥y = \/%Zmﬁ% (2n = )(K) ~ 1)
k=0: N—1 (4)

To minimize the disruption of the orthonormal basis structure, we made targeted modifica-
tions to the default frequency representation for the DCT via f(k). Briefly, we increased the
density of frequency representation within the range of interest on the low frequency end at
the expense of randomly removing an equivalent number of frequencies from the high fre-
quency end (S1 Supplementary Materials).

Estimation
BPWP is based on BPDN (Eq 5) [21-23]. The parameter & captures error and constrains the

L1 norm of the DCT coefficient vector.

. 2
min [y — Ax|} s, <o (5)

The polynomial representation is incorporated into BPDN in Eq 6. This expression has two
unknowns, x and z.

min ||y — Ax — Bz|} s.t.|x||, <O (6)

Using variable projection, we reduced the two-dimensional optimization problem to a one-
dimensional minimization of x (Eq 7), then use x to solve for z (Eq 8) [43, 44]. The derivation
is available in S1 Supplementary Materials.

min |[(I - BB")(y — Ax)[l} sit.|x], <6 (7)

z=B"(y — Ax) (8)

Eqs 7 and 8 constitute the core expressions of BPWP. Key assumptions of BPWP are dis-
cussed in detail in S1 Supplementary Materials.

The DCT and polynomial coefficient outputs can be used to reconstruct the underlying
timeseries. Expressions for the signal reconstruction are available in S1 Supplementary
Materials.
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Features and parameters

Several model components can be adjusted depending on the application. Special consider-
ations are discussed in more detail in S1 Supplementary Materials.

Solver

We used the SDPT3 solver [45,46] in CVX: MATLAB Software for Disciplined Convex Pro-
gramming (CVX Research Inc.), a system designed for convex optimization in MATLAB
(MathWorks) [47].

Parameter sweeps

There are many model fits that minimize Eq 7. We used patient-specific, 10-fold 75/25 cross
validation to identify an appropriate value for J (S1 Supplementary Materials). By choosing &
based on cross-validation, we select a model that balances over- and under-fitting (the value of
6 that minimizes mean square error for each participant).

Determining significance

We repeatedly calculated DCT coefficients x by reshuffling the observed samples, y, in time
(randomly changing y value order with a fixed sampling matrix: preserving the original inter-
sample intervals) 100 times to build a nonparametric distribution. Coefficients calculated from
the original data were deemed significant if their amplitude was equal to or greater than the
99'" percentile of the reshuffling-derived distribution. Examples of significant coefficients for
nonparametric distributions built from 1,000 and 10,000 iterations are available for compari-
son in S12 and S13 Figs. We felt the spectra were sufficiently similar by visual inspection to
carry the 100-iteration approach forward.

Simulated IED rate timeseries

Simulated data with duration of 12 months and cycle durations comparable to those observed
in long-term IED rates [1] were generated. Each sample reflected one hour of simulated IED
counts, updated every 20 minutes. Component oscillations included 1-, 7-, 15-, 21-, 30-, 50-,
and 100-day periods. Simulated oscillations were present throughout (stationary) the year-
long signal duration. A slow trend was included as a first order polynomial.

Participants

Three, adult, female patients with drug resistant temporal lobe epilepsy were implanted with
the investigational Medtronic Summit RC+S device [8,48] as part of an investigational device
exemption clinical trial (FDA IDE: G180224, https://clinicaltrials.gov/ct2/show/
NCT03946618.) Patients provided written and informed consent in accordance with Institu-
tional Review Board and Food and Drug Administration Requirements.

IED rate timeseries

One year of continuous IED rate recordings was used from each of the three participants.
IEDs were detected from left (the more epileptogenic hemisphere in all participants) hippo-
campal LFP recordings and logged in one-hour totals updated every 20 minutes [41]. IED
rates were collected nearly continuously, with daily hour-long data drops for charging and
occasional longer drops due to connectivity issues. For use in the continuous analysis, gaps in
the timeseries were interpolated as previously described [1]. The peri-ictal period (two hours
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prior to seizure, during seizures, and two hours following seizures) was omitted and interpo-
lated as above. For the sparse analysis, the timeseries were randomly sampled according to the
relevant paradigm.

Comparison with complex wavelet transform

Complex wavelet transform (CWT) using Morlet wavelets of the real, original, densely sam-
pled, timeseries was compared with the BPWP spectral outputs (MATLAB function cwt, Mor-
let wavelet, symmetry parameter = 3, time-bandwidth product = 60). The CWT was calculated
as described previously [48]. To compare the broadband CWT and narrowband BPWP spectra
across sampling conditions, we identified each peak in the CWT spectrum and calculated the
offset in terms of period between the CWT peak and the nearest significant BPWP peak
detected. The offset was then scaled by dividing it over the length of the CWT cycle. This was
repeated for 10 different re-samplings under each condition and averaged.

Simulating data drops in IED rate timeseries

Contiguous blocks of varying duration (12, 30, and 60 days; 120 total days dropped in each
case) were omitted from random sampling to test BPWP performance with data drops. The
random daily sampling rate was fixed for the remaining days.

Seizure phase analysis

Seizures were detected from the raw, continuous LFP recordings [8,49]. Seizures were defined
here as the events whereby seizure detector probabilities exceeded 0.99. To evaluate the phase
of seizures within the BPWP reconstruction, the BPWP reconstruction was filtered with a
least-squares finite impulse response (FIR) bandpass filter of order (3 * Nyquist frequency)
with zero phase shift in filter in cycle ranges that are highly conserved in focal epilepsies
[2,48].: 1, 5-10, 15-25, and 25-35 days. Instantaneous phase was calculated via the Hilbert
transform. For each cycle, the phase at which seizures occurred was noted.

Statistical analysis

The Omnibus (Hodges-Ajne) test for non-uniformity of circular data was used to determine if
there was a phase preference for seizures for each multiday cycle evaluated [25]. Evaluating
overall method performance by comparing the sparse reconstruction with the original raw
IED rate timeseries presented a statistical a challenge as this required comparing a very sparse,
low noise timeseries with a densely sampled and comparatively higher noise timeseries. We
also anticipated that model performance would be cycle specific. The infrequent, irregular
sampling rate (5 samples per day) may result in poorer performance at high frequencies such
as the daily cycle, but adequate performance at lower frequencies such as the 60-day cycle.
Therefore, we chose a frequency-specific approach to explore the performance of the BPWP
method. We filtered the original raw signal and the reconstructed timeseries using the same
bandpass FIR filter described above in the seizure phase analysis. Central periods from 1 day
to 120 days with a lower limit of 90% of the central period and upper limit of 110% of the cen-
tral period defined each band. After the original raw signal was filtered, it was down sampled
in time to match the reconstruction’s time vector, ensuring pointwise comparisons between
the original data and reconstruction would be time locked. These two filtered timeseries were
then compared with the Pearson correlation coefficient (MATLAB function: corrcoef) with a
significance level of 0.05.
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Code and processing

Analyses were run on a computer with Intel Xeon Silver 4108 CPU @ 1.80 GHz, 188 GB RAM,
16 physical cores, and 32 logical cores, and running Ubuntu version 18.04.6. Runtimes in our
system were largely dictated by the number of iterations by which the nonparametric reference
distributions were built. This scaled linearly. Using participant 1 as an example, the 100, 1,000,
and 10,000 iteration cases took a few hours, 1.5 days, and 12.7 days. Code, deidentified raw
data, and simulated data are available on GitHub at (https://github.com/irenabalzekas/
BPWP).

Supporting information

S1 Supplementary Materials. Supplementary methods.
(DOCX)

S1 Fig. Subject-specific 10-fold 75/25 cross-validation for delta parameter selection. Mean
square error (MSE) between the real and estimated samples was calculated for each iteration of
¢ parameter and density of random sampling. (i) Shows results from the simulated IED time-
series. Subplots (ii), (iii), (iv) show results from real-world IED timeseries from participants 3,
1, and 2 respectively.

(TIF)

S2 Fig. Impact of variance, SNR, and cycle length on cycle detection in silico. Signals of dif-
ferent cycle length, variance, and SNR were generated and input to BPWP. (A) Low variance
condition. (i) Example signals with low and high SNR are shown in blue and red. Y axis labels
with “d. ¢.” denotes “day cycle”, capturing the period for each simulated oscillation. (ii) Simu-
lated signals were resampled and BPWP was recalculated 10 times. The percent of iterations
wherein the true oscillation was captured as a significant peak constitutes the percent detected
metric on the y axis. Detection rate is plotted for a low sampling (1 random sample per week)
and higher sampling (4 random samples per week) condition. Part (B) mirrors part (A), but
for simulated signals in the high variance condition.

(TIF)

S3 Fig. BPWP outputs for real world IED timeseries, participant 2. (A) Raw data showing
hourly rate of IEDs detected from the left hippocampus, updated every 20 minutes. Timeseries
consists of over 20,000 samples. (B) Complex wavelet transform (CWT) spectrogram of the
timeseries in A showing power in different cycles. Strong cycles are evident at one day and
around on month. (C) Random samples from the raw data in A averaging at 5 samples per
day. Timeseries consists of 1,800 total samples. (D) Underlying raw data are shown in gray.
BPWP’s estimated reconstruction of the underlying data based on the sparse samples in (C) is
shown in orange. (E) The method’s estimated reconstruction of the underlying signal using
only significant peaks from (G) with a period longer than two days is in orange. Overlayed
black circles denote when seizures occurred. Seizures appear to prefer the peaks of the com-
bined slow cycles derived from the method. (F) Average of CWT spectrum (averaged over
time from the spectrogram in (B) shows cycles of IED rate including periods around one day,
two-three weeks, one month, and 90 days. (G) The CWT spectrum for the raw data is shown
in gray. The method’s spectral output is shown in orange. Black stars denote significant peaks;
peaks whose amplitude was above the 99™ percentile of the distribution created by shuffling
the input data and re-calculating the method 100 times. The insert shows the spectral outputs
from the reshuffling in purple. (H) The BPWP-based reconstruction was filtered in cycle
ranges around one day, one week, two to three weeks, and one month then Hilbert
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transformed to identify the phase at which seizures occurred for each of these cycles. Polar his-
tograms denoting the phase at which seizures occurred for each of these cycles indicate a
cycle-specific phase preference for seizures. Stars denote p < 0.001 on the Omnibus test for
uniformity, indicating that seizure phase is not uniformly distributed.

(TIF)

S4 Fig. BPWP outputs for real world IED timeseries, participant 3. (A) Raw data showing
hourly rate of IEDs detected from the left hippocampus, updated every 20 minutes. Timeseries
consists of over 20,000 samples. (B) Complex wavelet transform (CWT) spectrogram of the
timeseries in A showing power in different cycles. Strong cycles are evident at one day and
around on month. (C) Random samples from the raw data in (A) averaging at 5 samples per
day. Timeseries consists of 1,800 total samples. (D) Underlying raw data are shown in gray.
The estimated reconstruction of the underlying data based on the sparse samples in (C) is
shown in orange. (E) The method’s estimated reconstruction of the underlying signal using
only significant peaks from F with a period longer than two days is in orange. Overlayed black
circles denote when seizures occurred. (F) Average of CWT spectrum (averaged over time
from the spectrogram in B) shows cycles of IED rate including periods around one day, two
weeks, and one month. (G) The CWT spectrum for the raw data is shown in gray. The meth-
od’s spectral output is shown in orange. Black stars denote significant peaks; peaks whose
amplitude was above the 99™ percentile of the distribution created by shuffling the input data
and re-calculating the method 100 times. The insert shows the spectral outputs from the
reshuffling in purple. (H) The method-based reconstruction was filtered in cycle ranges
around one day, one week, two to three weeks, and one month then Hilbert transformed to
identify the phase at which seizures occurred for each of these cycles. Polar histograms denot-
ing the phase at which seizures occurred for each of these cycles indicate a cycle-specific phase
preference for seizures. Stars denote p < 0.001 on the Omnibus test for uniformity, indicating
that seizure phase is not uniformly distributed.

(TIF)

S5 Fig. Impact of varying sample density on BPWP outputs, participant 2. (A) Raw data
showing hourly rate of IEDs detected from the left hippocampus, updated every 20 minutes.
Timeseries consists of over 20,000 samples. (Bi) Raw data are in gray and one random sample
per day are in orange. (Bii) Raw data are in gray and the reconstructed signal using model out-
puts based on input data of one random sample per day is in orange. (C) Average complex
wavelet transform (CWT) spectrum from the raw data in (A) is in gray. BPWP spectral output
based on one sample per day input is shown in orange. Black stars denote significant peaks;
peaks whose amplitude was above the 99" percentile of the distribution created by shuffling
the input data and re-calculating BPWP 100 times. Random samples, signal reconstructions,
and BPWP spectra are shown again for sampling rates of three and five per day in (D) and (E)
and in (F) and (G) respectively. Agreement between BPWP output and raw data and CWT
spectra improves as the signal is sampled more densely. Part (H) shows agreement between
the BPWP and CWT spectra as a function of frequency of random sampling. For each sam-
pling frequency, the raw data were re-sampled and BPWP was re calculated 10 times. For each
peak in the CWT spectrum, the offset between the period of the CWT peak and the nearest
BPWP peak was calculated in terms of days and divided by the period of the CWT peak. This
offset-to-cycle-length ratio was averaged across the 10 iterations and plotted as a log value on
the y axis. The associated frequency of random sampling was plotted on the x axis. Shaded
areas denote 95% confidence intervals. The offset ratio decreases and stabilizes as sampling
density increases.

(TIF)

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1011152  April 25, 2024 20/25


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011152.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011152.s006
https://doi.org/10.1371/journal.pcbi.1011152

PLOS COMPUTATIONAL BIOLOGY Cycle detection in sparse epileptiform activity rate timeseries

S6 Fig. Impact of varying sample density on BPWP outputs, participant 3. (A) Raw data
showing hourly rate of IEDs detected from the left hippocampus, updated every 20 minutes.
Timeseries consists of over 20,000 samples. (Bi) Raw data are in gray and one random sample
per day are in orange. (Bii) Raw data are in gray and the reconstructed signal using model out-
puts based on input data of one random sample per day is in orange. (C) Average complex
wavelet transform (CW'T) spectrum from the raw data in (A) is in gray. The BPWP spectral
output based on one sample per day input is shown in orange. Black stars denote significant
peaks; peaks whose amplitude was above the 99™ percentile of the distribution created by shuf-
fling the input data and re-calculating BPWP 100 times. Random samples, signal reconstruc-
tions, and BPWP spectra are shown again for sampling rates of three and five per day in (D)
and (E) and in (F) and (G) respectively. Agreement between BPWP output and raw data and
CWT spectra improves as the signal is sampled more densely. Part (H) shows agreement
between the BPWP and CWT spectra as a function of frequency of random sampling. For
each sampling frequency, the raw data were resampled and the BPWP was re calculated 10
times. For each peak in the CWT spectrum, the offset between the period of the CWT peak
and the nearest BPWP peak was calculated in terms of days and divided by the period of the
CWT peak. This offset-to-cycle-length ratio was averaged across the 10 iterations and plotted
as a log value on the y axis. The associated frequency of random sampling was plotted on the x
axis. Shaded areas denote 95% confidence intervals.

(TIF)

S7 Fig. Impact of data drops on BPWP outputs, participant 2. (A) Raw data showing hourly
rate of IEDs detected from the left hippocampus, updated every 20 minutes. Timeseries con-
sists of over 20,000 samples. (Bi) Raw data are in gray and random sampling excluding 12-day
data drops are in orange. (Bii) Raw data are in gray and the reconstructed signal using model
output based on input data with 12-day data drops is in orange. C) Average complex wavelet
transform (CWT) spectrum from the raw data in (A) is in gray. The BPWP spectral output
based on the sampling in (Bi) input is shown in orange. Black stars denote significant peaks;
peaks whose amplitude was above the 99th percentile of the distribution created by shuffling
the input data and re-calculating BPWP 100 times. Data drops of thirty- and sixty- days dura-
tion, signal reconstructions, and method spectra are shown in (D) and (E) and in (F) and (G)
respectively. The total number of samples for BPWP is fixed across the conditions at n = 1307
which is approximately 4 samples per day assuming no drops.

(TIF)

S8 Fig. Impact of data drops on BPWP outputs, participant 3. (A) Raw data showing hourly
rate of IEDs detected from the left hippocampus, updated every 20 minutes. Timeseries con-
sists of over 20,000 samples. (Bi) Raw data are in gray and random sampling excluding 12-day
data drops are in orange. (Bii) Raw data are in gray and the reconstructed signal using model
output based on input data with 12-day data drops is in orange. (C) Average complex wavelet
transform (CWT) spectrum from the raw data in (A) is in gray. The BPWP spectral output
based on the sampling in (Bi) input is shown in orange. Black stars denote significant peaks;
peaks whose amplitude was above the 99" percentile of the distribution created by shuffling
the input data and re-calculating BPWP 100 times. Data drops of thirty- and sixty- days dura-
tion, signal reconstructions, and method spectra are shown in (D) and (E) and in (F) and (G)
respectively. The total number of samples for BPWP is fixed across the conditions at n = 1307
which is approximately 4 samples per day assuming no drops.

(TTF)
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S9 Fig. Subject-specific 10-fold 90/10 cross-validation for delta parameter selection. Mean
square error (MSE) between the real and estimated samples was calculated for each iteration of
¢ parameter and density of random sampling. Subplots (i), (ii), (iii) show results from real-
world IED timeseries from participants 1, 2, and 3 respectively.

(TIF)

$10 Fig. BPWP method performance, participant 2. (A) Diagram depicting the approach to
comparing the original IED rate timeseries (black) with the BPWP model output (orange).
Each timeseries was bandpass filtered and the two filtered timeseries were used to calculate the
Pearson correlation coefficient. (B) The Y axis shows the Pearson correlation coefficient for
each bandpass filter with central periods listed on the X axis. P value for each point depicted
was < 0.001. (C) Examples of filter outputs for the approximate daily (top), nineteen- (mid-
dle), and one hundred- day (bottom) cycles. The filtered original signal is in black, the filtered
BPWP output is in orange. The insert describes the daily cycle filter outputs from 5 to 30 days.
(TIF)

S11 Fig. BPWP method performance, participant 3. (A) Diagram depicting the approach to
comparing the original IED rate timeseries (black) with the BPWP model output (orange).
Each timeseries was bandpass filtered and the two filtered timeseries were used to calculate the
Pearson correlation coefficient. (B) The Y axis shows the Pearson correlation coefficient for
each bandpass filter with central periods listed on the X axis. P value for each point depicted
was < 0.001. (C) Examples of filter outputs for the approximate daily (top), nineteen- (mid-
dle), and one hundred- day (bottom) cycles. The filtered original signal is in black, the filtered
BPWP output is in orange. The insert describes the daily cycle filter outputs from 5 to 30 days.
(TIF)

S12 Fig. BPWP method output spectra compared with reference distribution built from
1,000 iterations. Significant peaks in the output power spectra from the simulated data, partic-
ipants 1, 2, and 3 are shown in sections (A), (B), (C), and (D) respectively. In i, the reference
distribution for significance calculations was the result of re-running the model with re-shuf-
fled input data 100 times. In ii, the model was re-run 1,000 times.

(TIF)

$13 Fig. BPWP method output spectra compared with reference distribution built from
10,000 iterations. Significant peaks in the output power spectra from the simulated data, par-
ticipants 1, 2, and 3 are shown in sections (A), (B), (C), and (D) respectively. In i, the reference
distribution for significance calculations was the result of re-running the model with re-shuf-
fled input data 100 times. In ii, the model was re-run 10,000 times.

(TTF)
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