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Abstract
Traumatic brain injury (TBI) remains a pervasive clinical problem associated with significant morbidity and
mortality. However, TBI remains clinically and biophysically ill-defined, and prognosis remains difficult even with
the standardization of clinical guidelines and advent of multimodality monitoring. Here we leverage a unique
data set from TBI patients implanted with either intracranial strip electrodes during craniotomy or quad-lumen
intracranial bolts with depth electrodes as part of routine clinical practice. By extracting spectral profiles of this
data, we found that the presence of narrow-band oscillatory activity in the beta band (12-30 Hz) closely
corresponds with the neurological exam as quantified with the standard Glasgow Coma Scale (GCS). Further,
beta oscillations were distributed over the cortical surface as traveling waves, and the evolution of these waves
corresponded to recovery from coma, consistent with the putative role of waves in perception and cognitive
activity. We consequently propose that beta oscillations and traveling waves are potential biomarkers of
recovery from TBI. In a broader sense, our findings suggest that emergence from coma results from recovery
of thalamo-cortical interactions that coordinate cortical beta rhythms.
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Introduction
Traumatic brain injury (TBI) is a pervasive clinical phenomenon in the US population, affecting approximately
10% of all individuals (Frost et al. 2013) with much higher estimates in the young adult population (McKinlay et
al. 2008). TBI therefore remains an important area of research for improvement of clinical strategies,
particularly in the assessment of severity of disease. However, neuroprognostication after TBI remains difficult,
complicating efforts towards prognosis, end of life decision making, and the application of neuroprotective
therapies. An increased focus towards tractable biomarkers of TBI is therefore underway with several lines of
research showing some promise in coagulation and inflammation pathways in both CSF and peripheral blood
(Stein et al. 2011; Sharma and Laskowitz 2012; Gan et al. 2019; Diaz-Arrastia et al. 2014). Functional and
electrophysiological biomarkers offer a parallel way forward, but it remains unclear which
electroencephalographic features are most informative of TBI and its progression (Edlow et al. 2021, 2017;
Schiff, Nauvel, and Victor 2014; Laureys and Schiff 2012; Owen, Schiff, and Laureys 2009).

Possible candidates of spectral features related to decreased neurological function broadly focus on the
disruption of normal oscillatory electrophysiological activity. For example, intracranial EEG recordings during
the induction and emergence from anesthesia demonstrate significant changes in alpha and beta band
connectivity across the brain (Weiner et al. 2023; Malekmohammadi et al. 2019). Previous literature using
quantitative scalp EEG shows that beta oscillatory power is reduced after cerebral infarcts (Wu et al. 2016;
Foreman and Claassen 2012) and in traumatic brain brain injury (Mofakham et al. 2022). Altogether, it may be
the case that recovery from coma in traumatic brain injury may be accompanied by a return of physiological
beta oscillations known to occur in the human brain. However it largely remains uncharacterized how these
dynamics may appear with invasive recordings, and if they may be used to prognosticate recovery and ultimate
outcomes in TBI patients.

We therefore hypothesized that the presence and recovery of intracranial beta oscillations may be tractable
biomarkers in traumatic brain injury. We investigated this possibility with a novel data set collected from
neurosurgical trauma patients who presented to a level one trauma center in an urban setting. As our standard
of practice, patients presenting with TBI often undergo intracranial electrode placement for the purposes of
improved seizure monitoring (Marcellino et al. 2018; Waziri et al. 2009; Won et al. 2023). Patients with head
injuries who presented with an initial Glasgow Coma Scale (GCS) of 8 or less received quad-lumen intracranial
bolts for multimodality monitoring including depth electrodes. Likewise, patients who presented with acute
subdural hemorrhages secondary to head trauma were taken to the operating room for evacuation, and
subdural strip electrodes were placed intraoperatively. In either case, we were afforded the opportunity to
record intracranial EEG (iEEG) signals in the acute phase in patients who sustained traumatic brain injuries.

By analyzing spectral features of these iEEG signals, we found that GCS was significantly correlated with the
amount of beta power across all patients in a heterogeneous TBI population. Improvement of GCS during
recovery coincided with the recovery of beta power over time, whereas beta power was usually persistently low
in patients with poor neurological outcomes. Further, by analyzing how beta oscillations were distributed over
space, we found that they manifest as traveling waves across the cortical surface. Finally we show that survival
among TBI patients was significantly related to the amount of beta power and traveling waves observed during
the recording period. Taken together, we assert that invasive recordings are a powerful tool for
neuroprognostication in TBI via the presence and recovery of beta oscillatory phenomena.
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Results
We examined iEEG in 16 patients (4 female; 50.9 ± 4.4 years; mean ± SEM) who presented with traumatic
brain injury. Depending on the clinical scenario, patients either underwent multimodality monitoring with a
quad-lumen intracranial bolt with depth electrode (N = 7) or craniotomy with subdural strip electrode placement
(N = 9) (Fig. 1a). We extracted spectral features using wavelet convolution in order to measure time varying
oscillatory power in different frequency bands (Vaz et al. 2019; Addison 2017) (Fig. 1b). Changes in
narrowband oscillatory power can be obscured by broadband shifts in power which are unrelated to the
features of interest (Vaz et al. 2017; Cole and Voytek 2017), and we consequently utilized a previously
described methodology for parameterizing spectra into periodic and aperiodic components (Donoghue et al.
2020). We define the oscillatory power of a given frequency band as the maximum difference between the
periodic fit peak and the aperiodic slope (Fig. 1c).

Given preliminary scalp EEG evidence for decreased beta power (12-30 Hz) in stroke and traumatic brain
injury (Wu et al. 2016; Mofakham et al. 2022), we measured these spectral features using our invasive
monitors in the post-injury period. Neurological status was measured using the standard Glasgow Coma Scale
(GCS) and documented on a daily basis. A representative patient who presented with head trauma and acute
subdural hemorrhage (Fig. 2a) had a gradual improvement in neurological status over time where her initial
GCS of 10 improved to 15 by postoperative day 3. Power spectra measured by the intraoperatively placed
subdural strip electrode demonstrated a concomitant increase in oscillatory beta power corresponding to this
recovery of neurological exam (Fig. 2b). Conversely, a patient who presented with multicompartmental
hemorrhage including large left frontal contusion did not recover beta oscillatory power over his hospital
course, and ultimately passed after care was withdrawn due to poor neurological prognosis (Fig. 2c, d).

To quantify the relationship between beta power and GCS within individual patients with different numbers of
recording sessions (3.50 ± 0.50 sessions per patient), we employed a linear mixed effects model to predict
beta power with GCS and patient identity as random and fixed variables respectively (see Methods). GCS was
a significant predictor of beta power across all patients (t(54) = 3.15, p = 0.003). We also compared the
average GCS across days for each patient against the average intracranial beta power for all patients and
found a significant correlation (r = 0.603, p = 0.013; Fig 3a). We additionally replicated this analysis using only
the first or last day of the data instead of averaging across all sessions (Fig. S1). Because this data was
derived from two separate device types, we also replicated these calculations in two subgroups (Fig. S2).
Finally, we showed that the relationship between oscillatory power and GCS was selective for the beta band,
as we were not able to replicate these results with either theta (4-8 Hz) or alpha (8-12 Hz) frequency bands
(Fig. S3).

We additionally performed analyses to rule out sedation and anesthetics in the immediate post-procedure
period as a potential confounding effect of the above results. Per our clinical protocols, intubated or agitated
patients typically received light sedation with propofol, fentanyl, dexmedetomidine, or midazolam. For all
patients who had separate recording sessions with and without post-procedure sedation, we compared
average beta power between these subgroups and found no significant difference (paired t-test between
sessions within the same patients who had separate sessions with and without sedation, t(3) = 1.88, p > 0.05;
unpaired t-test comparing all sessions across patients, t(18) = 1.35, p > 0.05). Moreover, we observed
significant increases in post-procedure beta power in several representative patients who never received
sedation (eg. Fig. 2b). Finally, we performed a separate linear mixed effects model with an interaction term
between sedation and GCS to directly assess if there was a confounding effect of sedation on the amount of
measured beta power, and we found that GCS was still the only significant effect (see Methods; t(52) = 2.33, p
= 0.024). We assert then that the beta power effects that we report here are much more likely to be due to
underlying neural dynamics than relatively small doses of sedation given in the post-procedure period.
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Further, we were interested if beta oscillatory power could serve as a prognostic marker of longer term
outcomes for TBI patients. We used a simple median split to divide the data into patients with high and low
beta power respectively. All patient deaths in this cohort were due to withdrawal of care due to poor
neurological prognosis, and we found 0% mortality in the high beta group and 50% mortality in the low beta
group. We then explicitly compared the average beta oscillatory power between patients who died and those
who did not, and we found that increased beta power was indeed related to survival (Fig. 3b; t(14) = 2.97, p =
0.010). We then extended this analysis with the hypothesis that high beta power would prognosticate shorter
length of stay in the hospital in addition to increased mortality. We constructed Kaplan-Meier style curves for
each group and found that length of stay was significantly shorter in patients with high beta power (log rank
test, p = 0.003), confirming faster functional recovery times for these patients as well (Fig. 3c). We did not
classify deceased patients as discharged in order to maintain a fair comparison between groups. Finally, given
recent evidence suggesting that invasive recordings may offer superior detection of clinically relevant
electrophysiological phenomena (Marcellino et al. 2018; Robinson, Hartings, and Foreman 2021), we directly
compared these results to those obtained from analyzing simultaneously recorded scalp EEG (Fig. S4). We ran
identical analyses but substituted the 8 frontal electrodes from the clinical bipolar montage. We were not able
to show significance for a relationship between beta power and GCS, mortality, or length of hospital stay,
suggesting that invasive measurements offer clinical advantage over traditional extracranial electrodes.

Because the beta oscillations we measure are distributed in space, we were motivated to understand if these
oscillations could subserve higher order electrophysiological phenomena such as traveling waves. We
leveraged a rich literature precedent showing the cognitive and sensorimotor relevance of traveling waves in
the beta frequency in both humans (Takahashi et al. 2011; Stolk et al. 2019; Das et al. 2022) and nonhuman
primates (Bhattacharya, Brincat, et al. 2022; Zabeh et al. 2023). Further, loss of consciousness has been
linked to decreased beta traveling waves during propofol anesthesia (Bhattacharya, Donoghue, et al. 2022).
Therefore we hypothesized that the beta oscillations we observed could manifest as traveling waves across
the cortical surface. We adapted established procedures for extracting waves from oscillatory activity
distributed across space (see Methods) (Rubino, Robbins, and Hatsopoulos 2006; Zhang et al. 2018) and
found several representative examples of cortical traveling waves in patients with subdural strip electrodes
(Fig. 4a). Wave rate was closely correlated to the GCS of the patients over time (Fig. 4b, top; r = 0.783, p =
0.013). We reproduced this result with a similar linear mixed effects model as above (see Methods), and GCS
was a significant predictor of wave rate across patients (t(33) = 2.94, p = 0.006). Intuitively, and as previously
shown (Denker et al. 2018), the rate of cortical traveling waves increased with increasing beta power (Fig. 4b,
bottom; r = 0.819, p = 0.007). As with the magnitude of beta oscillatory power, we split the patient cohort by the
median wave rate and found that no patients in the high wave rate group died within a 2 month period,
compared to 50% of the low wave rate group. Consequently the wave rate in patients who survived their TBI
was significantly higher than those who did not (Fig. 4c; t(7) = 4.91, p = 0.002). Finally, we calculated the
Kaplan-Meier style curves stratified by wave rate and found again that wave rate was a predictor of discharge
from the hospital, indicating that higher wave rate informs functional recovery from TBI (Fig. 4d; log rank test, p
= 0.005).

We consequently performed several control analyses to confirm that our traveling wave detection was
meaningful in our data set. We first generated a null distribution of phases by randomizing values across time,
and we found that the true wave rates were significantly higher than would be expected by chance (Fig. S5;
t(8) = 6.74, p < 0.001). Further, we replicated our main analyses with more conservative thresholds for the
duration and magnitude of phase gradient needed to classify an event as a wave (Fig. S6). As a natural control
arising from this data set, we would not expect waves to travel along the axis of depth electrodes within the
brain parenchyma. We therefore calculated the relationship between traveling waves along the depth
electrodes and GCS and found that it was not robust across patients (Fig. S7; r = 0.50, p = 0.253). Finally, we
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were interested if a metric of phase gradient consistency could be used to detect waves in a similar fashion,
and we were able to reproduce the relationship between wave rate and GCS and beta oscillatory power with
this separately defined metric (Fig. S8).
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Discussion
Here we provide several insights into the evolution of narrowband oscillatory activity in a novel data set of
invasive recordings in patients presenting with severe traumatic brain injury. We show the magnitude of beta
power and the evolution of cortical traveling waves are significantly related to the neurological status of
patients and that this relationship is dynamic over the course of inpatient admission. We also demonstrate that
these oscillatory phenomena are tractable biomarkers of the long-term outcomes of TBI patients in that they
inform mortality and ultimate hospital length of stay. Taken together, we propose that invasive recording of beta
oscillations and traveling waves are efficacious biometrics for the recovery from TBI.

While we focused on the beta frequency band due to prior evidence from stroke and TBI using scalp EEG (Wu
et al. 2016; Mofakham et al. 2022), we also note that the function and value of beta oscillations is well
established from a neurocognitive standpoint. Beta oscillations have been heavily implicated in executive
control, working memory, and sensorimotor control, particularly in the prefrontal cortex (Schmidt et al. 2019;
Sherman et al. 2016). We note that our intracranial bolt depth electrode recordings were exclusively placed
through burr holes above the prefrontal cortex, and subdural strips were placed along the frontoparietal
convexity or superior temporal lobe, both regions previously shown to have memory related beta oscillations
(Proskovec et al. 2018). It follows then that beta oscillations are a suitable biomarker for the recovery of
volitional cognitive domains associated with the recovery of consciousness following TBI.

We believe that the organization of beta oscillations into cortical traveling waves is representative of the
richness of spatiotemporal organization necessary for higher cognition and awareness associated with the
recovery from coma. Indeed, there is an extensive literature connecting cognition, arousal, and conscious
perception to beta cortical traveling waves (Takahashi et al. 2011; Stolk et al. 2019; Das et al. 2022;
Bhattacharya, Brincat, et al. 2022; Zabeh et al. 2023). This line of research aligns with prior studies showing
propofol induced loss of consciousness is associated with decreased beta traveling waves (Bhattacharya,
Donoghue, et al. 2022) and the fragmentation of neural connectivity (Lewis et al. 2012). Together this creates a
compelling argument for cortical traveling waves as a biomarker for the dynamic integration of multiple brain
areas needed to sustain consciousness. Indeed this view is consistent with many reports showing decreased
distributed network connectivity in disorders of consciousness (Vanhaudenhuyse et al. 2010; Demertzi, Soddu,
and Laureys 2013).

Following this logic, we hypothesize that injury to thalamocortical projections is a focal point in the loss of
network level activity and beta oscillatory phenomena in our cohort of TBI patients. Previous studies have
proposed that the disruption of normal cortical dynamics in TBI may be due to injury to thalamo-cortical
connections (Mofakham et al. 2021, 2022), and many prevailing theories of cortical wave generation rely on
inputs from thalamo-cortical projections (Muller et al. 2018). Cortex is independently capable of generating
intrinsic beta rhythms, but subcortical circuits involving the thalamus and basal ganglia are likely important in
generating behaviorally and ecologically relevant beta oscillations (Sherman et al. 2016; Rosanova et al.
2009). Indeed, several efforts towards deep brain stimulation of thalamic nuclei for the recovery of
consciousness have been undertaken with promise in rodents (Bastos et al. 2021), nonhuman primates
(Tasserie et al. 2022), and humans (Giacino et al. 2012; Gummadavelli et al. 2015; Chudy et al. 2023; Schiff et
al. 2023).

In summary, as our standard of practice, TBI patients undergoing either multi-modality monitoring with
intracranial bolt placement or craniotomy for subdural hematoma evacuation respectively receive depth or
subdural strip electrodes for improved seizure localization. We first assert that these results add to the growing
volume of literature that shows improved identification of electrophysiological biomarkers with invasive
recordings as opposed to scalp EEG (Marcellino et al. 2018; Robinson, Hartings, and Foreman 2021). Moving
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forward, we anticipate a expanded utility for invasive recordings where advances have been mostly limited to
scalp EEG including cardiac arrest (Sethi et al. 2016), subarachnoid hemorrhage (Claassen, Mayer, and Hirsch
2005), and seizure monitoring after subdural hematoma evacuation (Rabinstein et al. 2010). We secondarily
propose that while these electrodes are in place, features such as beta oscillatory power and traveling waves
could be used to reduce prognostic uncertainty, thereby providing crucial information in end-of-life decision
making (Goostrey and Muehlschlegel 2022; Fischer et al. 2022). From a practical perspective,
electrophysiological biomarkers such as these could help define specific time periods for observation and
provide objective metrics of clinical improvement (Miranda et al. 2023).
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Figures

Figure 1

Invasive recordings in TBI patients with power spectral decomposition. a) Postoperative radiograph
showing craniotomy with subdural strip electrode placement. b) Example iEEG signal obtained from an
electrode (top) with wavelet spectral decomposition showing prominent beta power (bottom). c) Corresponding
power spectral density (black) with full model fit (red) and aperiodic component (blue). We define beta
oscillatory power as the maximum difference between the full model fit and aperiodic component.
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Figure 2

Return of beta oscillatory power with recovery from traumatic brain injury. a) Pre- and postoperative CT
images of a patient with good neurological outcome who presented with acute traumatic subdural hemorrhage
and was implanted with a subdural strip electrode. b) Corresponding normalized power spectral densities over
time showing return of beta oscillatory power with recovery of GCS. Example raw traces are shown from an
electrode that showed a significant increase in beta oscillations from day 0 to day 4. c) Pre- and postoperative
CT images of a patient with poor neurological outcome who presented with blunt TBI and underwent
quad-lumen intracranial bolt placement with depth electrode. d) Corresponding power spectral densities over
time showing persistent deficiency of beta oscillatory power.
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Figure 3

Intracranial beta oscillatory power correlates with GCS and predicts mortality and length of in-hospital
stay. a) Scatter plot showing correlation between beta oscillatory power and GCS (r = 0.603, p = 0.013). Each
dot represents the average values for one patient, and the red dashed line shows the line of best fit. b)
Comparison of average beta oscillatory power for patients who survived their TBI versus those who died within
2 months of injury (t(14) = 2.97, p = 0.010). c) Kaplan-Meier curve showing % of patients remaining in the
hospital where patients were split into two groups based on the median beta oscillatory power (log-rank test, p
= 0.003).
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Figure 4

Beta oscillations manifest as traveling waves across the cortical surface. a) Two postoperative
craniotomy patients who presented with acute traumatic subdural hemorrhages and were implanted with
subdural strip electrodes (4 and 6 contacts respectively). In either case, robust examples of cortical traveling
waves were observed. Top panels show filtered iEEG traces in the beta range (peak frequency of 16Hz; traces
are shown filtered 12-20 Hz) and bottom panels show the corresponding instantaneous phase for each
electrode. b) Scatter plots showing correlation between GCS and wave rate (top; r = 0.783, p = 0.013) and
oscillatory power and wave rate (bottom; r = 0.819, p = 0.007). Each dot represents the average values for one
patient. c) Comparison of wave rate for patients who survived their TBI versus those who died within a 2 month
period (t = 4.91, p = 0.002). d) Kaplan-Meier curve showing % of patients remaining in the hospital where
patients were split into two groups based on the median wave rate (log-rank test, p = 0.005). We included the
median data point in the low wave rate group (given total number of patients = 9) for the purposes of this plot.

.CC-BY-NC 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 23, 2024. ; https://doi.org/10.1101/2024.07.19.604293doi: bioRxiv preprint 

https://doi.org/10.1101/2024.07.19.604293
http://creativecommons.org/licenses/by-nc/4.0/


References
Addison, Paul S. 2017. The Illustrated Wavelet Transform Handbook: Introductory Theory and Applications in

Science, Engineering, Medicine and Finance, Second Edition. CRC Press.
Bastos, André M., Jacob A. Donoghue, Scott L. Brincat, Meredith Mahnke, Jorge Yanar, Josefina Correa, Ayan

S. Waite, et al. 2021. “Neural Effects of Propofol-Induced Unconsciousness and Its Reversal Using
Thalamic Stimulation.” eLife 10 (April). https://doi.org/10.7554/eLife.60824.

Bhattacharya, Sayak, Scott L. Brincat, Mikael Lundqvist, and Earl K. Miller. 2022. “Traveling Waves in the
Prefrontal Cortex during Working Memory.” PLoS Computational Biology 18 (1): e1009827.

Bhattacharya, Sayak, Jacob A. Donoghue, Meredith Mahnke, Scott L. Brincat, Emery N. Brown, and Earl K.
Miller. 2022. “Propofol Anesthesia Alters Cortical Traveling Waves.” Journal of Cognitive Neuroscience 34
(7): 1274–86.

Chudy, Darko, Vedran Deletis, Veronika Paradžik, Ivan Dubroja, Petar Marčinković, Darko Orešković, Hana
Chudy, and Marina Raguž. 2023. “Deep Brain Stimulation in Disorders of Consciousness: 10 Years of a
Single Center Experience.” Scientific Reports 13 (1): 19491.

Claassen, Jan, Stephan A. Mayer, and Lawrence J. Hirsch. 2005. “Continuous EEG Monitoring in Patients with
Subarachnoid Hemorrhage.” Journal of Clinical Neurophysiology: Official Publication of the American
Electroencephalographic Society 22 (2): 92–98.

Cole, Scott R., and Bradley Voytek. 2017. “Brain Oscillations and the Importance of Waveform Shape.” Trends
in Cognitive Sciences 21 (2): 137–49.

Creed, Jordan, Travis Gerke, and Anders Berglund. 2020. “MatSurv: Survival Analysis and Visualization in
MATLAB.” Journal of Open Source Software 5 (46): 1830.

Das, Anup, John Myers, Raissa Mathura, Ben Shofty, Brian A. Metzger, Kelly Bijanki, Chengyuan Wu, Joshua
Jacobs, and Sameer A. Sheth. 2022. “Spontaneous Neuronal Oscillations in the Human Insula Are
Hierarchically Organized Traveling Waves.” eLife 11 (May). https://doi.org/10.7554/eLife.76702.

Demertzi, Athena, Andrea Soddu, and Steven Laureys. 2013. “Consciousness Supporting Networks.” Current
Opinion in Neurobiology 23 (2): 239–44.

Denker, Michael, Lyuba Zehl, Bjørg E. Kilavik, Markus Diesmann, Thomas Brochier, Alexa Riehle, and Sonja
Grün. 2018. “LFP Beta Amplitude Is Linked to Mesoscopic Spatio-Temporal Phase Patterns.” Scientific
Reports 8 (1): 5200.

Diaz-Arrastia, Ramon, Kevin K. W. Wang, Linda Papa, Marco D. Sorani, John K. Yue, Ava M. Puccio, Paul J.
McMahon, et al. 2014. “Acute Biomarkers of Traumatic Brain Injury: Relationship between Plasma Levels
of Ubiquitin C-Terminal Hydrolase-L1 and Glial Fibrillary Acidic Protein.” Journal of Neurotrauma 31 (1):
19–25.

Donoghue, Thomas, Matar Haller, Erik J. Peterson, Paroma Varma, Priyadarshini Sebastian, Richard Gao,
Torben Noto, et al. 2020. “Parameterizing Neural Power Spectra into Periodic and Aperiodic Components.”
Nature Neuroscience 23 (12): 1655–65.

Donoghue, Thomas, Natalie Schaworonkow, and Bradley Voytek. 2022. “Methodological Considerations for
Studying Neural Oscillations.” The European Journal of Neuroscience 55 (11-12): 3502–27.

Edlow, Brian L., Camille Chatelle, Camille A. Spencer, Catherine J. Chu, Yelena G. Bodien, Kathryn L.
O’Connor, Ronald E. Hirschberg, et al. 2017. “Early Detection of Consciousness in Patients with Acute
Severe Traumatic Brain Injury.” Brain: A Journal of Neurology 140 (9): 2399–2414.

Edlow, Brian L., Jan Claassen, Nicholas D. Schiff, and David M. Greer. 2021. “Recovery from Disorders of
Consciousness: Mechanisms, Prognosis and Emerging Therapies.” Nature Reviews. Neurology 17 (3):
135–56.

Fischer, David, Brian L. Edlow, Joseph T. Giacino, and David M. Greer. 2022. “Neuroprognostication: A
Conceptual Framework.” Nature Reviews. Neurology 18 (7): 419–27.

Foreman, Brandon, and Jan Claassen. 2012. “Quantitative EEG for the Detection of Brain Ischemia.” Critical
Care / the Society of Critical Care Medicine 16 (2): 216.

Frost, R. Brock, Thomas J. Farrer, Mark Primosch, and Dawson W. Hedges. 2013. “Prevalence of Traumatic
Brain Injury in the General Adult Population: A Meta-Analysis.” Neuroepidemiology 40 (3): 154–59.

Gan, Zoe S., Sherman C. Stein, Randel Swanson, Shaobo Guan, Lizette Garcia, Devanshi Mehta, and
Douglas H. Smith. 2019. “Blood Biomarkers for Traumatic Brain Injury: A Quantitative Assessment of
Diagnostic and Prognostic Accuracy.” Frontiers in Neurology 10 (April): 446.

Giacino, Joseph, Joseph J. Fins, Andre Machado, and Nicholas D. Schiff. 2012. “Central Thalamic Deep Brain

.CC-BY-NC 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 23, 2024. ; https://doi.org/10.1101/2024.07.19.604293doi: bioRxiv preprint 

http://paperpile.com/b/tvZ1bd/nBKp
http://paperpile.com/b/tvZ1bd/nBKp
http://paperpile.com/b/tvZ1bd/9aS0
http://paperpile.com/b/tvZ1bd/9aS0
http://paperpile.com/b/tvZ1bd/9aS0
http://dx.doi.org/10.7554/eLife.60824
http://paperpile.com/b/tvZ1bd/9aS0
http://paperpile.com/b/tvZ1bd/qwOH
http://paperpile.com/b/tvZ1bd/qwOH
http://paperpile.com/b/tvZ1bd/dQRP
http://paperpile.com/b/tvZ1bd/dQRP
http://paperpile.com/b/tvZ1bd/dQRP
http://paperpile.com/b/tvZ1bd/EUyO
http://paperpile.com/b/tvZ1bd/EUyO
http://paperpile.com/b/tvZ1bd/EUyO
http://paperpile.com/b/tvZ1bd/6PyL
http://paperpile.com/b/tvZ1bd/6PyL
http://paperpile.com/b/tvZ1bd/6PyL
http://paperpile.com/b/tvZ1bd/nGsr
http://paperpile.com/b/tvZ1bd/nGsr
http://paperpile.com/b/tvZ1bd/DjNa
http://paperpile.com/b/tvZ1bd/DjNa
http://paperpile.com/b/tvZ1bd/2bwY
http://paperpile.com/b/tvZ1bd/2bwY
http://paperpile.com/b/tvZ1bd/2bwY
http://dx.doi.org/10.7554/eLife.76702
http://paperpile.com/b/tvZ1bd/2bwY
http://paperpile.com/b/tvZ1bd/CJUX
http://paperpile.com/b/tvZ1bd/CJUX
http://paperpile.com/b/tvZ1bd/ymE3
http://paperpile.com/b/tvZ1bd/ymE3
http://paperpile.com/b/tvZ1bd/ymE3
http://paperpile.com/b/tvZ1bd/vCuz
http://paperpile.com/b/tvZ1bd/vCuz
http://paperpile.com/b/tvZ1bd/vCuz
http://paperpile.com/b/tvZ1bd/vCuz
http://paperpile.com/b/tvZ1bd/NMcK
http://paperpile.com/b/tvZ1bd/NMcK
http://paperpile.com/b/tvZ1bd/NMcK
http://paperpile.com/b/tvZ1bd/UGgo
http://paperpile.com/b/tvZ1bd/UGgo
http://paperpile.com/b/tvZ1bd/o5g1
http://paperpile.com/b/tvZ1bd/o5g1
http://paperpile.com/b/tvZ1bd/o5g1
http://paperpile.com/b/tvZ1bd/0cB1
http://paperpile.com/b/tvZ1bd/0cB1
http://paperpile.com/b/tvZ1bd/0cB1
http://paperpile.com/b/tvZ1bd/D7za
http://paperpile.com/b/tvZ1bd/D7za
http://paperpile.com/b/tvZ1bd/1bVZ
http://paperpile.com/b/tvZ1bd/1bVZ
http://paperpile.com/b/tvZ1bd/UQ1M
http://paperpile.com/b/tvZ1bd/UQ1M
http://paperpile.com/b/tvZ1bd/nJbX
http://paperpile.com/b/tvZ1bd/nJbX
http://paperpile.com/b/tvZ1bd/nJbX
http://paperpile.com/b/tvZ1bd/MgYK
https://doi.org/10.1101/2024.07.19.604293
http://creativecommons.org/licenses/by-nc/4.0/


Stimulation to Promote Recovery from Chronic Posttraumatic Minimally Conscious State: Challenges and
Opportunities.” Neuromodulation: Journal of the International Neuromodulation Society 15 (4): 339–49.

Goostrey, Kelsey, and Susanne Muehlschlegel. 2022. “Prognostication and Shared Decision Making in
Neurocritical Care.” BMJ 377 (April): e060154.

Gummadavelli, Abhijeet, Joshua E. Motelow, Nicholas Smith, Qiong Zhan, Nicholas D. Schiff, and Hal
Blumenfeld. 2015. “Thalamic Stimulation to Improve Level of Consciousness after Seizures: Evaluation of
Electrophysiology and Behavior.” Epilepsia 56 (1): 114–24.

Lachaux, J. P., E. Rodriguez, J. Martinerie, and F. J. Varela. 1999. “Measuring Phase Synchrony in Brain
Signals.” Human Brain Mapping 8 (4): 194–208.

Laureys, Steven, and Nicholas D. Schiff. 2012. “Coma and Consciousness: Paradigms (re)framed by
Neuroimaging.” NeuroImage 61 (2): 478–91.

Lewis, Laura D., Veronica S. Weiner, Eran A. Mukamel, Jacob A. Donoghue, Emad N. Eskandar, Joseph R.
Madsen, William S. Anderson, et al. 2012. “Rapid Fragmentation of Neuronal Networks at the Onset of
Propofol-Induced Unconsciousness.” Proceedings of the National Academy of Sciences of the United
States of America 109 (49): E3377–86.

Malekmohammadi, Mahsa, Collin M. Price, Andrew E. Hudson, Jasmine A. T. DiCesare, and Nader Pouratian.
2019. “Propofol-Induced Loss of Consciousness Is Associated with a Decrease in Thalamocortical
Connectivity in Humans.” Brain: A Journal of Neurology 142 (8): 2288–2302.

Marcellino, Chris R., Samuel Lapalme-Remis, Alejandro A. Rabinstein, Jamie J. Van Gompel, Gregory A.
Worrell, Eric T. Payne, and Sara Hocker. 2018. “Cortical Surface Intracranial Electrodes Identify Clinically
Relevant Seizures Missed on Scalp EEG after Traumatic Intracranial Hemorrhage.” Epileptic Disorders:
International Epilepsy Journal with Videotape 20 (6): 551–56.

McKinlay, A., R. C. Grace, L. J. Horwood, D. M. Fergusson, E. M. Ridder, and M. R. MacFarlane. 2008.
“Prevalence of Traumatic Brain Injury among Children, Adolescents and Young Adults: Prospective
Evidence from a Birth Cohort.” Brain Injury: [BI] 22 (2): 175–81.

Miranda, Stephen P., Rachel S. Morris, Mackenzie Rabas, Claire J. Creutzfeldt, and Zara Cooper. 2023. “Early
Shared Decision-Making for Older Adults with Traumatic Brain Injury: Using Time-Limited Trials and
Understanding Their Limitations.” Neurocritical Care 39 (2): 284–93.

Mofakham, Sima, Adam Fry, Joseph Adachi, Patricia L. Stefancin, Tim Q. Duong, Jordan R. Saadon, Nathan J.
Winans, et al. 2021. “Electrocorticography Reveals Thalamic Control of Cortical Dynamics Following
Traumatic Brain Injury.” Communications Biology 4 (1): 1210.

Mofakham, Sima, Yuhao Liu, Asher Hensley, Jordan R. Saadon, Theresa Gammel, Megan E. Cosgrove,
Joseph Adachi, et al. 2022. “Injury to Thalamocortical Projections Following Traumatic Brain Injury Results
in Attractor Dynamics for Cortical Networks.” Progress in Neurobiology 210 (March): 102215.

Muller, Lyle, Frédéric Chavane, John Reynolds, and Terrence J. Sejnowski. 2018. “Cortical Travelling Waves:
Mechanisms and Computational Principles.” Nature Reviews. Neuroscience 19 (5): 255–68.

Owen, Adrian M., Nicholas D. Schiff, and Steven Laureys. 2009. “A New Era of Coma and Consciousness
Science.” Progress in Brain Research 177: 399–411.

Proskovec, Amy L., Alex I. Wiesman, Elizabeth Heinrichs-Graham, and Tony W. Wilson. 2018. “Beta
Oscillatory Dynamics in the Prefrontal and Superior Temporal Cortices Predict Spatial Working Memory
Performance.” Scientific Reports 8 (1): 8488.

Rabinstein, Alejandro A., Seung Young Chung, Leslie A. Rudzinski, and Giuseppe Lanzino. 2010. “Seizures
after Evacuation of Subdural Hematomas: Incidence, Risk Factors, and Functional Impact.” Journal of
Neurosurgery 112 (2): 455–60.

Robinson, David, Jed Hartings, and Brandon Foreman. 2021. “First Report of Spreading Depolarization
Correlates on Scalp EEG Confirmed with a Depth Electrode.” Neurocritical Care 35 (Suppl 2): 100–104.

Rosanova, Mario, Adenauer Casali, Valentina Bellina, Federico Resta, Maurizio Mariotti, and Marcello
Massimini. 2009. “Natural Frequencies of Human Corticothalamic Circuits.” The Journal of Neuroscience:
The Official Journal of the Society for Neuroscience 29 (24): 7679–85.

Rubino, Doug, Kay A. Robbins, and Nicholas G. Hatsopoulos. 2006. “Propagating Waves Mediate Information
Transfer in the Motor Cortex.” Nature Neuroscience 9 (12): 1549–57.

Schiff, Nicholas D., Joseph T. Giacino, Christopher R. Butson, Eun Young Choi, Jonathan L. Baker, Kyle P.
O’Sullivan, Andrew P. Janson, et al. 2023. “Thalamic Deep Brain Stimulation in Traumatic Brain Injury: A
Phase 1, Randomized Feasibility Study.” Nature Medicine 29 (12): 3162–74.

Schiff, Nicholas D., Tanya Nauvel, and Jonathan D. Victor. 2014. “Large-Scale Brain Dynamics in Disorders of
Consciousness.” Current Opinion in Neurobiology 25 (April): 7–14.

.CC-BY-NC 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 23, 2024. ; https://doi.org/10.1101/2024.07.19.604293doi: bioRxiv preprint 

http://paperpile.com/b/tvZ1bd/MgYK
http://paperpile.com/b/tvZ1bd/MgYK
http://paperpile.com/b/tvZ1bd/xVWv
http://paperpile.com/b/tvZ1bd/xVWv
http://paperpile.com/b/tvZ1bd/n1Zy
http://paperpile.com/b/tvZ1bd/n1Zy
http://paperpile.com/b/tvZ1bd/n1Zy
http://paperpile.com/b/tvZ1bd/CXT3
http://paperpile.com/b/tvZ1bd/CXT3
http://paperpile.com/b/tvZ1bd/3Grx
http://paperpile.com/b/tvZ1bd/3Grx
http://paperpile.com/b/tvZ1bd/cNqZ
http://paperpile.com/b/tvZ1bd/cNqZ
http://paperpile.com/b/tvZ1bd/cNqZ
http://paperpile.com/b/tvZ1bd/cNqZ
http://paperpile.com/b/tvZ1bd/kDo5
http://paperpile.com/b/tvZ1bd/kDo5
http://paperpile.com/b/tvZ1bd/kDo5
http://paperpile.com/b/tvZ1bd/p3o5
http://paperpile.com/b/tvZ1bd/p3o5
http://paperpile.com/b/tvZ1bd/p3o5
http://paperpile.com/b/tvZ1bd/p3o5
http://paperpile.com/b/tvZ1bd/5ejU
http://paperpile.com/b/tvZ1bd/5ejU
http://paperpile.com/b/tvZ1bd/5ejU
http://paperpile.com/b/tvZ1bd/m9wM
http://paperpile.com/b/tvZ1bd/m9wM
http://paperpile.com/b/tvZ1bd/m9wM
http://paperpile.com/b/tvZ1bd/Zrni
http://paperpile.com/b/tvZ1bd/Zrni
http://paperpile.com/b/tvZ1bd/Zrni
http://paperpile.com/b/tvZ1bd/Hl66
http://paperpile.com/b/tvZ1bd/Hl66
http://paperpile.com/b/tvZ1bd/Hl66
http://paperpile.com/b/tvZ1bd/cNja
http://paperpile.com/b/tvZ1bd/cNja
http://paperpile.com/b/tvZ1bd/WDcd
http://paperpile.com/b/tvZ1bd/WDcd
http://paperpile.com/b/tvZ1bd/EeZe
http://paperpile.com/b/tvZ1bd/EeZe
http://paperpile.com/b/tvZ1bd/EeZe
http://paperpile.com/b/tvZ1bd/NlwM
http://paperpile.com/b/tvZ1bd/NlwM
http://paperpile.com/b/tvZ1bd/NlwM
http://paperpile.com/b/tvZ1bd/O9Qy
http://paperpile.com/b/tvZ1bd/O9Qy
http://paperpile.com/b/tvZ1bd/sALE
http://paperpile.com/b/tvZ1bd/sALE
http://paperpile.com/b/tvZ1bd/sALE
http://paperpile.com/b/tvZ1bd/Y6MC
http://paperpile.com/b/tvZ1bd/Y6MC
http://paperpile.com/b/tvZ1bd/VpHd
http://paperpile.com/b/tvZ1bd/VpHd
http://paperpile.com/b/tvZ1bd/VpHd
http://paperpile.com/b/tvZ1bd/nkUS
http://paperpile.com/b/tvZ1bd/nkUS
https://doi.org/10.1101/2024.07.19.604293
http://creativecommons.org/licenses/by-nc/4.0/


Schmidt, Robert, Maria Herrojo Ruiz, Bjørg E. Kilavik, Mikael Lundqvist, Philip A. Starr, and Adam R. Aron.
2019. “Beta Oscillations in Working Memory, Executive Control of Movement and Thought, and
Sensorimotor Function.” The Journal of Neuroscience: The Official Journal of the Society for Neuroscience
39 (42): 8231–38.

Sethi, Nitin K., Erik Westhall, Andrea O. Rossetti, and Tobias Cronberg. 2016. “Standardized EEG
Interpretation Accurately Predicts Prognosis after Cardiac Arrest.” Neurology.

Seymour, Robert A., Nicholas Alexander, and Eleanor A. Maguire. 2022. “Robust Estimation of 1/f Activity
Improves Oscillatory Burst Detection.” The European Journal of Neuroscience 56 (10): 5836–52.

Sharma, Richa, and Daniel T. Laskowitz. 2012. “Biomarkers in Traumatic Brain Injury.” Current Neurology and
Neuroscience Reports 12 (5): 560–69.

Sherman, Maxwell A., Shane Lee, Robert Law, Saskia Haegens, Catherine A. Thorn, Matti S. Hämäläinen,
Christopher I. Moore, and Stephanie R. Jones. 2016. “Neural Mechanisms of Transient Neocortical Beta
Rhythms: Converging Evidence from Humans, Computational Modeling, Monkeys, and Mice.”
Proceedings of the National Academy of Sciences of the United States of America 113 (33): E4885–94.

Stein, Deborah M., Joseph A. Kufera, Allison Lindell, Karen R. Murdock, Jay Menaker, Grant V. Bochicchio,
Bizhan Aarabi, and Thomas M. Scalea. 2011. “Association of CSF Biomarkers and Secondary Insults
Following Severe Traumatic Brain Injury.” Neurocritical Care 14 (2): 200–207.

Stolk, Arjen, Loek Brinkman, Mariska J. Vansteensel, Erik Aarnoutse, Frans Ss Leijten, Chris H. Dijkerman,
Robert T. Knight, Floris P. de Lange, and Ivan Toni. 2019. “Electrocorticographic Dissociation of Alpha and
Beta Rhythmic Activity in the Human Sensorimotor System.” eLife 8 (October).
https://doi.org/10.7554/eLife.48065.

Takahashi, Kazutaka, Maryam Saleh, Richard D. Penn, and Nicholas G. Hatsopoulos. 2011. “Propagating
Waves in Human Motor Cortex.” Frontiers in Human Neuroscience 5 (April): 40.

Tasserie, Jordy, Lynn Uhrig, Jacobo D. Sitt, Dragana Manasova, Morgan Dupont, Stanislas Dehaene, and
Béchir Jarraya. 2022. “Deep Brain Stimulation of the Thalamus Restores Signatures of Consciousness in
a Nonhuman Primate Model.” Science Advances 8 (11): eabl5547.

Vanhaudenhuyse, Audrey, Quentin Noirhomme, Luaba J-F Tshibanda, Marie-Aurelie Bruno, Pierre Boveroux,
Caroline Schnakers, Andrea Soddu, et al. 2010. “Default Network Connectivity Reflects the Level of
Consciousness in Non-Communicative Brain-Damaged Patients.” Brain: A Journal of Neurology 133 (Pt
1): 161–71.

Vaz, Alex P., Sara K. Inati, Nicolas Brunel, and Kareem A. Zaghloul. 2019. “Coupled Ripple Oscillations
between the Medial Temporal Lobe and Neocortex Retrieve Human Memory.” Science 363 (6430):
975–78.

Vaz, Alex P., Robert B. Yaffe, John H. Wittig Jr, Sara K. Inati, and Kareem A. Zaghloul. 2017. “Dual Origins of
Measured Phase-Amplitude Coupling Reveal Distinct Neural Mechanisms Underlying Episodic Memory in
the Human Cortex.” NeuroImage 148 (March): 148–59.

Waziri, Allen, Jan Claassen, R. Morgan Stuart, Hiba Arif, J. Michael Schmidt, Stephan A. Mayer, Neeraj
Badjatia, et al. 2009. “Intracortical Electroencephalography in Acute Brain Injury.” Annals of Neurology 66
(3): 366–77.

Weiner, Veronica S., David W. Zhou, Pegah Kahali, Emily P. Stephen, Robert A. Peterfreund, Linda S. Aglio,
Michele D. Szabo, et al. 2023. “Propofol Disrupts Alpha Dynamics in Functionally Distinct Thalamocortical
Networks during Loss of Consciousness.” Proceedings of the National Academy of Sciences of the United
States of America 120 (11): e2207831120.

Won, Sae-Yeon, Thomas M. Freiman, Sara Sujin Lee-Müller, Daniel Dubinski, Laurent M. Willems, Philipp S.
Reif, Elke Hattingen, et al. 2023. “The Long-Term Use of Diagnostic Subdural Electroencephalogram
Electrodes and Subdural Hematoma: A Prospective Cohort Study.” Critical Care Medicine 51 (12):
1754–65.

Wu, Jennifer, Ramesh Srinivasan, Erin Burke Quinlan, Ana Solodkin, Steven L. Small, and Steven C. Cramer.
2016. “Utility of EEG Measures of Brain Function in Patients with Acute Stroke.” Journal of
Neurophysiology 115 (5): 2399–2405.

Zabeh, Erfan, Nicholas C. Foley, Joshua Jacobs, and Jacqueline P. Gottlieb. 2023. “Beta Traveling Waves in
Monkey Frontal and Parietal Areas Encode Recent Reward History.” Nature Communications 14 (1): 5428.

Zhang, Honghui, and Joshua Jacobs. 2015. “Traveling Theta Waves in the Human Hippocampus.” The Journal
of Neuroscience: The Official Journal of the Society for Neuroscience 35 (36): 12477–87.

Zhang, Honghui, Andrew J. Watrous, Ansh Patel, and Joshua Jacobs. 2018. “Theta and Alpha Oscillations Are
Traveling Waves in the Human Neocortex.” Neuron 98 (6): 1269–81.e4.

.CC-BY-NC 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 23, 2024. ; https://doi.org/10.1101/2024.07.19.604293doi: bioRxiv preprint 

http://paperpile.com/b/tvZ1bd/plbx
http://paperpile.com/b/tvZ1bd/plbx
http://paperpile.com/b/tvZ1bd/plbx
http://paperpile.com/b/tvZ1bd/plbx
http://paperpile.com/b/tvZ1bd/y6VH
http://paperpile.com/b/tvZ1bd/y6VH
http://paperpile.com/b/tvZ1bd/Aet4
http://paperpile.com/b/tvZ1bd/Aet4
http://paperpile.com/b/tvZ1bd/GN23
http://paperpile.com/b/tvZ1bd/GN23
http://paperpile.com/b/tvZ1bd/cKYT
http://paperpile.com/b/tvZ1bd/cKYT
http://paperpile.com/b/tvZ1bd/cKYT
http://paperpile.com/b/tvZ1bd/cKYT
http://paperpile.com/b/tvZ1bd/5ev8
http://paperpile.com/b/tvZ1bd/5ev8
http://paperpile.com/b/tvZ1bd/5ev8
http://paperpile.com/b/tvZ1bd/tvL4
http://paperpile.com/b/tvZ1bd/tvL4
http://paperpile.com/b/tvZ1bd/tvL4
http://paperpile.com/b/tvZ1bd/tvL4
http://dx.doi.org/10.7554/eLife.48065
http://paperpile.com/b/tvZ1bd/tvL4
http://paperpile.com/b/tvZ1bd/8NHZ
http://paperpile.com/b/tvZ1bd/8NHZ
http://paperpile.com/b/tvZ1bd/Ajkr
http://paperpile.com/b/tvZ1bd/Ajkr
http://paperpile.com/b/tvZ1bd/Ajkr
http://paperpile.com/b/tvZ1bd/Jspz
http://paperpile.com/b/tvZ1bd/Jspz
http://paperpile.com/b/tvZ1bd/Jspz
http://paperpile.com/b/tvZ1bd/Jspz
http://paperpile.com/b/tvZ1bd/i8Jq
http://paperpile.com/b/tvZ1bd/i8Jq
http://paperpile.com/b/tvZ1bd/i8Jq
http://paperpile.com/b/tvZ1bd/rxVI
http://paperpile.com/b/tvZ1bd/rxVI
http://paperpile.com/b/tvZ1bd/rxVI
http://paperpile.com/b/tvZ1bd/lkV0
http://paperpile.com/b/tvZ1bd/lkV0
http://paperpile.com/b/tvZ1bd/lkV0
http://paperpile.com/b/tvZ1bd/4j7g
http://paperpile.com/b/tvZ1bd/4j7g
http://paperpile.com/b/tvZ1bd/4j7g
http://paperpile.com/b/tvZ1bd/4j7g
http://paperpile.com/b/tvZ1bd/t007
http://paperpile.com/b/tvZ1bd/t007
http://paperpile.com/b/tvZ1bd/t007
http://paperpile.com/b/tvZ1bd/t007
http://paperpile.com/b/tvZ1bd/SQNc
http://paperpile.com/b/tvZ1bd/SQNc
http://paperpile.com/b/tvZ1bd/SQNc
http://paperpile.com/b/tvZ1bd/lvRV
http://paperpile.com/b/tvZ1bd/lvRV
http://paperpile.com/b/tvZ1bd/aknS
http://paperpile.com/b/tvZ1bd/aknS
http://paperpile.com/b/tvZ1bd/lz4o
http://paperpile.com/b/tvZ1bd/lz4o
https://doi.org/10.1101/2024.07.19.604293
http://creativecommons.org/licenses/by-nc/4.0/


Acknowledgments
We thank Casey Halpern and Iahn Cajigas for helpful and insightful comments on the manuscript. We are
indebted to all patients who contributed to this study. Funding: This work was supported by the clinical
program of the University of Pennsylvania, Presbyterian Medical Center. This work was also supported by
NINDS grant F31 NS113400 to AV. Contributions: AV, CW, and DP conceptualized the study; AV performed
all data analysis, software development, and visualization; KB and LB provided additional analysis code; AV,
CW, SM, ST, JA, KB, SS, SA, JG, DS, JS, AR, HC, and DP curated the data; AV, CW, and DP wrote the
original draft; DP supervised the study; all authors reviewed and edited the final manuscript. Competing
interests: the authors declare no competing interests.

.CC-BY-NC 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 23, 2024. ; https://doi.org/10.1101/2024.07.19.604293doi: bioRxiv preprint 

https://doi.org/10.1101/2024.07.19.604293
http://creativecommons.org/licenses/by-nc/4.0/


Methods

Patients and Surgical Procedures

Patients who underwent iEEG monitoring during a three-year period between 2020 and 2022 were
retrospectively identified via a prospectively maintained database of patients with cranial trauma presenting to
a single level 1 trauma center located in an urban setting (Penn Presbyterian Medical Center, Philadelphia,
PA). Our data set consisted of 16 patients (4 female; 50.9 ± 4.4 years) who presented with traumatic brain
injury (University of Pennsylvania IRB protocol   855266).

iEEG was performed as standard of care in our center for patients with severe TBI. In patients who presented
with acute subdural hemorrhage requiring craniotomy or craniectomy, a subdural strip electrode
(TS08R-SP10X-000, Ad-Tech, Oak Creek, WI) was placed prior to closure. The distal lead was tunneled
posterior to the incision and secured in place with suture at the skin. Per Brain Trauma Foundation guidelines,
potentially salvageable patients with severe TBI (GCS < 9) underwent placement of an ICP monitor. In these
patients a quad-lumen bolt (H0000-3644, Hemedex, Waltham, MA) was placed. This facilitates the placement
of an ICP monitor, brain tissue oxygenation monitor, a microdialysis catheter, in addition to a depth electrode.
Bolts were placed in standard fashion at or near Kocher’s point with the laterality dictated by the patient’s
pathology. In these patients a 8-contact depth electrode (SD06R-SP05X-000, Ad-Tech, Oak Creek, WI) was
placed through the bolt to a depth of 6cm such that the most proximal contact sat within the cortex subjacent to
the bolt. In patients who received both craniotomy and bolt placement, placement of either a subdural strip or
depth electrode was left to the discretion of the treating surgeon. All patients subsequently underwent
postoperative non-contrast head CT.

Intracranial EEG (iEEG) recordings
We collected intracranial EEG (iEEG) data from subdural and depth recording contacts. Subdural contacts
were arranged in strip configurations with a contact radius of 1.5 mm and inter-contact spacing of 10 mm and
consisted of either 4, 6, or 8 recording contacts. Depth electrodes were placed through one of the lumens of a
quad-lumen intracranial bolt used for intracranial pressure monitoring, and these electrodes always had 8
contacts. At the discretion of the clinical team, iEEG signals were sampled at 256 Hz. All recorded traces were
filtered with a fourth order low pass filter with cutoff frequency of 40 Hz to eliminate any possible sources of
electrical line noise. For any power analyses, we re-referenced these raw signals using bipolar referencing in
order to mitigate any effects of volume conduction or any biases introduced by the system hardware reference
(Vaz et al. 2019). Likewise, for traveling wave analyses, we necessarily utilized monopolar referencing in order
to not induce phase offsets between adjacent electrodes.

In addition to system level line noise, eye-blink artifacts, sharp transients, and inter-ictal discharges (IEDs) can
generate spurious broadband power and potentially disrupt power estimates. We therefore implemented a
previously reported automated event-level artifact rejection (Vaz et al. 2019). We calculated a z-score for every
iEEG time point based on the gradient (first derivative), and any time point that exceeded a z-score of 5 was
marked as artifactual. 100 ms before and after each identified time point was also classified as an artifact.

Power analyses
We quantified spectral power and phase by convolving iEEG signals with complex valued Morlet wavelets
(wavelet number 6) (Vaz et al. 2019; Addison 2017). We extracted one hour of data from every recording
session for our analyses and discarded the first 10 minutes in order to remove line noise associated with
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initiation of signal recording. In all cases, we calculated spectral power using 20 linearly spaced wavelets
between 2 and 40 Hz. We then squared and log-transformed the continuous-time wavelet transform to
generate a continuous measure of instantaneous power. To account for different power profiles across
electrodes when averaging within the same patient, we normalized the area under the power spectrum within
the range of 2-40 Hz (Mofakham et al. 2022).

Narrowband spectral power changes can however be difficult to interpret, as changes in aperiodic spectra can
confound these calculations (Vaz et al. 2017; Cole and Voytek 2017; Seymour, Alexander, and Maguire 2022).
We therefore implemented a previously described methodology for the parameterization of aperiodic and
periodic spectra in order to more accurately measure genuine beta oscillatory activity (Donoghue et al. 2020).
Briefly, we modeled each power spectral density (PSD) as a sum of a general aperiodic component and
multiple possible narrow-band components representing true oscillatory activity. The magnitude of difference
between the aperiodic and periodic fits then gives an intuitive measure of the amount of oscillatory power that
exceeds that which would be measured from a random-walk process (eg. Fig. 1c). These considerations help
to safeguard against spurious conclusions about beta power that may arise from non-oscillatory phenomena
(Donoghue, Schaworonkow, and Voytek 2022).

Wave detection
We adapted established procedures for identifying traveling waves in two dimensions (Rubino, Robbins, and
Hatsopoulos 2006; Zhang et al. 2018) for use with our linear arrays. We first extracted the instantaneous phase
(𝝋) in the beta band (12-30 Hz) using the Hilbert transform of bandpass filtered signals (second order
zero-phase distortion Butterworth filter). Electrodes for traveling wave analysis across each strip array were
selected based on the presence of a true oscillatory peak in the frequency band of interest (Zhang et al. 2018),
and phase gradients were then calculated from the these electrodes . Importantly, the phase distribution(∇𝝋)
was unwrapped in space by adding multiples of ± 2𝜋 when the jump between consecutive angles was less
than 𝜋 (Rubino, Robbins, and Hatsopoulos 2006). The mean phase gradient quantifies the degree of alignment
of the respective gradients across electrodes as a function of time:

𝑀𝑒𝑎𝑛 𝑝ℎ𝑎𝑠𝑒 𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡 (𝑡) =  ∇𝝋

We then Z-scored phase gradient values in order to obtain normalized values for each session. Consequently,
we defined a threshold of wave detection as |Z|>1 for at least 3 consecutive time points (~12ms) in order to
define the occurrence of a single wave. We note that this threshold is relatively arbitrary however, and
therefore compared the number of detected waves from a randomized phase distribution to the true values and
found that the empiric data always demonstrated more waves than would be expected by chance (Fig. S5). We
also conducted a further control analysis where we reproduced the main results using more conservative
thresholds in both duration and magnitude of phase gradient for wave detection (Fig. S6), and we showed that
traveling wave effects are specific for cortical strip electrodes as opposed to parenchymal depth electrodes
(Fig. S7).

Finally, we were interested if a metric of phase gradient consistency, as opposed to magnitude, could also
detect traveling waves and thereby reproduce our results with a separate methodology. A consistently
nonuniform distribution of phase gradients between electrodes would indicate the presence of a traveling
wave. We consequently used the resultant mean vector length to quantify phase gradient consistency (equal to
0 for uniform distribution of phase gradients; (Zhang and Jacobs 2015)):
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𝑃ℎ𝑎𝑠𝑒 𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡 𝑐𝑜𝑛𝑠𝑖𝑠𝑡𝑒𝑛𝑐𝑦 (𝑡) =  1
𝑁 |∑ 𝑒𝑖*∇𝝋|

We note that this formulation is equivalent to the phase locking value (PLV; (Lachaux et al. 1999)). Using this
metric, we found that traveling wave rate was again correlated with beta oscillatory power and GCS, with
similar average wave rates as calculated with phase gradient magnitude (Fig. S8). Indeed the wave rates were
significantly greater than would be expected by chance after shuffling phase values in time (t(8) = 4.94, p =
0.001).

We note here that the use of clinically indicated linear arrays limited our evaluation of wave directionality and
therefore wave speed. Likewise our inability to detect waves traveling in a direction more perpendicular to the
linear array likely resulted in a lower wave detection rate than may be in actuality. We propose then that as the
indications for invasive recordings in TBI increase in the near future, grid electrode arrays may be of
significantly higher clinical utility given improved detection of distributed electrophysiological activity.

Statistical methods
To use an appropriate statistical test for the relationship over time between beta oscillatory power and GCS for
data stratified by a different number of sessions for each patient, we employed a linear mixed effects model of
the form:

𝐵𝑒𝑡𝑎 𝑂𝑠𝑐𝑖𝑙𝑙𝑎𝑡𝑜𝑟𝑦 𝑃𝑜𝑤𝑒𝑟 ~ 𝐺𝐶𝑆 +  (𝐺𝐶𝑆 | 𝑃𝑎𝑡𝑖𝑒𝑛𝑡)

In this case, the model allows for a random intercept and slope with possible correlation between them, and
the null hypothesis is that there is no relationship between GCS and beta oscillatory power. Model fits were
performed with the ‘fitlme’ function in MATLAB. Likewise, we substituted wave rate for beta oscillatory power
and used the same model when investigating the relationship between wave rate and GCS:

𝑊𝑎𝑣𝑒 𝑅𝑎𝑡𝑒 ~ 𝐺𝐶𝑆 +  (𝐺𝐶𝑆 | 𝑃𝑎𝑡𝑖𝑒𝑛𝑡)

For our statistical tests concerning the significance of the difference between Kaplan-Meier curves from
different patient groups, we employed the log-rank test. This test has the null hypothesis that there is no
difference between populations in the probability of an event occurring over time. For example, when
comparing high versus low beta oscillatory power groups, the log-rank test assessed the difference over time in
discharge dates from the hospital (Fig. 3b). We calculated the log-rank test using the MatSurv function in
MATLAB (Creed, Gerke, and Berglund 2020).

We further constructed a separate linear mixed effects model to account for the potential confounding effects of
sedation on beta oscillatory power:

𝐵𝑒𝑡𝑎 𝑂𝑠𝑐𝑖𝑙𝑙𝑎𝑡𝑜𝑟𝑦 𝑃𝑜𝑤𝑒𝑟 ~ 𝑆𝑒𝑑𝑎𝑡𝑖𝑜𝑛 * 𝐺𝐶𝑆 +  (𝐺𝐶𝑆 | 𝑃𝑎𝑡𝑖𝑒𝑛𝑡)

In this way, we tested explicit interaction terms related to sedation, neither of which were significant (Sedation
t(52) = -0.55, p = 0.58; GCS:Sedation t(52) = -0.21, p = 0.83). Importantly, the effect of GCS was still significant
in this model (GCS, t(52) = 2.33, p = 0.024), supporting the assertion that beta power in our data is most
closely linked with coma status as opposed to clinically indicated sedation.
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Supplementary

Figure S1

Relationship between beta oscillatory power and GCS is the same regardless of the recording day of
interest. a) Scatter plot showing the correlation between beta oscillatory power and GCS for the first day of
recording (r = 0.54, p = 0.029). Each dot represents the average values for one patient, and the red dashed
line shows the line of best fit. b) Scatter plot showing the correlation for the last day of recording (ie. the last
day before hardware was removed; r = 0.63, p = 0.009).
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Figure S2

Replication of main results separately using strip or depth electrodes. a) Scatter plot showing the
correlation between beta oscillatory power and GCS for patients implanted with strip electrodes after
craniotomy for evacuation of acute subdural hematoma (n = 9; r = 0.73, p = 0.027). Each dot represents the
average values for one patient, and the red dashed line shows the line of best fit. b) Scatter plot showing the
correlation for patients implanted with depth electrodes via quad-lumen intracranial bolts after blunt TBI (n = 7;
r = 0.66, p = 0.108). We note here that the overall correlation is not significant (p > 0.05), but clearly trending
towards significance.
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Figure S3

Correlation between GCS and oscillatory power is not observed in the theta or alpha frequency bands.
a) Scatter plot showing the correlation between theta (4-8 Hz) oscillatory power and GCS (r = 0.098, p =
0.719). Each dot represents the average values for one patient, and the red dashed line shows the line of best
fit. b) Scatter plot showing the correlation between alpha (8-12 Hz) oscillatory power and GCS (r = 0.424, p =
0.102).
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Figure S4

Scalp EEG beta oscillatory power does not significantly correlate with GCS or predict mortality or
length of in-hospital stay. a) Scatter plot showing correlation between beta oscillatory power and GCS (r =
-0.059, p = 0.828). Each dot represents the average values for one patient, and the red dashed line shows the
line of best fit. b) Comparison of average beta oscillatory power for patients who survived their TBI versus
those who died within 2 months of injury (p > 0.05). c) Kaplan-Meier curve showing % of patients remaining in
the hospital where patients were split into two groups based on the median beta oscillatory power (log-rank
test, p = 0.293).
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Figure S5

Control analysis comparing true wave detection rate versus chance. Shuffled distributions were
generated by randomizing phase values in time and recalculating the wave detection as in the true case. In all
patients (except in one patient where no waves were detected in either case), wave rate was higher in the true
data than in the shuffled distribution, indicating that our wave detection methodology detects genuine
oscillatory phenomena (t(8) =   6.74, p <0.001).
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Figure S6

Replication of wave rate results with more conservative detection thresholds. a) Correlation between
wave rate and GCS with wave detection threshold increased to 8 time points (31.25 ms, roughly equivalent to
one cycle at 30Hz; r = 0.671, p = 0.048). Each dot represents the average values for one patient, and the red
dashed line shows the line of best fit. b) Correlation between wave rate and GCS with wave detection
threshold increased to |Z| > 1.5 (r = 0.734, p = 0.024).

.CC-BY-NC 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 23, 2024. ; https://doi.org/10.1101/2024.07.19.604293doi: bioRxiv preprint 

https://doi.org/10.1101/2024.07.19.604293
http://creativecommons.org/licenses/by-nc/4.0/


Figure S7

Wave rate and GCS are not significantly correlated in patients implanted with depth electrodes via
quad-lumen intracranial bolts. Each dot represents the average values for one patient, and the red dashed
line shows the line of best fit (r = 0.500, p = 0.253). We infer that the lack of significant correlation is due to the
difficulty in detecting traveling cortical waves along the course of depth electrodes that are inserted deep within
the parenchyma.

.CC-BY-NC 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 23, 2024. ; https://doi.org/10.1101/2024.07.19.604293doi: bioRxiv preprint 

https://doi.org/10.1101/2024.07.19.604293
http://creativecommons.org/licenses/by-nc/4.0/


Figure S8

Replication of wave rate results with phase gradient consistency. a) Correlation between wave rate and
beta oscillatory power as detected with phase gradient consistency (r = 0.804, p = 0.009). Each dot represents
the average values for one patient, and the red dashed line shows the line of best fit. b) Correlation between
wave rate and GCS (r = 0.785, p = 0.010). c) Control analysis comparing true wave detection rate versus
chance (as obtained by randomizing phase values in time). In all patients (except in one patient where no
waves were detected in either case), wave rate was higher in the true data than in the shuffled distribution (t(8)
= 4.94, p = 0.001).
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Table S1

Patient Age Gender Mechanism Diagnosis Surgery / Device In Hospital
Mortality

1 71 M Found
down

mICH R frontal bolt, EVD Yes
Comfort care →
Palliative
Extubation Day 6

2 85 F MVC SDH R craniotomy, subdural
strip electrode

No
Discharged
POD15
GCS15

3 58 M Fall mICH R frontal bolt Yes
Comfort care →
Palliative
extubation Day 5

4 30 M GSW mICH Bifrontal craniectomy,
EVD, subdural strip
electrode

No
Discharged
POD34
GCS15

5 69 M Fall mICH R craniotomy, Revision R
craniotomy POD3 with
strip electrode, bilateral
MMA embolization

No
Discharged
POD12
GCS15

6 58 M Found
down

R SDH R craniotomy, subdural
strip electrode, L frontal
bolt

No
Discharged
POD28
GCS15

7 30 M Fall L SDH /
EDH

L craniotomy, R frontal
bolt

No
Discharged
POD35
GCS15

8 68 M Fall mICH R craniotomy, subdural
strip electrode

No
Discharged
POD45
GCS14

9 59 M Fall L SDH L craniotomy, subdural
strip electrode

Yes
Comfort care
→ Palliative
extubation Day 2

10 65 M MVC mICH L craniotomy, R frontal
bolt, R frontal EVD

No
Discharged
hospital day 32
GCS14
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11 33 F MVC mICH R frontal bolt No
Discharged
hospital day 27
GCS15

12 53 M Fall L SDH L craniotomy, subdural
strip electrode

Yes
Comfort care
POD2

13 28 M GSW mICH R craniotomy, subdural
strip electrode, later L
frontal bolt

No
Discharged
POD37

14 33 M GSW mICH L craniotomy, R frontal
bolt

No
Discharged
POD48

15 74 F Fall L SDH L craniotomy, subdural
strip electrode

No
Discharged
POD6

16 27 F MVC L SDH /
EDH

L skull fracture elevation,
R frontal bolt

No
Discharged
POD15
GCS15

SDH - Subdural hematoma
EDH - Epidural hematoma
mICH - Multicompartmental intracranial hemorrhage
MVC - Motor vehicle collision
GSW - Gunshot wound
EVD - External ventricular drain
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