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Abstract
EEG and micro-electrocorticographic (µECoG) recordings exhibit transient spatiotemporal phase-cone
structures that are thought to reflect cortical phase transitions underlying cognitive processing and
epileptic activity. In this study, we investigated phase-cone dynamics in human micro-
electrocorticographic (µECoG) recordings obtained from an 8 × 8 cortical microgrid implanted near a
seizure onset zone. Phase-cone rates (PCRs) were computed from the original signal (PCR1), its first
temporal derivative (PCR2), and its second temporal derivative (PCR3) in theta (4–8 Hz), alpha (8–12
Hz), beta (12–30 Hz), and low-gamma (30–50 Hz) frequency bands during an evolving focal seizure and
a normal reading task. All three PCR measures exhibited a robust spectral hierarchy, increasing
progressively from theta to low-gamma frequencies. During a reading task, PCR activity was relatively
stable and showed modest temporal fluctuations consistent with ongoing cortical state transitions. In
contrast, seizure activity produced substantially larger PCR magnitudes and greater temporal variability,
particularly in the beta and low-gamma bands, indicating enhanced phase-transition dynamics during
ictal network evolution. Analysis of temporally differentiated signals demonstrated that organized phase-
cone structures remain detectable after first- and second-order differentiation, suggesting that cortical
state transitions are reflected not only in instantaneous phase patterns but also in their temporal rates of
change. These findings indicate that phase-cone dynamics are preserved across multiple dynamical
representations of cortical activity and support the use of derivative-based PCR measures as
complementary biomarkers of mesoscopic cortical organization. The proposed framework may provide
new insights into normal cognitive processing, seizure dynamics, and other conditions involving large-
scale cortical reorganization.

1. Introduction
This paper is dedicated to the centennial celebration of Walter J. Freeman, III, honoring his pioneering
contributions to the study of mass action in the nervous system, and the formation of stabilizing vortices
in brain waves (Freeman 1975; Freeman et al. 2006a; Freeman and Vitiello 2006; Ruiz et al. 2010; Kozma
2016; Kozma and Freeman 2017). Concurrently, we commemorate the life and work of our late colleague
at the University of Washington, Mark D. Holmes. For nearly three decades (1988–2016), Dr. Holmes
collaborated closely with Professor Freeman, investigating cortical phase transitions, scale-free self-
organized criticality, and the tracking of high-density phase cone structures within the
electroencephalogram (EEG) of both healthy individuals and patients with epilepsy (Freeman 2004;
Freeman et al. 2003; Freeman and Holmes 2005; Freeman et al. 2006b; Ramon et al. 2008, 2009, 2013,
2018).

The present work extends our previous study (Ramon et al. 2024), which investigated phase slip rates
and instantaneous phase cones derived exclusively from the time-series data, y(t), of human micro-
electrocorticography (micro-ECoG or µECoG). Here, we expand this framework to examine the stable
formation of phase cones using not only the raw signal, but also its first-order (y'(t) = dy/dt) and second-
order (y''(t) = dy'/dt) derivatives. This approach builds on recent findings indicating that phase slip rates
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extracted from the derivatives of electrophysiological data provide deeper insights into cortical phase
transitions, thereby enhancing our capacity to map micro-dynamics during both cognitive tasks and
epileptogenic activity (Ramon et al. 2023; Ramon and Gargiulo 2025). Importantly, this study serves
primarily as a methodological development paper aimed at engineering and evaluating these advanced
spatiotemporal biomarkers, rather than a large-scale clinical validation trial. Consequently, we apply and
test these novel mathematical tools using a high-density microgrid ECoG dataset from a single subject. 

This specific dataset was selected for two primary reasons. First, it was originally collected by Walter J.
Freeman, Mark Holmes, and their team (Freeman et al. 2006a, b; Panagiotides et al. 2011), whose
centennial legacy this work honors. Second, as a high-density subdural microgrid dataset, it is free from
physiological contamination, such as myogenic, cardiac, and ocular artifacts, making it an ideal
benchmark dataset for evaluating novel spatiotemporal biomarkers. Further technical specifications of
this dataset are detailed in the Methods section. By utilizing this artifact-free recording, we establish a
controlled computational environment to rigorously demonstrate the feasibility and analytical behavior
of derivative-based phase cone formations. Ultimately, these advanced mathematical biomarkers hold
the potential for broad application across diverse modalities of clinical and cognitive neuroimaging
datasets in future large-cohort investigations.

2. Background Material
The spatiotemporal dynamics of the human cortex are characterized by a continuous, cinematic cycle of
self-organized state changes, which are captured via electroencephalogram (EEG) recordings as cortical
phase transitions (Freeman et al. 2006a; Kozma and Freeman 2017; Freeman and Quiroga 2013). In
healthy cognitive processing, neural populations optimize computational flexibility by remaining near a
state of self-organized criticality (Thatcher et al. 2009), rapidly alternating between ordered
synchronization and sudden, functional intervals of disorder, sometimes conceptualized as phase resets
(Thatcher et al. 2014; Freeman and Holmes 2005; Ramon and Gargiulo 2025). The emergence of highly
synchronized, large-scale amplitude modulation (AM) patterns represents stable perceptual "frames" of
conscious thought (Ruiz et al. 2010). Crucially, the termination of these frames is mediated by sharp
phase slips, or desynchronization events, where the robust coordination abruptly collapses, resetting the
neural populations back into an asynchronous background state (Ramon et al. 2008). This transition
from order to disorder serves as an essential "shutter" that clears the cortical canvas, preparing the
network to build the next cognitive frame (Panagiotides et al. 2011).

In clinical pathology, however, particularly in patients with epilepsy, this delicate balance between order
and chaotic disorder becomes severely compromised. High-density scalp EEG and microgrid recordings
demonstrate that instead of transitioning fluidly through desynchronized intervals, the epileptic cortex
displays a significant deceleration in phase slip rates and a collapse of localized phase cone structures
(Ramon and Holmes 2020). This lack of disordered phase slips implies that the pathological network
loses its capacity to reset, allowing massive populations of neurons to escape their flexible baseline
state and lock into rigid, hyper-synchronous ictal configurations (Freeman et al. 2006b; Ramon et al.
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2018). This is what Freeman’s theoretical and experimental work predicted, and stable phase slips and
phase cone formations may decrease during ictal periods near the start of a seizure, as well as during
seizure evolution. Our results confirm Freeman’s predictions: during seizure evolution, the rate of stable
phase cone formation decreases. In addition, we show that stable-phase cones oscillate during cognitive
tasks, such as reading, and differ from seizure evolution. For this, we used µECoG data from the same
subject during a reading task performed during an interictal period (Panagiotides et al. 2011).

2.1 Phase Slips and Phase Cone Formations
Cortical phase transitions manifest as brief bursts of collective neural activity, appearing as small
spatiotemporal perturbations in electroencephalogram (EEG) or micro-electrocorticography (µECoG)
traces. The underlying analytic phase can be formally extracted by applying the Hilbert transform to the
bandpass-filtered electrophysiological data (Freeman et al. 2006a; Ramon et al. 2024). Following phase
unwrapping and detrending, sharp phase slips, representing abrupt desynchronization events, become
visible at the exact temporal locations of perturbations in the µECoG signal. These phase slips can occur
isolated at a single electrode or simultaneously across an array of nearby channels.

Under specific physiological conditions, a cluster of synchronized phase slips across adjacent
electrodes can form organized spatial topographies known as phase cones (Freeman et al. 2006a; Ruiz
et al. 2010; Kozma and Freeman 2017; Myers et al. 2014). While both phase slips and phase cones serve
as highly sensitive biomarkers of cortical state changes (Ramon et al. 2024), spatial phase cones
potentially offer superior diagnostic sensitivity. This heightened sensitivity stems from their structural
prerequisites, which require both the simultaneous occurrence of localized phase slips and the
preservation of strict spatial phase gradients across neighboring cortical sites (Ramon et al. 2018;
Ramon and Holmes 2020). In our previous work, we examined the distinct dynamics of phase slip rates
and instantaneous phase cones during seizure evolution using human µECoG data. The present study
extends that framework to evaluate the stable, derivative-based formation of phase cones during both
epileptic seizure propagation and the cognitive task of reading.

The technical specifications of the µECoG dataset, alongside the mathematical procedures used to
extract phase profiles and calculate stable phase-cone rates (PCRs), are detailed in the Methods section.
The Results section provides a comprehensive spatiotemporal analysis of PCR dynamics during ictal
activity and cognitive processing. Finally, a critical evaluation of these methodological developments,
their clinical implications, and the limitations of this study are presented in the Discussion section.

3. Methods

3.1 µECoG Data
Comprehensive details regarding this dataset are provided in prior studies (Freeman et al. 2006a, 2006b;
Panagiotides et al. 2011; Ramon et al. 2024). For completeness, we summarize the key parameters here.
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The subject, a 34-year-old woman with refractory focal impaired awareness seizures, underwent
preoperative evaluation at the Harborview Medical Center Epilepsy Center (University of Washington,
Seattle). Localization of the seizure onset zone was established using standard intracranial subdural
strip electrodes placed over the lateral and basal-temporal regions. Additionally, after IRB approval and
informed consent, an 8 × 8 microgrid (1×1 cm, 1.25 mm interelectrode spacing) was placed on the right
inferior temporal gyrus near the onset zone (Fig. 1A). The patient remained seizure-free after surgery.
Figure 1A shows the skull X-ray with a white circle marking the microgrid location (left) and, on the right,
a layout of the electrodes on an 8 × 8 microgrid. The electrodes are marked horizontally, starting with #1
at the top-left corner. Some other electrodes, e.g., #8, #28, and #57, are also marked for easier
identification. More details about the other panels in Fig. 1 are described later on in this section.

Continuous video-EEG recording was conducted over eight days, during which various motor and non-
motor epileptogenic events occurred. For the current phase cone analysis, we selected one artifact-free,
long-duration seizure (~ 100 s). This specific event was characterized by progressive cognitive decline,
including confusion, anxiety, and slowed thinking without motor symptoms. Electrographic onset
preceded clinical manifestations by approximately 10 seconds.

In addition, for comparative analysis, we used approximately 10 min of interictal data collected during a
cognitive reading task, at least 2 hours away from any seizure activity (Freeman et al. 2006b). From
these 10 min of data, we randomly selected a 100-s segment for phase-cone analysis during the
interictal period and compared these results with those derived from seizure data of the same duration
(100 s).

An example of the acquired dataset is presented in Fig. 1, illustrating a 5-second continuous segment
recorded during an ictal state (Fig. 1B) alongside a baseline cognitive state (Fig. 1C) captured while the
subject was actively engaged in a reading task. Cortical signals were collected utilizing an 8×8 microgrid
array; for clarity, only 8 channels corresponding to the fourth electrode row are plotted here. The power
spectral densities (PSDs) calculated across all eight combined channels are detailed in Fig. 1D. Visually,
ictal data (Panel B) shows a significantly lower and highly regular repetition frequency, with
approximately 3 to 4 prominent wave cycles within each 1-second interval. Conversely, interictal data
(Panel C) during the reading task shows a markedly higher, desynchronized frequency profile, visible as
dense, rapid micro-oscillations with numerous compressed sub-cycles within the same 1-second
window. Quantitative spectral analysis (panel D) highlights these distinct frequency characteristics
between the two behavioral states. Ictal activity in Panel B is dominated by the theta band (3–7 Hz) and
delta band (< 3 Hz), reflecting pathological, hypersynchronous slow-wave discharges. In contrast, these
low-frequency rhythms are entirely suppressed during the reading task (Panel C). Instead, signal power
shifts significantly toward higher frequencies, with the beta band (12–30 Hz) and low-gamma band (30–
50 Hz) becoming prominent. This spectral shift signifies the localized, desynchronized cortical
processing required for text comprehension and active visual attention, which occurs concurrently with
the observed attenuation (blocking) of the resting alpha band (7–12 Hz).

Page 5/27



3.2 Phase Cones Extraction and Phase-Cone Rate
Computation
Several methods have been used to identify phase-cone structures in EEG recordings. Early studies
detected phase cones by fitting conical surfaces to spatial distributions of analytic phase and estimating
parameters such as cone diameter, duration, and propagation velocity (Freeman 2004). Later,
probabilistic and optimization-based approaches were introduced to improve detection of transient
phase-cone events in noisy EEG data (Myers et al. 2014). In our previous work, stable phase cones were
identified by requiring a consistent phase-gradient sign for at least three consecutive time samples and
propagation velocities compatible with known cortical conduction velocities (Ramon and Holmes 2020).
Other investigators have used spatially smoothed phase-surface representations and stable phase-
structure detection algorithms to facilitate the identification of propagating phase wave fronts and
coherent phase patterns (Freeman 2004; Ruiz et al. 2008). The present study extends this geometric
persistence approach to both the original µECoG signals and their first- and second-order temporal
derivatives using a common set of detection criteria. This strategy preserves the native temporal
resolution of the data, avoids introducing additional smoothing assumptions, and provides a consistent
framework for comparing phase-transition dynamics across signal representations.

The original data, initially sampled at 200 Hz, was bandpass filtered within the given band, e.g., the alpha
band (7–12 Hz), using a zero-phase, forward-backward finite impulse response (FIR) filter configured
with 1 Hz transition boundaries and 60 dB stop-band attenuation. The data was referenced to the
common averaged reference for each channel. To improve temporal fidelity and enable precise velocity
profiling with axonal velocities (Innocenti et al. 2014), the signal was upsampled to 2000 Hz using the
polyphase resample function in MATLAB; this method uses an integrated anti-aliasing low-pass filter,
avoiding the sampling noise and interpolation artifacts typically inherent in cubic spline interpolation
(Vaidyanathan, 1993). It has been previously suggested (Freeman and Kozma, 2010; Kozma and
Freeman 2008; Kozma et al. 2005) that to map spatial geometries of mesoscopic wave packets (phase
cones) an interelectrode spacing of 0.8 mm or less is needed. Also, to prevent spatial aliasing of the
local field potentials and to match up with the axonal velocities of 1–10 mm/ms, a sampling with 0.2 ms
time samples might be needed (Kozma et al. 2005; Freeman and Kozma 2010). Thus, upsampling in the
spatial and temporal domains of the original µECoG data is needed to extract stable phase cones. More
details about implementing these criteria are given later in this section.

The complex analytic signal for each upsampled channel was then extracted via the Hilbert transform,
and the underlying phase trajectories were derived from the four-quadrant inverse tangent and
continuously unwrapped over time to eliminate artificial 2π phase discontinuities. The phase frequencies
in Hz (cycles/s) were computed by taking the derivatives of the unwrapped phase and dividing by 2π. To
facilitate spatial analysis, these multi-channel frequency time series were mapped into an 8 × 8
topological tensor corresponding to the physical geometry of the electrode array.
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To overcome discrete physical sampling constraints and resolve localized submillimeter phase
gradients, the bounded spatial fields from each temporal frame were projected onto the complex unit
circle using their Euler components. The real and imaginary components were independently upsampled
to a 16 × 16 virtual sensor grid, corresponding to an effective spatial resolution of 0.625 mm, using two-
dimensional bicubic-spline interpolation. The resulting fields were then smoothed with a 3 × 3 uniform
spatial convolution to attenuate microscale jitter while preserving the circular topology of the phase
representation.

Stable phase cones were identified using the following physiological criteria:

(1) The phase frequency fell within the specified frequency band, such as 7–12 Hz for the alpha band.

(2) The phase gradient across neighboring electrodes was consistently positive or negative.

(3). The gradient exceeded the 55% threshold for three consecutive temporal samples.

(4) The change in peak magnitude was less than 5% of the local mean across the same three
consecutive samples.

(5) The estimated conduction velocity fell within 2 to 5 mm/ms.

The final criterion was selected based on the reported axonal conduction-velocity range of 1–10 mm/ms
(Innocenti et al. 2014; Swadlow and Waxman 2012). At an upsampled sampling rate of 2000 Hz, the
temporal interval between samples is 0.5 ms. Therefore, conduction velocities of 2–5 mm/ms
correspond to travel distances of 1.0–2.5 mm between consecutive samples. This range supports the
extraction of local phase-cone formations with base lengths of approximately 1.25 to 2.5 mm across
adjacent 3 × 3 or 4 × 4 electrode neighborhoods on the 16 × 16 virtual sensor grid. The outermost
electrodes of the virtual grid were excluded as candidates for the location of the apex of phase cones.
Validated apices were classified into phase peaks (expanding wave sources) or valleys (contracting
sinks) based on their 4-connected spatial neighborhood polarity.

The number of stable phase cones was computed at each time point. From these, PCRs were computed
using a sliding window of 10 ms with a step size of 0.5 ms, corresponding to one digitization point at an
upsampled rate of 2000 Hz. This 10 ms window was chosen to cover half a wavelength of the highest
frequency of interest (50 Hz). The resulting PCR profile was then downsampled to the original sampling
rate of 200 Hz, and a smoothing spline curve was fitted to obtain the final temporal profile. PCRs were
computed from y(t), y'(t), and y''(t), designated as PCR1, PCR2, and PCR3, respectively. The units are
expressed as counts per 10 ms, reflecting the duration of the sliding window. This analysis was
performed across the theta (3–7 Hz), alpha (7–12 Hz), beta (12–30 Hz), and low-gamma (30–50 Hz)
frequency bands.

3.3 Phase-Cones in Randomized Data
The above analysis was also performed on the randomized data and its derivatives.
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For random-data testing, the upsampled 8 × 8 µECoG data were first temporally shuffled by randomly
permuting (Lancaster 2018) the sample order across all channels, preserving the channel-wise
amplitude distribution while removing time structure. Each shuffled realization was then screened for a
white-noise-like power spectrum using Welch PSD estimates computed after mean subtraction on each
channel. A spectral flatness index and the channel-averaged PSD spread in dB were used as the
whiteness criteria, with acceptance requiring flatness > = 0.85 and spread < = 3.0 dB. If a shuffled
realization failed this criterion, zero-mean white Gaussian noise was added iteratively, starting at 0.02
times the signal standard deviation and doubling each round up to a maximum of 0.25, with up to four
noise-injection rounds permitted. The resulting surrogate data were then transformed with the Hilbert
method to obtain instantaneous phase, reshaped into an 8 × 8 grid, and passed through the same phase-
cone detection pipeline as the original data. The mean number of active cones over time was used as
the trial-level summary statistic across 1000 Monte Carlo realizations. It was found that stable phase
cones and associated PCRs were zero in all the bands for 1000 trials. This shows that our reported
results reflect biological processes that give rise to coordinated cortical neuronal activity and are above
random noise.

3.4 Significance Analysis
PCR values from theta, alpha, beta, and low-gamma bands were analyzed as the primary outcome. To
reduce autocorrelation, the PCR time series were averaged into non-overlapping 1-s windows.
Descriptive statistics were computed for each band. Band differences were tested with repeated-
measures ANOVA and confirmed with a Friedman test when applicable. Post hoc pairwise comparisons
were Bonferroni-corrected. Effect sizes were reported as partial eta squared, η, for the omnibus ANOVA
and paired Cohen's dz for pairwise comparisons. The effect size based on Cohen’s d (Brydges 2019;
Cohen 1992) were classified as: d = 0.20, 0.50, and 0.80 to be interpreted as small, medium, or large,
respectively. The effect size based on partial eta squared (η) are classified (Richardson 2011) as: small
(η < 0.06), moderate (0.06 ≤ η < 0.14), and large (η ≥ 0.14).

3.5 Software and Computational resources
MATLAB and EEGLAB were used for data analysis. All analysis scripts were developed by our team for
this project with assistance from MATLAB Copilot, which is integrated into MATLAB. Each script was
manually reviewed line by line to verify its correctness, ensure that the code accurately reflected the
underlying mathematical principles, and prevent blind reliance on MATLAB Copilot. The analyses were
conducted on a desktop computer equipped with 128 GB of memory and an Intel® Core™ Ultra 9
processor operating at 2.50 GHz with 24 cores.

4. Results

4.1 PCR Activity during Seizure Evolution
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Figure 2A illustrates the temporal evolution of ictal µECoG activity recorded from electrode #28, together
with phase-cone rates (PCRs) in four frequency bands (Fig. 2B–E) over an approximately 100-s recording
epoch. The band-limited µECoG signal (3–50 Hz; Fig. 2A) exhibits relatively low-amplitude activity during
the initial portion of the epoch, followed by a progressive increase in amplitude and signal variability
beginning at approximately 50 s and becoming most pronounced between 60 and 100 s, consistent with
the development and intensification of seizure activity. PCRs in the theta (3–7 Hz), alpha (7–12 Hz), beta
(12–30 Hz), and low-gamma (30–50 Hz) bands are characterized by intermittent transient elevations
rather than sustained increases. PCR1 (blue), PCR2 (black), and PCR3 (red) exhibit distinct temporal and
frequency-dependent dynamics. In the theta and alpha bands, PCR1 displays prominent fluctuations and
transient elevations during the early (0–50 s) and intermediate (50–70 s) portions of the recording,
whereas PCR2 remains comparatively low, with localized increases at later time points. In the beta and
low-gamma bands, PCR1 is most pronounced during the early-to-intermediate interval and subsequently
decreases. PCR2 and PCR3 exhibit more intermittent activity, including late PCR3 elevations in the low-
gamma band. Overall, these results demonstrate temporally heterogeneous and frequency-specific
phase-cone dynamics that do not simply mirror the amplitude evolution of the ictal µECoG signal,
suggesting frequency-dependent changes in organized phase interactions during seizure development
and progression.

Figure 2 does not show the detailed behavior of PCR activity. A detailed view of a 20-s segment is given
in Fig. 3. In the theta band, PCR1 shows a pronounced decline during this interval, despite continued
fluctuations in the underlying µECoG signal. This reduction is temporally distinct from the more
intermittent activity of PCR2 and PCR3, which exhibit localized increases later in the segment. The
alpha-, beta-, and low-gamma-band PCRs also display band-specific transients, including intermittent
elevations of PCR2 and PCR3, but do not show an equivalent sustained reduction in PCR1. These
observations highlight the finer temporal resolution of PCR measures and suggest that phase-cone
dynamics can reveal transient, frequency-specific changes in ictal network organization that are not
readily apparent from broadband µECoG amplitude alone.

PCR1 showed clear frequency-dependent variation across the four bands. Mean PCR1 values increased
from 11.91 ± 5.81 in the theta band to 18.74 ± 12.83 in the alpha band, 26.18 ± 15.04 in the beta band,
and 26.88 ± 11.99 in the low-gamma band. A repeated-measures ANOVA revealed a significant main
effect of frequency band, F(3, 291) = 67.26, p < 0.001. This effect remained significant after Greenhouse–
Geisser correction (p < 0.001). The corresponding effect size, calculated from the reported sums of
squares, was substantial (partial eta squared approximately, η = 0.41). Bonferroni-adjusted pairwise
comparisons showed significantly higher PCR1 values in the alpha, beta, and low-gamma bands than in
the theta band, as well as higher values in the beta and low-gamma bands than in the alpha band (all
adjusted p < .001). The beta and low-gamma bands did not differ significantly (p < 1.00). Consistent with
these findings, the Friedman test also demonstrated a significant overall effect of frequency band, (3) = 
104.89, p < 0.001. Its post hoc comparisons identified significant differences between theta and beta,
theta and low-gamma, alpha and beta, and alpha and low-gamma, whereas the theta-versus-alpha and
beta-versus-low-gamma comparisons were not significant. PCR1 values were strongly correlated
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between the alpha and beta bands (r = 0.858) and moderately correlated between the beta and low-
gamma bands (r = 0.602), while weaker associations were observed among the remaining band pairs.

PCR2 showed a progressive increase in activity across the frequency bands. Mean PCR2 values
increased from 3.38 ± 2.34 in the theta band to 7.26 ± 4.73 in the alpha band, 13.17 ± 5.07 in the beta
band, and 23.13 ± 8.24 in the low-gamma band. A repeated-measures ANOVA revealed a highly
significant main effect of frequency band, F(3, 291) = 361.44, p < 0.01. This effect remained significant
after Greenhouse–Geisser correction (p < 0.001) and was associated with a large effect size (partial eta
squared approximately 0.79, calculated from the reported sums of squares). Bonferroni-adjusted
pairwise comparisons showed that PCR2 differed significantly between all frequency bands, with values
increasing successively from theta to alpha, beta, and low-gamma (all adjusted p < .001). Consistent
with the parametric analysis, the Friedman test demonstrated a significant overall effect of frequency
band, χ2(3) = 261.16, p < 0.001. Friedman post hoc comparisons confirmed significant differences
between every pair of frequency bands. The paired comparisons also showed large standardized effects,
particularly for theta versus low-gamma (Cohen’s |dz| = 2.68), theta versus beta (|dz| = 1.96), and alpha
versus low-gamma (|dz| = 1.89). Correlations between bands were generally positive, with the strongest
associations observed between theta and low-gamma (r = 0.498), alpha and beta (r = 0.584), and beta
and low-gamma (r = 0.581), whereas the theta–alpha relationship was weak (r = 0.090). Because the sign
of Cohen's d depends on the order in which the bands were compared, the absolute effect-size values
are reported here to emphasize the magnitude of the differences.

PCR3 showed a pronounced and progressive increase in activity across the frequency bands. Mean
PCR3 values increased from 1.07 ± 0.76 in the theta band to 3.02 ± 1.97 in the alpha band, 7.17 ± 2.73 in
the beta band, and 16.31 ± 4.40 in the low-gamma band. A repeated-measures ANOVA revealed a highly
significant main effect of frequency band, F(3, 291) = 1027.6, p < 0.001. This effect remained significant
after Greenhouse–Geisser correction (p < 0.001) and was associated with a very large effect size (partial
eta squared approximately, η = 0.91, calculated from the reported sums of squares). Bonferroni-adjusted
pairwise comparisons showed significant differences between all frequency bands, with PCR3
increasing progressively from theta to alpha, beta, and low-gamma (all adjusted p < .001). Consistent
with the parametric analysis, the Friedman test demonstrated a significant overall effect of frequency
band, χ2(3) = 284.93, p < 0.001. Friedman post hoc comparisons confirmed significant differences
between every pair of frequency bands. The paired comparisons also indicated large to very large
standardized effects, particularly for theta versus low-gamma (Cohen’s |dz| = 3.69), alpha versus low-

gamma (|dz| = 3.70), and beta versus low-gamma (|dz| = 3.25). Correlations between bands were
generally positive, with the strongest association observed between the beta and low-gamma bands (r = 
0.789), followed by the alpha–beta (r = 0.640) and alpha–low-gamma (r = 0.597) relationships. The theta-
band PCR3 values showed weaker associations with the other bands, ranging from r = 0.265 for theta
versus beta to r = 0.437 for theta versus low-gamma.

Across all three phase-cone rate measures, PCR activity varied significantly as a function of frequency
band, but the pattern of variation differed among PCR1, PCR2, and PCR3. PCR1 showed relatively
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modest frequency dependence: its mean value increased from the theta band (11.91) to the alpha band
(18.74) and beta band (26.18), with a comparable value in the low-gamma band (26.88). In contrast,
PCR2 exhibited a progressive increase across all bands, from 3.38 in theta to 23.13 in low-gamma, with
the largest increase occurring between the beta and low-gamma bands. PCR3 showed the most
pronounced frequency-dependent gradient, increasing from 1.07 in theta to 3.02 in alpha, 7.17 in beta,
and 16.31 in low-gamma. Thus, PCR1 was relatively distributed across the beta and low-gamma bands,
whereas PCR2 and particularly PCR3 were increasingly dominated by low-gamma activity. All three
measures showed significant overall band effects, with the largest effect for PCR3, followed by PCR2
and PCR1.

The comparison between the µECoG signal and the phase-cone rates suggests that PCR measures may
provide a more sensitive and temporally resolved characterization of seizure-related dynamics than
broadband signal amplitude alone. Although the µECoG recording in Fig. 2A shows a broad increase in
amplitude and variability during the latter portion of the seizure, the PCR measures reveal more subtle,
intermittent, and frequency-specific changes that are not fully captured by the amplitude envelope. In
particular, PCR1 exhibits distinct beta- and low-gamma-band fluctuations, whereas PCR2 and PCR3
show progressively stronger low-gamma dominance. These changes may reflect alterations in the
organization and coordination of phase relationships that can occur without a proportional change in
broadband ECoG amplitude. Thus, PCR1, PCR2, and PCR3 may serve as complementary biomarkers of
ictal dynamics, potentially detecting fine-grained changes in seizure-related network organization that
are less apparent in conventional amplitude-based measures.

4.2 PCR Activity during Reading Task
The temporal dynamics of the PCRs during the book-reading task are illustrated in Fig. 4. The raw
interictal µECoG signal (Fig. 4A) exhibits continuous activity within the 3–50 Hz range at electrode #28.
When decomposed into specific frequency bands, the PCR counts (Fig. 4B–E) demonstrate a clear
spectral gradient; the magnitude of PCR occurrences increases progressively from the theta band
through the alpha and beta bands, reaching its peak in the low-gamma band. This visual trend is
consistent with the repeated-measures ANOVA results, which confirmed a significant main effect of the
frequency band (p < 0.001).

Across the different frequency bands, a distinct hierarchy is observed among the PCR categories. PCR1
(blue) and PCR2 (black) consistently maintain higher counts compared to PCR3 (red), particularly in the
higher frequency beta and low-gamma bands. Figure 5 provides a high-resolution temporal view of a 20-
second window (45–65 s) extracted from Fig. 4. This magnified view reveals the fine-grained
fluctuations of the PCR counts and highlights the temporal alignment of peaks across the different
spectral bands, suggesting a coordinated modulation of phase coherence across frequencies during the
reading task.

Descriptive analysis of the PCR1 data revealed a progressive increase in magnitude across the four
frequency bands, with the lowest values observed in the theta band (mean ± SD = 0.36 ± 0.20) and the
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highest in the low-gamma band (mean ± SD = 16.89 ± 1.54). Pearson correlation analysis indicated that
the frequency bands were largely independent, with all correlation coefficients remaining weak (r < 0.22),
the strongest relationship being observed between the alpha and beta bands (r = 0.22).

To evaluate the differences between the frequency bands, a repeated-measures ANOVA was conducted.
The analysis revealed a highly significant main effect of the frequency band, F(3, 294) = 6300, p < .001.
Bonferroni-corrected post hoc comparisons confirmed that all pairwise differences were statistically
significant (all adjusted p < .001), with the magnitudes following the order: low-gamma > beta > alpha > 
theta. These results were further validated using the non-parametric Friedman test, which similarly
demonstrated significant differences across the bands (χ2(3) = 295.8, p < .001), with all post hoc
comparisons reaching significance (p < .001). The magnitude of these differences was substantial, as
evidenced by paired Cohen’s dz effect sizes, which ranged from large to very large, peaking at the
comparison between theta and low-gamma (|dz| = 10.63).

PCR1 showed a clear frequency-dependent increase across bands, with mean ± SD values of 0.36 ± 0.20
in theta, 1.44 ± 0.67 in alpha, 4.67 ± 0.90 in beta, and 16.89 ± 1.54 in low-gamma. A repeated-measures
ANOVA demonstrated a strong main effect of band on PCR1 (F(3, 294) = 6300, p < .001), which was
corroborated by a Friedman test (χ2(3) = 296, p < .001). Post hoc Bonferroni-corrected pairwise
comparisons indicated that all band pairs differed significantly (all adjusted p < .001), with very large
paired effect sizes (Cohen’s |dz| = 1.55–10.63), confirming the ordering low-gamma > beta > alpha > 
theta. Pairwise correlations between bands were generally weak, indicating that the band-specific PCR1
values were largely distinct.

PCR2 also showed a strong frequency-dependent increase across bands, with mean ± SD values of 0.19 
± 0.14 in theta, 0.68 ± 0.28 in alpha, 2.67 ± 0.44 in beta, and 10.52 ± 1.16 in low-gamma. A repeated-
measures ANOVA revealed a robust main effect of band on PCR2 (F(3, 294) = 5480, p < .001), which was
confirmed by a Friedman test (χ2(3) = 295, p < .001). Bonferroni-corrected post hoc comparisons showed
that all band pairs differed significantly (all adjusted p < .001), with the largest values in low-gamma,
followed by beta, alpha, and theta. The paired Cohen’s dz values indicated very large effects across all
comparisons (|dz| = 1.63–8.83), supporting a strong separation between bands. Pairwise correlations
were weak, indicating that PCR2 values were largely distinct across frequency bands.

PCR3 showed a strong frequency-dependent increase across bands, with mean ± SD values of 0.15 ± 
0.10 in theta, 0.60 ± 0.27 in alpha, 2.27 ± 0.42 in beta, and 9.02 ± 0.99 in low-gamma. A repeated-
measures ANOVA demonstrated a robust main effect of band on PCR3 (F(3, 294) = 5342, p < 0.001),
which was confirmed by a Friedman test (χ2(3) = 291, p < .001). Bonferroni-corrected post hoc
comparisons indicated that all band pairs differed significantly (all adjusted p < .001), with the expected
ordering low-gamma > beta > alpha > theta. The paired Cohen’s dz values were very large across all
comparisons (|dz| = 1.54–8.89), indicating strong effect sizes and clear separation among frequency
bands.

Page 12/27



4.3 Compare Seizure and Reading
The temporal dynamics of PCRs during the interictal book-reading task are illustrated in Fig. 4. The raw
µECoG signal (Fig. 4A) remained relatively stable in amplitude throughout the task. When decomposed
into specific frequency bands, the PCR counts (Fig. 4B–E) demonstrated a clear spectral gradient, where
the magnitude of PCRs increased progressively from the theta band through the alpha and beta bands,
reaching a peak in the low-gamma band. This visual trend is consistent with our statistical analysis,
which confirmed a significant main effect of the frequency band (F(3, 294) = 6300, p < 0.001). A
magnified temporal view (Fig. 5) reveals that the reading task is characterized by low-amplitude, steady-
state fluctuations, with PCR1 (derived from y(t)) and PCR2 (derived from y'(t)) consistently maintaining
higher rates than PCR3 (derived from y''(t)).

In contrast, the ictal seizure activity (Figs. 2 and 3) revealed a profound amplification of PCRs. The raw
ictal µECoG signal exhibited a characteristic crescendo, with a massive increase in voltage and
oscillation power over time (Fig. 2A). This was mirrored in the PCR dynamics; while the spectral
hierarchy (low-gamma> beta > alpha > theta) was preserved, the absolute magnitude of the rates
increased drastically. Specifically, the PCR counts in the low-gamma band, which peaked at
approximately 20 during reading, reached magnitudes of up to 60 during the ictal event (Fig. 2E).

A comparative analysis of the temporal dynamics further distinguishes the two states. While reading
produced consistent, low-level oscillations (Fig. 5), the seizure period was characterized by high-
amplitude, erratic bursts of PCRs (Fig. 3). Throughout both states, PCR1 remained the dominant
biomarker, but the spiking behavior of both PCR1 and PCR2 was significantly more pronounced during
the seizure. This suggests that the transition to an ictal state is marked not only by an increase in the
volume of phase-cone activity but by an intensification of the velocity and acceleration of phase
transitions.

5. Discussion
The present study demonstrates that stable phase-cone formations can be reliably detected in human
micro-electrocorticographic (µECoG) recordings not only from the original cortical signal but also from
its first and second temporal derivatives. Across all three measures, phase-cone rates (PCRs) exhibited a
highly consistent spectral hierarchy, increasing progressively from theta to low-gamma frequencies
during both seizure and reading conditions. Furthermore, seizure activity produced substantially higher
PCR magnitudes and greater temporal variability than cognitively engaged but interictal cortical activity.
Together, these findings support the hypothesis that mesoscopic cortical state transitions can be
quantified through phase-cone dynamics and suggest that derivative-based phase-cone measures
provide complementary information regarding the temporal evolution of cortical reorganization
(Freeman 2000, 2004, 2005; Kozma and Freeman 2016).

5.1 Phase-cone dynamics and cortical state transitions
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One of the most striking observations was the monotonic increase in phase-cone rates from theta
through low-gamma frequencies. This spectral hierarchy was preserved across PCR1, PCR2, and PCR3
and remained robust during both cognitive and epileptic states. This consistency suggests that phase-
cone formation reflects a fundamental property of cortical organization rather than a task-specific
phenomenon.

Higher-frequency oscillations are generally associated with local cortical computations, rapid synaptic
interactions, and transient neuronal assemblies (Buzsáki and Draguhn 2004; Fries 2005). Because these
oscillations operate over shorter temporal scales, they can support more frequent reorganizations of
cortical activity, thereby increasing the probability of detecting stable phase-cone structures. In contrast,
slower rhythms such as theta oscillations are associated with longer integration windows and broader
spatial coordination (von Stein and Sarnthein 2000; Buzsáki 2006), naturally resulting in fewer detectable
phase-transition events per unit time.

The preservation of this frequency hierarchy across all signal transformations suggests that the
generation of phase cones reflects a scale-independent property of cortical dynamics. Similar multiscale
organization has been reported for cortical traveling waves, phase discontinuities, and spatial amplitude
patterns across diverse electrophysiological recordings (Freeman and Rogers 2002; Freeman et al.
2003). The present findings therefore support the view that phase-cone formation is a fundamental
manifestation of ongoing cortical self-organization.

5.2 Physiological interpretation of PCR1, PCR2, and PCR3
A major contribution of this study is the demonstration that organized phase-cone activity persists after
temporal differentiation of the cortical signal. Although phase cones have traditionally been studied
using the original electrophysiological signal, little attention has been directed toward understanding
how these structures behave in higher-order temporal representations.

PCR1 quantifies phase-cone formation in the original µECoG signal and therefore reflects the occurrence
of mesoscopic state transitions in cortical activity. PCR2, derived from the first temporal derivative,
emphasizes the velocity of ongoing cortical reconfigurations and may be viewed as a measure of how
rapidly phase relationships evolve across neuronal populations. PCR3, derived from the second temporal
derivative, highlights acceleration-like changes and may therefore capture abrupt transitions, transient
instabilities, or rapid recruitment events that are less apparent in lower-order measures.

Importantly, differentiation suppresses slow background fluctuations while accentuating rapid transient
dynamics. The observation that stable phase cones remained detectable following first- and second-
order differentiation suggests that cortical state transitions are encoded not only in instantaneous phase
patterns but also in the rates at which these patterns evolve. Thus, PCR2 and PCR3 appear to provide
information that complements traditional analyses of oscillatory power, synchronization, and phase
locking (Le Van Quyen et al. 2001; Breakspear 2004).
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The lower overall counts observed for PCR3 relative to PCR1 and PCR2 are physiologically plausible.
Acceleration-based events would be expected to represent a more selective subset of cortical
transitions, corresponding to episodes of particularly rapid network reorganization. Consequently, the
three PCR measures may be viewed as complementary descriptors of cortical dynamics at progressively
higher temporal orders.

5.3 Seizure-related amplification of phase-transition
dynamics
The seizure recordings exhibited marked increases in both PCR magnitude and temporal variability
relative to the reading condition. Particularly notable were intermittent bursts of beta- and low-gamma-
band activity that were absent or greatly attenuated during normal cognitive processing.

Traditionally, epilepsy has been described as a disorder of excessive synchronization. More recent work,
however, indicates that seizure evolution involves complex interactions among synchronization,
desynchronization, fragmentation, and large-scale network recruitment (Le Van Quyen et al. 2003; Schiff
et al. 2005). From this perspective, elevated PCR activity may reflect intensified phase-transition
dynamics associated with repeated epileptic network reorganization during seizure evolution. The
substantial variability observed during seizures further supports this interpretation. In contrast to the
relatively stable and constrained PCR fluctuations observed during reading, ictal activity generated
transient surges that likely reflect episodes of rapid network destabilization and recruitment. Similar
dynamical fluctuations have been reported in studies of seizure propagation, cortical traveling waves,
and mesoscale synchronization patterns (Smith et al. 2016; Martinet et al. 2017).

These observations suggest that phase-cone measures quantify aspects of seizure dynamics that are
not fully captured by conventional amplitude-based analyses. Because PCR metrics directly measure
spatiotemporal phase-transition events, they may provide a complementary biomarker for characterizing
seizure initiation, propagation, and termination.

5.4 Relationship to Freeman's neurodynamics framework
The present findings are highly consistent with Freeman's theory of cortical neurodynamics, which
proposes that cognition emerges through rapid transitions among metastable cortical states rather than
through static patterns of neural activity (Freeman 2000, 2004, 2005). According to this framework,
cortical populations continually self-organize into transient assemblies that form, dissolve, and reform
on time scales of tens to hundreds of milliseconds.

Freeman and colleagues proposed that phase discontinuities and phase cones represent mesoscopic
markers of these state transitions (Freeman and Barrie 2000; Freeman et al. 2003). Within this
interpretation, the stable phase cones detected during reading may reflect normal cortical processing
involving continual transitions among transient cognitive states. The relatively stable PCR fluctuations
observed during reading are consistent with the notion of healthy cortical metastability, in which state
transitions occur continuously but remain constrained within functional limits.
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In contrast, seizure activity appears to represent a pathological alteration of this metastable regime.
Rather than exhibiting balanced transitions among transient cortical states, the epileptic cortex showed
periods of excessive and highly variable phase-transition activity. The resulting amplification of PCR
measures may reflect abnormal departures from the dynamic equilibrium that characterizes healthy
cortical function.

A particularly important implication of the present findings is that state-transition dynamics remain
observable in the first and second temporal derivatives of the signal. This observation suggests that not
only cortical states themselves, but also the velocity and acceleration of cortical reorganization, carry
meaningful physiological information. In this sense, PCR2 and PCR3 extend Freeman's original
framework by providing quantitative measures of higher-order dynamical processes that accompany
metastable state transitions.

5.5 Implications for cognitive neurodynamics
The concept of metastability has become increasingly important in contemporary theories of brain
function (Kelso 1995; Varela et al. 2001; Kozma and Freeman 2016). These theories emphasize that
cognition arises from continual transitions among partially synchronized neuronal populations rather
than from static patterns of activation. The present results support this perspective by demonstrating
persistent phase-cone activity during both normal cognition and pathological seizure activity. The
findings suggest that PCR measures may provide a useful experimental tool for quantifying metastable
cortical dynamics across multiple temporal scales.

Because the derivative-based measures remained physiologically meaningful, future investigations may
benefit from examining whether PCR2 and PCR3 reveal subtle dynamical changes that precede overt
alterations in oscillatory power, synchronization, or behavioral performance. Such measures may prove
particularly valuable in studies of epilepsy, aging, neurodegenerative disease, disorders of
consciousness, and cognitive decline where alterations in network dynamics may precede structural
pathology.

5.6 Limitations and future directions
Several limitations should be acknowledged. First, the study analyzed recordings from a single seizure
from one cortical region in one participant, limiting the generalizability of the findings. Replication across
larger patient cohorts and multiple seizure types is necessary to assess the robustness of the observed
effects.

Second, recordings were obtained from a localized microgrid positioned near a seizure onset zone and
therefore may not fully capture dynamics occurring in more distributed cortical networks. Third, although
surrogate analyses strongly support the physiological validity of the detected phase cones, additional
validation using independent datasets and alternative analytical approaches would further strengthen
confidence in these findings.
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Future studies should investigate phase-cone dynamics across a wider range of cognitive tasks,
behavioral states, and neurological disorders. Simultaneous analyses of PCR measures, spectral power,
synchronization indices, phase-amplitude coupling, neuronal avalanches, and traveling cortical waves
may provide deeper insight into the mechanisms underlying cortical state transitions (Beggs and Plenz
2003; Varela et al. 2001). Longitudinal investigations could also determine whether derivative-based PCR
measures possess predictive value for seizure forecasting or treatment monitoring.

5.7 Conclusions
Stable phase-cone dynamics were reliably detected in human µECoG recordings and remained
observable after first- and second-order temporal differentiation of the signal. Phase-cone rates
exhibited a robust spectral hierarchy that increased progressively from theta to low-gamma frequencies
and showed substantially greater magnitude and variability during seizure activity than during reading.
These findings indicate that phase-transition dynamics are preserved across multiple dynamical
representations of cortical activity and support the view that phase-cone measures capture fundamental
aspects of mesoscopic brain organization. Derivative-based PCR metrics provide novel information
regarding the velocity and acceleration of cortical state transitions and may offer a useful framework for
investigating normal cognition, epileptic dynamics, and other conditions involving large-scale cortical
reorganization.

This study is offered in recognition of the centennial of Walter J. Freeman and in memory of Mark D.
Holmes, whose collaborative contributions helped advance the study of cortical dynamics and epilepsy.
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Figure 1

Representative µECoG traces and corresponding spectral profiles across distinct behavioral states. (A)
X-ray of the skull showing the location of the 8 × 8 microgrid (white circle) and the layout of the microgrid
electrodes. (B) A 5-second continuous segment of ictal data recorded during a generalized seizure event,
illustrating highly synchronized, high-amplitude rhythmic waveforms. (C) Data captured during a normal
cognitive reading task, demonstrating low-amplitude, desynchronized background cortical activity. Both
time-series plots display eight channels extracted from the fourth row of an 8 × 8 microgrid array. (D)
Grouped power spectral density (PSD) profiles combined across all eight channels, highlighting the
quantitative shift from low-frequency dominance (delta and theta bands) during the ictal state to high-
frequency activation (beta and low-gamma bands) during active text comprehension.
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Figure 2

Ictal µECoG activity recorded from electrode #28 and the corresponding phase-cone rates (PCR1, PCR2,
and PCR3) computed from y(t), y'(t), and y''(t), respectively, across frequency bands. (A) The 3–50 Hz
band-limited µECoG signal over an approximately 100-s epoch, showing increased amplitude and
variability during the latter portion of the recording. (B–E) PCR dynamics in the theta (3–7 Hz), alpha (7–
12 Hz), beta (12–30 Hz), and low-gamma (30–50 Hz) bands, respectively. PCR1, PCR2, and PCR3 are
shown in blue, black, and red, respectively.
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Figure 3

Detailed frequency-specific phase-cone dynamics during the 45–65 s ictal interval. Notice the
suppression of theta-band PCR1 during this period.
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Figure 4

Spectral distribution of PCR counts during interictal book reading. (A) Representative raw µECoG signal
(3–50 Hz) recorded from electrode #28. (B–E) Temporal evolution of PCR counts within the theta, alpha,
beta, and low-gamma bands, respectively. Different colors represent different PCR categories: PCR1
(blue), PCR2 (black), and PCR3 (red). Note the progressive increase in count magnitude from the lower
(theta) to higher (low-gamma) frequency bands.
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Figure 5

Detailed temporal analysis of PCR fluctuations. Magnified view of the time window from 45 to 65
seconds extracted from Fig. 4. The figure illustrates the high-resolution dynamics and relative peaks of
PCR1 (blue), PCR2 (black), and PCR3 (red) across the four frequency bands, demonstrating the
coordinated activity across the spectrum during the reading task.
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