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SUMMARY

Brains are highly metabolic organs that emit ultraweak photon emissions (UPEs), which predict oxidative
stress, aging, and neurodegeneration. UPEs are triggered by neurotransmitters and biophysical stimuli,
but they are also generated by cells at rest and can be passively recorded using modern photodetectors
in dark environments. UPEs play a role in cell-to-cell communication, and neural cells might even have wave-
guiding properties that support optical channels. However, it remains uncertain whether passive light emis-
sions can be used to infer brain states as electric and magnetic fields do for encephalography. We present
evidence that brain UPEs differ from background light in spectral and entropic properties, respond dynam-
ically to tasks and stimulation, and correlate moderately with brain rhythms. We discuss these findings in the
context of other neuroimaging methods, the potential of new measurement parameters, the limitations of
light-based readouts, and the possibility of developing a platform to readout functional brain states: photo-

encephalography.

INTRODUCTION

Cells and tissues are traditionally understood to communicate
through molecules and gene transcription. However, an emerging
dimension of biophysical signaling is gaining attention. Itis well es-
tablished that cells and tissues can communicate via electrical sig-
nals, particularly in the brain and heart. Increasingly, evidence
points to the role of light signals, in the form of ultraweak photon
emissions (UPEs), as being physiologically relevant and potentially
useful as indicators of both healthy and diseased states."? These
UPEs were first described as “mitogenic radiation” by Alexander
Gurwitsch in 1923, following his pioneering experiments that
demonstrated that onion roots could stimulate growth in nearby
conspecifics, even when separated by glass barriers, but not by
quartz.® Subsequent studies corroborated the involvement of
endogenous ultraviolet (UV) light as the mediating factor for this
growth induction,” highlighting the potential role of biophotonic
signals in cellular communication and development.

This phenomenon has since been replicated in diverse uni-
and multicellular organisms,®® and due in part to the develop-
ment of technologies such as photomultiplier tubes (PMT), sin-
gle-photon counters (SPC), and charge-coupled devices
(CCD), much has been learned about UPEs. Indeed, biological
tissues continuously emit very low intensity light (~107'°
W/m?, a few thousand photons per cm? per second)® within
the visible-to-near-visible spectral range (200-900 nm). UPEs

are generated by radiative decay of excited molecules and
reflect the metabolic states of cells, correlating with the produc-
tion of reactive oxygen species (ROS).? Consistent with the peri-
odicities of hormonal fluctuations and oxidative metabolism,
UPEs display diurnal and seasonal variations'®'? and are
coupled to mitochondrial respiration, of which ROS is a primary
byproduct.'® However, UPEs can also be evoked by ligand-re-
ceptor interactions'® or by recent exposures to external light
sources, '*'® suggesting both endogenous and delayed re-emis-
sion mechanisms. Notably, UPEs are distinct from blackbody ra-
diation, which is orders of magnitude less intense, and biolumi-
nescence, which is typically more intense but related to
specific biochemical reactions (e.g., luciferase in fireflies, jelly-
fish).'” Despite these advances and an emerging science of
UPEs as participants in cellular communication,?'® limited prac-
tical applications have been implemented to date.

Neural tissues have received special attention as a source of
UPEs due to their excitable physiology, high metabolic
load,?*° and marked sensitivity to light stimulation.?’** Indeed,
the wavelengths of resting and glutamate-induced UPEs shift
significantly as a function of aging®*>® and cognitive potential.>*
Several investigators have hypothesized and successfully
modeled optical neurotransmission, suggesting a role of myelin-
ated nerve fibers as waveguides for UPE-based communication
channels in the brain.®>**' Thus, in addition to synaptic transmis-
sion, gap junctions, and ephaptic couplings, there is evidence to
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Figure 1. qEEG and UPE recordings were
collected simultaneously from human par-
ticipants

(A) Participants sat quietly in a darkened chamber
with PMTs positioned over regions of the head
coinciding with qEEG electrodes over the left oc-
cipital (O) or right temporal (T) lobes. Background
(B) UPEs were also recorded approximately 45 cm
anterior and 15 cm lateral to the head, with the
aperture directed toward an adjacent wall, away
from the participant.

(B) Simultaneous recordings of PMT photon
counts and EEG microvolt fluctuations were
collected while the participant rested with their
eyes open or closed, during periods of silence and
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indicate that brain tissues display photonic transmission as a
signaling modality. That neural cells express a diversity of photo-
active molecules, including non-visual opsins (e.g., OPN3 or
“encephalopsin”), auto-fluorescent neurotransmitters (e.g., se-
rotonin), and flavins (e.g., cryptochrome) suggests that UPEs
may serve recondite functions that could be leveraged to
develop label-free in vivo imaging techniques.®?

Current functional neuroimaging approaches use ionizing radi-
ation (e.g., positron-emission tomography or PET), high-intensity
magnetic fields (e.g., functional magnetic resonance imaging or
fMRI), and near-infrared light (e.g., functional near-infrared spec-
troscopy or fNIRS) to resolve functional brain states. Although
fNIRS and fMRI are relatively non-invasive compared to PET,
brain tissues are highly responsive to magnetic fields®” as well
as infrared and near-infrared wavelengths of light (650-
950 nm), which can suppress or enhance neurotransmission®*¢
and neural oscillations,®”* thus complicating interpretations of
functional readouts. Whereas many functional imaging tech-
niques involve the application of activity-inducing stimulation
by the instrument itself, some including electroencephalography
(EEG) and magnetoencephalography (MEG) are fully passive.*°

Analogous to the passive measurement of microvolt fluctua-
tions over the scalp associated with EEG, we hypothesized that
passive measurement of brain UPEs would be maximally non-
invasive and non-confounding. That is, since no external stimulus
is applied, which might induce or suppress neural activity, imag-
ing would be safe and unperturbed. Passive measurement would
also enable the identification of relationships between ambient
electromagnetic stimuli in the environment and brain activity.
Further, because EEG profiles can be predictably altered without
the use of optical stimuli, either by auditory stimulation or by sim-
ply closing one’s eyes (i.e., 10 Hz “alpha-generating”), UPEs may
be measured simultaneously. Here, we sought to characterize
UPE patterns detected from human brains while the participants
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engaged in tasks that are known to affect brain activity as
measured by conventional neuroimaging devices such as quan-
titative EEG (QEEG). UPEs over the occipital and temporal lobes
were distinguished from background measurements as a func-
tion of signal variability, entropy, and stationarity. Temporal dy-
namics of brain, but not background UPEs, also changed as a
function of task, suggesting a potential application of passive
brain light recordings. Some associations were identified be-
tween neural oscillations and brain UPEs; however, several pa-
rameters are discussed that should be considered when inter-
preting biological relevance, to optimize functional readouts,
and to determine suitability for imaging applications or as a sup-
port of existing neuroimaging techniques.

RESULTS

Brain UPE signals can be distinguished from the
background signal

Although UPEs have been previously linked to brain func-
tions,?®*%41 it is yet to be determined whether human brain
UPE signals can be distinguished from local background photon
noise across several signal parameters. We investigated
whether UPE recordings over the left occipital and right temporal
lobes (five tasks, 2 min each as outlined in the STAR Methods
section) exhibited a distinct signature compared to background
UPE signals (Figure 1).

As seen in Figure 2A, normalized UPE counts were plotted
over time for each combination of subject and PMT (B: Back-
ground; O: Occipital; T: Temporal; Subject ID: 1:20). Using
a hierarchical clustering approach, we computed the pairwise
distances between PMTs for each subject (Figure 2B, left)
as a proxy of UPE signal similarity. We hypothesized that
brain signals (occipital and temporal) would exhibit more similar
UPE temporal dynamics (lower pairwise distance) compared
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Figure 2. Brain UPE signals possessed distinct temporal dynamic, increased variability, and complexity
(A) Normalized (red: max; green: min) UPE count over time. Each row represented a different UPE trace; the first letter (B, O, T) represented the type of PMT
(Background, Occipital, Temporal; black, orange, green, respectively) and the number represented the subject ID. The dendrogram has been computed using

correlation as distance metric and average as linkage method.

(B) Mean (square) and individual (gray circles) pairwise distance, CV and entropy computed using the entire UPE traces.
(C and D) Mean (square) and individual CV and entropy values within PMTs across task (top) or within task across PMTs (bottom). Mean + SD. All asterisks indicate
p < 0.001. Statistic: generalized linear mixed effect models. Black: Background; orange: Occipital; green: Temporal. All statistical statements can be found in

Tables S1 and S2 of the Supplementary Files.

to background signals. Accordingly, the pairwise distance
was significantly lower for the Occipital-Temporal (O-T) pair
compared to either Background-Occipital (B-O) or Back-
ground-Temporal (B-T) pairs. We then computed the coefficients
of variation (CVs; Figure 2B, central) and entropy values (Fig-
ure 2B, right) for each raw UPE trace as a proxy of signal vari-
ability and complexity, respectively. Both the Occipital and Tem-

poral UPE signals showed increased signal variability (CV) and
complexity (entropy) compared to Background UPE traces.

These results revealed that brain-derived UPE signals had a
distinct temporal dynamic compared to background photon sig-
nals, exhibiting greater similarity to each other than when
compared to local background signals and had increased
entropic content and variability.
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Figure 3. Brain UPE possessed unique spectral signature below 1 Hz

(A) Representative spectrograms.

(B) Mean power spectra for each PMT (Background: black; Occipital: orange; Temporal: green).

(C) Mean (bar graph) and individual mean power values across bands for each condition (Band 1: 0.1-0.3 Hz; Band 2: 0.3-1 Hz; Band 3: 1-10 Hz).

(D) Similarity matrices analyzing the entire range of spectrogram’s frequencies, Band 1, Band 2, and Band 3, as indicated.

(E) Mean (square, black) and individual (circle, gray) MSE values for each pair of PMTs (B-O: Background-Occipital; B-T: Background-Temporal; O-T: Occipital-
Temporal). Mean + SD. All asterisks indicate p < 0.001. Statistic: generalized linear mixed effect models. Black: Background; orange: Occipital; green: Temporal.
All statistical statements can be found in Tables S1 and S2 of the Supplementary Files.

Entropy and UPE trace variability remain consistent
across tasks and weakly distinguish between PMTs for a
given task

We then investigated whether CV and entropy varied as a function
of the task (Eyes Open pre, Eyes Closed pre, Music, Eyes Closed
post, and Eyes Open post; pre and post refers to the Music task).
CV and entropy (Figures 2C and 2D, respectively) are shown for
each PMT across tasks or for each task across PMTs. For all
the PMTs, both CV and entropy showed no significant changes
across tasks (See Table S1). With few exceptions distinguishing
between background and brain UPE signals, CV and entropy
were not different between PMTs for a given task. These results
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showed that neither entropy nor CV changed across tasks within
PMTs and that they only weakly distinguished between back-
ground vs. brain UPE signals for some tasks.

A distinct brain spectral frequency pattern, independent
of specific tasks, distinguishes occipital UPE signals
from background signals

Rhythmic activities are essential for brain function and have
defined analytical approaches to understanding brain states
associated with sleep, attention, memory, and other cognitive
features.”” Therefore, we explored whether brain UPE signals
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exhibit distinct frequency patterns compared to background
signals.

Representative spectrograms and averaged power spectra
graphs for each PMT are shown in Figures 3A and 3B, respec-
tively. After visual inspection of the averaged power spectra,
we binned the frequency range into three bands: Band1 (0.1-
0.3 Hz), Band2 (0.3-1 Hz), and Band3 (1-10 Hz). Since the power
for each band did not significantly change neither over time nor
across PMTs (Table S1), we averaged the power over time for
each band and plotted it across PMTs (Figure 3C). The averaged
power was significantly different between background and oc-
cipital UPE signals for both Band1 and Band2.

Since the prior analysis averaged the UPE signals over time, we
further investigated whether the inclusion of the UPE temporal dy-
namic confirmed a unique brain spectral pattern compared to the
background. We used an imaging approach to quantify signal
similarity across all pairwise combinations of UPE signal spectro-
grams (similarity was quantified using the MSE value; see STAR
Methods). In Figure 3D, the similarity matrices for the entire
UPE spectrograms and each individual band are shown. The pair-
wise normalized MSE values summarized in Figure 3E confirmed
that the spectrograms of occipital and temporal UPE signals are
more similar to each other below 1 Hz (lower MSE values;
Band1 and Band2) compared to the background UPE spectro-
grams. While analyzing Band3, the brain UPE spectral signature
was indistinguishable from background. These results showed
that the brain UPE signals had a distinctive frequency signature
in the range 0.1-1 Hz, implying rhythmic emission patterns or
bursts ranging from once every 10 s to once every second.

Brain UPE signals exhibit discrete stationary counts
changing across task
After having examined the temporal changes in UPE signals, we
tested the hypothesis that different brain states are associated
with defined and stable UPE counts. We proposed that, if the
brain state remains stable (the same task is prolonged in time)
and enough time is allowed (considering that UPE operate on
slower time scales than electrical activities), UPE counts reach
a stationary state. Accordingly, changes in UPE signals can
only be detected during task transitions. If the hypothesis was
correct, the implications included, but were not limited to,
achieving a stationary signal and observing task-dependent
changes in brain-derived UPE signals, as different tasks corre-
spond to different brain states. Therefore, we tested the hypoth-
esis that, by the end of each 2-minute-long task, a stationary
UPE count is reached and that this count varies specifically be-
tween eyes open/closed tasks in the brain signals.
Representative UPE trace (black) with the last 10 s (arbitrary
time stretch; small enough to test robustly for stationarity and
long enough to be potentially of biological relevance) for each
task highlighted (blue) and magnified are shown in Figure 4A.
To determine whether a stationary UPE count is reached at the
end of each task, we first computed the deviation of each UPE
count from its median for each 10-s segment (Deviation, Fig-
ure 4B). Segments were classified as stationary if their median
deviation was lower than 0.015 (see STAR Methods), indicating
that the median deviation of the UPE segment from its median
value was lower than 1.5% (Figure 4B, green trace). We formu-
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lated the stringent null hypothesis that, by chance, only 5% of
the segments are not stationary under the assumption of a sta-
tionary UPE count at the end of each task. We then determined
the fraction of stationary vs. non-stationary segments for each
PMT and compared it to null hypothesis. All PMTs showed a sta-
tionary UPE signal in the last 10 s of each task (Figure 4B).

We then examined whether the relative UPE stationary counts
varied between Eyes Open (EO) and Eyes Closed (EC) tasks,
based on the hypothesis that brain UPE counts may reflect
distinctions between these two brain states. While the tasks
included an auditory stimulus (music), we analyzed the relative
UPE count changes only across EC and EO tasks. In fact, unlike
M, EC and EO tasks have well-established and robust distinct
brain signatures. The alluvial plot in Figure 4C summarized the
fraction and type of UPE signals that were considered uniformed
or variable (Yes and No, respectively), changed the EO/EC rela-
tive count before and after Music and their specific trends.
Representative traces for each condition are shown in Figure 4C.
For each EO/EC pair before and after the Music task, we
computed the normalized UPE change (Figure 4D; see STAR
Methods). We classified a UPE signal as variable (green shaded
area) if the EO/EC change either before or after Music exceeded
0.009 (three times higher than the median change in the back-
ground signal); otherwise, it was considered uniform (red shaded
area). Figure 4E (top) showed the percentage of UPE traces clas-
sified as uniform across PMTs. We formulated the stringent null
hypothesis that the traces were not uniform by chance (5%), un-
der the assumption that brain UPE counts vary between EO and
EC tasks. The background condition, but not the brain signals,
violated the null hypothesis.

We finally examined whether exposure to the auditory stimulus
affected the relative UPE count between EO and EC tasks (Fig-
ure 4E, bottom). All conditions failed to reject the flat null hypoth-
esis that M had an equal chance to change or not the trend. The
results demonstrated that a stationary signal is achieved, and
significant variations across tasks were observed exclusively in
brain UPE signals. However, the direction of these changes
was not consistent among subjects before and after the M task.

Brain spectral power displays condition-dependent
correlations with UPE measures

Upon examination of the qEEG data (n = 20), we identified two
(n = 2) participants with significant electrical artifacts within their
records, thus preventing spectral power density (SPD) extrac-
tions across some tasks. Both participants were excluded from
analyses involving qEEG data.

To determine whether brain rhythms associated with lobes
proximal to PMTs were affected by tasks, we examined aver-
aged SPDs (uV2 Hz ™). As expected, alpha (7.5-14 Hz) SPDs
increased over both the left and right occipital lobes (O1 and
02 sensors, respectively) when participants’ eyes were closed
(EC) relative to when they were open (EO) (Figure S1A). The EC
condition also produced increased theta (4-7.5 Hz) SPDs and
decreased beta 1 (14-20 Hz) SPDs when compared to EO. Delta
and gamma rhythms were not impacted by EC-EO conditions.
These results confirmed that brain rhythms were reliably affected
by closing one’s eyes in a relaxed state and provided context for
task-dependent UPE changes reported elsewhere.
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Figure 4. UPE signals reached a stationary signal at the end of each task and only the brain UPE traces showed task-to-task changes

(A) Representative UPE raw counts for the entire trace (black) or the last 10 s at the end of each task (blue).

(B) Left: workflow to classify the segments as stationary (green) or non-stationary (red). Right: percentage of stationary vs. non-stationary segments across null
hypothesis and each PMT.

(C) Alluvial plot (top) and representative traces (bottom) illustrating the changes in the following categorical variables: segment was uniform (yes/no), the relative
count between EO (blue line) and EC (red line) tasks changed or not after the music task. Among the possible trends (relative change between EO and EC before
and after music), seven combinations of raw UPE counts were found (from top to bottom): EO < EC before and after music, EO > EC before and after music, EO =
EC before and EO > EC after music, EO = EC before and EO < EC after music, EO < EC before and EO > EC after music, EO > EC before and EO = EC after music,
EO > EC before and EO < EC after music.

(D) Mean (square, black) and individual (circle, gray) normalized UPE changes in the EO/EC conditions before and after music across PMTs. Green shaded area
and red shaded area delimited the points that were considered variable (namely, the change was greater than 0.009) or uniform, respectively.

(E) Top: percentage of uniform/variable segments across null hypothesis and each PMT. Bottom: percentage of affected/not affected relative UPE counts before
and after music across null hypothesis and each PMT. Mean + SD. Statistic: generalized linear mixed effect models. Black: Background; orange: Occipital; green:
Temporal.

We then tested the hypothesis that occipital UPE counts and
alpha-band SPDs vary systematically. Performing simple linear
regression, during the EO condition, there were no discernable
relationships between UPEs and SPDs. However, when the par-
ticipants closed their eyes (EC condition), both background and
occipital UPEs (averaged over the EC condition period) corre-

6 iScience 28, 112019, March 21, 2025

lated with alpha-band SPDs over the occipital lobes (Figure 5A).
There was no discernable relationship between temporal UPEs
and alpha SPDs from the occipital regions.

Next, we sought to determine whether SPDs over the temporal
lobes were affected by the 120 BPM auditory stimulus (M condi-
tion). As expected, due to the right-sided presentation of the
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Figure 5. Brain SPDs display condition-dependent correlations with UPE measures

(A) Average photon (UPE) counts for background (Backg., gray), occipital (Occ., orange) and temporal (Temp., green) PMTs plotted with left occipital (L Occ.)
alpha (7.5-14 Hz) spectral power densities (SPD) during the eyes open (EO) and eyes closed (EC) conditions.

(B) Coefficient of variation (CV) of UPE counts for Backg., Occ., and Temp. PMTs plotted with left (L) and right (R) temporal (Temp.) alpha SPDs during the Music
condition, where a 120 BPM auditory stimulus was presented to the right side of the participant, outside the darkened chamber.

(C) Average UPE counts over the left occipital PMT plotted with right temporal (R Temp.) SPDs within the delta (1.5-4 Hz), theta (4-7.5 Hz), alpha (7.5-14 Hz), beta

1 (14-20 Hz), beta 2 (20-30 Hz), and gamma (30-40 Hz) band ranges during the Music condition. Spearman rho (p) values and significance (* =

reported for each plot. All statistical statements can be found in Table S2.

stimulus, high-frequency activity across beta 1 (14-20 Hz), beta 2
(20-30 Hz), and gamma (30-40 Hz) spectral bands decreased
significantly over the left temporal lobe (contralateral to the stim-
ulus) during the M condition (Figure S1B). Lower frequency (1-
7.5 Hz) SPDs within the left temporal lobe was not affected by
exposure to an auditory stimulus. Right temporal lobe SPDs
were not affected by auditory stimulation across all bands
(delta-gamma). Then, we tested the hypothesis that high-fre-
quency SPDs over the temporal lobes would correlate with
average UPE counts over the same region during the M condition,
though no relationship could be discerned. However, a relation-
ship between right temporal beta 2 SPDs and occipital UPE counts
was identified, which was not evident at any other frequency band
(Figure 5C). There was no relationship between background
photon counts and temporal lobe SPDs. Interestingly, during the
M exposure, temporal and occipital UPE variability (CV) correlated
with alpha SPDs over the left temporal lobe (Figure 5B). Only oc-
cipital UPE variability correlated with alpha SPDs over the right
temporal lobe. Background photon variability did not correlate
with any temporal lobe brain rhythms during auditory exposures.

Together, these data indicate that although UPE and SPDs
may vary together during tasks that change SPDs, and relation-
ships tend to be within expected frequency bands associated
with task-dependent SPD changes, there are unexpected ef-
fects across qEEG-PMT proximal sensor pairs.

p < 0.05) are

DISCUSSION

As the first proof-of-concept demonstration that UPEs from hu-
man brains can serve as readouts to track functional states, we
measured and characterized photon counts over the heads of
participants while they rested or engaged in an auditory percep-
tion task. We demonstrated that brain-derived UPE signals can
be distinguished from background photon measures. Addition-
ally, our results suggest that for a given task, the UPE count
may reach a stable value (steady state). The data indicated
that the primary distinguishing factor between brain vs. back-
ground UPE signals was the variation in raw count of brain
UPE traces across different tasks. This variation was reflected
in the increased variability and information content (Figure 2).
Additionally, these changes occurred at frequencies below
1 Hz (Figure 3), suggesting a different rate of change between
electrical (QEEG) and UPE signals. Indeed, we predict that fast
brain state shifts might not be reflected in the UPE trace dy-
namics. If metabolically driven UPE fluctuations and electric field
oscillations operate at different scales of time, there will be a
need to identify the relevant transform that enables an analysis
of mutual information or shared variances.

On the basis of our initial observations, we proposed and
began to explore a novel hypothesis: UPE counts are stationary
for a long-enough task (Figure 4). Although this suggests a
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relationship between UPE counts and electrical oscillations in
the brain, our current dataset only supported a limited analysis
of their potential connection (n = 18). Nevertheless, we did iden-
tify correlations between UPEs and qEEG spectral power (Fig-
ure 5), motivating future investigations with higher density sensor
arrays. However, future investigations should involve larger sam-
ple sizes and designs incorporating distinct tasks that generate
unique gEEG profiles. With the ability to synchronize PMT and
qEEG recordings at the millisecond scale, there is the potential
to observe UPE dynamics during highly stereotyped event-
related potentials (ERPs). However, it remains uncertain whether
strong correlations between neural oscillations and UPEs should
be anticipated, given their different generative mechanisms and
timescales. Brain UPEs may also be differentially expressed by
inhibitory or excitatory neurons as well as by glial cells, which
serve complex metabolic functions. If circum-cerebral UPEs
reflect the brain’s regional metabolic load, they may also reflect
individual differences of functional connectivity and other fac-
tors. Alternatively, a variation in the rate of change of the UPE sig-
nals could suggest that various brain regions achieve a steady
state at different times.

It was originally assumed that UPE dynamics would differ as a
function of whether the participants’ eyes were open or closed,
reflecting the well-documented effects on alpha rhythms associ-
ated with this standard neuroimaging task using electroenceph-
alography. Given that neural oscillations within the alphaband are
reliably modulated by the presence or absence of visual stimuli,
we predicted that similar changes in UPEs would be detected
with increased metabolic activity among active cell popula-
tions—particularly within the occipital lobe. We did observe brain
UPE count differences as a function of whether participants’ eyes
were open or closed (Figure 4E). However, the relative change in
counts between these tasks varied among subjects, possibly
indicating that either the tasks alone did not fully explain the di-
rection of UPE change or the direction of UPE change was weakly
linked to the task. There may be a temporal disconnect between
UPE-generative mechanisms and those that underlie neural os-
cillations that could account for this unanticipated finding.

Interestingly, background photon counts and occipital alpha
SPDs correlated when participants’ eyes were open (Figure 5A).
It may be relevant that, in previous studies, alpha rhythms over
the occipital lobe were found to correlate with ambient magnetic
field fluctuations in real time*>~*° and could be attenuated by
magnetic shielding and rescued by exposures to artificially
generated simulations of Earth’s magnetic field.® We have pre-
viously highlighted that alpha rhythms may be, in part, driven by
exogenous stimuli.*® In the present study, we determined that
when participants closed their eyes, background photons and
UPEs over the occipital lobe varied systematically with occipital
alpha rhythms. Temporal UPEs, while displaying dynamics that
were similar to occipital UPEs and distinct from background
photons, did not correlate with brain SPDs. Together, these
data support a potential connection between brain rhythms,
UPEs, and ambient electromagnetic conditions; however,
further experiments with shielding conditions are needed to
make conclusive statements.

As brain UPE detection technologies continue to develop, it
will be important to consider several factors to optimize their
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predictive power. For example, UPE wavelengths were not
considered in the current study but were previously found to
be predictive of aging,”*?>?"?® cognitive potential,”® as well
as essential discriminants of healthy and diseased states.*”*®
Our PMTs were calibrated to detect a wide band of UPE wave-
lengths, which was intentionally inclusive but may have
obscured or diluted narrow-band effects. Thus, the use of fil-
ters or tunable photodetectors is recommended to determine
the wavelength dependencies of brain UPE pattern signatures.
Similarly, the present study involved the use of limited sensor
array over a few regions of interest. To better understand
how brain UPE patterns are related to connectomes and enable
deep-tissue source localization, it will be necessary to use
higher density arrays of photodetectors that will greatly improve
the spatial resolution of the technique. Unlike electric field os-
cillations, which when detected by qEEG reflect nearby cell ac-
tivations (likely within the first few millimeters of cerebral cor-
tex), UPEs detected over the surface of the head could
originate from many radiative point sources within the cere-
brum—particularly from superficial regions where expected
attenuation is not as extreme. This could explain why we
observed a relationship between left occipital UPEs and high-
frequency oscillations within the right temporal lobe (Figure 5C).
Because UPEs are generated by molecular reactions, the num-
ber of potential point sources for emissions far exceeds the
number of cells within the system. Although this may compli-
cate source localization, we would suggest that a combination
of detector arrays and machine learning tools could enable en-
gineers to re-construct UPE dynamics in three-dimensional
space for neuroimaging applications—particularly if UPE point
sources are spatially clustered rather than homogenously
distributed. Because UPEs are related to oxidative metabolism,
the most immediately relevant applications might include the
detection of budding brain tumors, excitotoxic lesions, mild
traumatic injuries, and neurotoxic insults (e.g., chemobrain).

Toward engineering a “photoencephalography” technique
with which to infer functional brain activations on the bases
of endogenous light emissions coupled to oxidative metabolism
from neural tissues, additional experiments are needed to
isolate key signal parameters. One of the major challenges
that must be overcome before brain UPE measurements
become a practical reality for clinical applications is the identi-
fication of fingerprint-like patterns akin to ERPs and other ste-
reotypical features. However, just as MEG measurements
reveal femtoTesla-scale (10~'* T) magnetic field fluctuations
that are predictive of brain states despite microTesla-scale
(107 T) ambient magnetic noise (100 million times more
intense), we view the current results as a proof-of-concept
demonstration that patterns of human-brain-derived UPE sig-
nals can be discriminated from background light signals in
darkened settings despite very low relative signal intensity.
Photoencephalography would be maximally non-invasive (i.e.,
passive recording) with high temporal resolution, like EEG or
MEG; however, the measurement of UPEs would be linked to
oxidative metabolism with several clinical applications des-
cribed elsewhere. Future studies may find success in using
select filters and amplifiers to sieve and enhance UPE signal
features from healthy and diseased brains.
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Limitations of the study

One limitation of the study was a lack of simultaneous non-brain
tissue PMT measurements to differentiate UPE generators by
metabolic load, ROS production, heat production, electrical
excitability, and other physiological features. Similar to the inclu-
sion of multiple PMTs to source-localize UPEs in the brain, addi-
tional PMTs across the body may help disentangle unanswered
questions about the relationships between UPEs and systemic
physiology. Future studies should incorporate measurements
from limbs, digits, and other organs (e.g., liver, heart) that may
display unique, tissue-dependent signal properties. If signals
can be discriminated with UPE signals alone, there may be
several biomedical applications that go beyond neuroimaging.
Although the sample did include similar proportions of self-iden-
tified men and women, it should be noted that the small sample
limited a detailed exploration of gender- or sex-based differ-
ences. Future studies should aim to identify unique UPE signa-
tures reflective of known metabolic and neuroanatomical differ-
ences across these groups.
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STARXMETHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

MATLAB MathWorks, Inc. Version 2023b

Standardard MATLAB Code Zonodo (archived) https://zenodo.org/records/13903556
https://doi.org/10.5281/zenodo.13903556

Windows 10 OS Microsoft 20H2

Counter Timer Software Sens-Tech Version 2.8, Build: 11

WInEEG Software for Mitsar

Bio-Medical, Inc.

#NTE WINEEGADV

Other

Mitsar-202 QEEG amplifier
19-Channel Electro-Caps

Electro-gel for Electro-Caps

BD Luer-Lok Tip Syringes - 5mL
Electro-Cap Tin Ear Electrodes - 9mm
Photomultiplier Tubes

Gooseneck Mount/Clamp

Smartphone
Laptop Computer

Bio-Medical, Inc.
Bio-Medical, Inc.
Bio-Medical, Inc.
Bio-Medical, Inc.
Bio-Medical, Inc.
Sens-Tech
Lamicall

Google

DELL

#NTE MITSAR20224
#ECA CAPS

#ECA E9

#ECA E7B-5ML

#ECA E5-9S

DMO0090C

LS05-CA-B

Pixel 7 (GVU6C, GQML3)
Inspiron 15 (7000)

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Participants

A total of twenty (n=20) adults were recruited with publicly displayed advertisement and consented to the participate in the study. The
sample consisted of 10 women, 9 men, and 1 non-binary individual, with a mean age of 25.4 years (range: 19-52) (see Table S3 for
demographics details). All participants were naive to the purpose of the experiment and were asked to follow basic instructions while
sitting in a darkened room. All participants had normal or corrected-to-normal vision and reported no history of mental health prob-
lems or neurological disorders. Participants were not allocated to specific groups because of the within-subject experimental design
(i.e., all participants receive the same exposure conditions). Written informed consent was obtained from all of the participants. All
study procedures were conducted after approval from the institutional Research Ethics Board at Algoma University (Study Approval
Number: 026-202122).

METHOD DETAILS

Measurement chamber

The study involved the simultaneous measurement of scalp surface potentials and UPEs over the participant’s head during a 10-min
recording period. Before initiating the recordings, participants were guided to a darkened room, which comprised of a small chamber
(2.2 m x 1.5 m) within a larger darkened laboratory space and sat in a comfortable, padded chair. gEEG and PMT devices were posi-
tioned on or around the head as described elsewhere. The enclosed chamber was darkened with black wall coverings and the
external laboratory space was devoid of all light sources with the exception of laptops used for gEEG and PMT recordings, which
were set to minimum brightness settings. Cables connecting computers in the outer laboratory space and sensors in the chamber
passed through small holes located at the bottom of the chamber wall behind the participants.

General procedure

Following a brief description of the procedures, darkening the room, and uncovering PMTs, the recording were initiated and carried
out in the following order: (1) 2 mins of baseline recordings with the participants’ eyes open (EO-Pre), (2) 2 mins of baseline recordings
with the participants’ eyes closed (EC-Pre), (3) 2 mins continuous exposure to an auditory stimulus (M), (4) 2 mins of baseline record-
ings with participants’ eyes closed (EC-Post), (5) 2 mins of baseline recordings with participants’ eyes open (EO-Post). After the
recording procedure, PMTs were covered, lights were turned on, the EEG cap was removed, and the participant was debriefed.
Data were always collected during the daytime, between 9:00 and 18:00 EST.
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Auditory stimulus

An auditory stimulus consisting of a repeating (120 bpm, 2 Hz) click with a woody “block” timbre and spectral peak of 921 Hz was
delivered via a Google Pixel 7 smartphone, placed outside of the darkened chamber. The stimulus was always delivered without
warning to the right side of the body at the 4-min time point of the experimental procedure when participants’ eyes were closed,
and individuals were later asked to confirm the audible sounds after the full, 10-min recording period. For the purposes of labelling
only, conditions involving the auditory stimulus will be referred to as “music” or “M” throughout the analysis. Similar auditory stimuli
were previously found to affect high-frequency brain rhythms.*®->°

Ultraweak photon emissions (UPEs)

Photomultiplier tubes (PMTs) (Sens-Tech DM0090C) were positioned around the participants to record photon counts (s-1) indicative
of ultraweak photon emissions (UPEs). Each device contained a 22-mm S20 cathode, displayed a spectral range of 300-850 nm, and
was rated for typical dark counts of ~1000s-1. Devices logged data via a USB connections to DELL laptops running Windows 10 OS
and powered by an external 9V AC supply (input voltage was ~5V).

Two PMTs were positioned approximately 5 cm over the surface of the head with their apertures facing corresponding brain re-
gions of interest, including the left occipital lobe (PMT-O) and right temporal lobe (PMT-T). The PMT-O aperture was always facing
the head and positioned medial to the O1 sensor of the gEEG cap, while the PMT-T aperture was always positioned slightly ventral
relative to the T4 sensor of the gEEG cap (19-channel ECI Electro-Cap). A third PMT was placed approximately 30 cm anterior and
10 cm lateral to the participant on their left side, with its aperture pointed toward a wall, away from the door. Standard measurement
parameters were set within the Sens-Tech Counter Timer Software, including high-cut (30 Hz), notch-filter (60-120 Hz), and gain
(100 uV). The period of recording was set to 40 ms (25 Hz) for a total of 15,000 measurements within 10 minutes. Devices were
only uncovered while in darkened environments, with a 5-min buffer between exposing apertures and initiating recordings.

Quantitative electroencephalography (QEEG)

Microvolt (uV) fluctuations over the surface of the scalp were measured with a quantitative electroencephalography (QEEG) system
(Mitsar-202 amplifier) connected to a DELL laptop running WIinEEG software on a Windows 11 OS. Each participant wore a
19-channel cap with sensors distributed according to the 10-20 international system (19-channel ECI Electro-Caps). A monopolar
montage was used, referenced to two electrodes attached to participants’ ears. Impedance values of less than 5 kOhm were always
achieved before initiating recordings. Measurements were collected at a sample rate of 250 Hz, with 100 nV gain and applied low-cut
and high-cut filters of 1.6 Hz and 50 Hz, respectively. Notch-filters of 50-70 Hz and 110-130 Hz were also applied. Spectral densities
(uV2 Hz-1 or SPDs) were extracted from WIinEEG from 30 second segments of raw data, yielding 4 extracts per 2-minute condition.
Default band ranges were defined as the following in WinEEG: delta (1.5Hz-4Hz), theta (4Hz-7.5Hz), alpha (7.5Hz-14Hz), beta1
(14Hz-20Hz), beta2 (20Hz-30Hz), and gamma (30Hz-40Hz). Before analysis was performed, several averaged variables were
computed, including averaged SPDs over the full task period, and lobe- and/or hemisphere-specific aggregates (e.g., right temporal
lobe: SPD averages of T4 and T6 sensors).

QUANTIFICATION AND STATISTICAL ANALYSIS

Hierarchical clustering analysis

Raw UPE count signals had been used as input of the clustergram.mat function, using correlation as a distance metrics (to compare
patterns rather than absolute values) and average as linkage method (balanced approach less sensitive to outliers). Pairwise dis-
tances have been extracted after computing the distance matrix using pdist.mat function followed by squareform.mat function.

Entropy and coefficient of variation
Shannon’s entropy of UPE signals have been computed accordingly to:

HX) = = > p(x)-log, p(x)
xe X
where H(X) is the entropy of the variable X, p(x) is the probability of the x event occurring, p(x) -log, p(x) represents the information
content of the x" event weighted by its probability. p(x) has been computed dividing the vector of the histcounts.mat function by its
sum, using either the entire trace or each task as input. The number of bins for the histcounts.mat function has been selected by using
the Freedman-Diaconis rule, ensuring that the histogram provided an informative representation of the data’s distribution. Briefly:

range _ . (max(x) — min (x))-/n
bin width ~ 2-1QR
where (max(x) —min (x) is the range of the distribution, n is the total number of points in the distribution, IQR is the interquartile

range. The optimal number of bins has been selected as the median bin numbers across all traces and PMTs, resulting in 49 and
35 bins for the entire trace or for each two-minutes-long task, respectively.

bins =
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Coefficient of variation (CV) has been computed as the ratio between the standard deviation and the average of the entire trace or
within task.

Short-time Fourier transform

The short-time Fourier transform (STFT) has been used to analyze the frequency content of nonstationary UPE signals over time.
stft. mat function has been used with a time window of 20 seconds and a fraction of overlap between two consecutive windows of
75%; the spectral leakage has been reduced using Hanning window. The spectrogram has been reconstructing by plotting the power
(in dB) over time at each frequency. Considering the frequency of acquisition of UPE signals of 20 Hz and the time window of
20 seconds, the frequency range was analyzed between 0.1 Hz (twice the smallest analyzable frequency of 0.05 Hz) and 10Hz
(half the frequency of acquisition).

For each frequency band (Band1: 0.1-0.3 Hz; Band2: 0.3-1 Hz; Band 3: >1 Hz), mean power has been computed across the entire
trace within the frequency band range.

To quantify and compare the similarity of the spectrograms, hence considering their temporal dynamic, we applied the immse.mat
function, a metric to quantify the pixel-by-pixel similarity between two images (spectrograms). Briefly, the mean-squared error (MSE)
is computed for each pairwise combination of spectrograms, whether lower values indicate greater similarities. The resulting simi-
larity square matrix was then used to perform a hierarchical clustering analysis. We performed the analysis of the entire spectrogram,
of the spectrogram with frequencies lower than 1 Hz (due to the low number of points in Band1 and the inability to perform the
immse.mat function, the Band1 and Band2 were merged) or grater than 1 Hz (Band3).

Signal stationarity

After extracting the last ten seconds of UPE raw counts for each task across PMTs, each trace has been filtered by calculating the
moving average using movmean.mat function, with a window of 10 points (500ms). Subsequently, we calculated the median value for
each filtered segment and used it to determine the deviation, defined as the absolute difference between the filtered segment and its
median, divided by the median itself. The median of the resulting deviation values was then compared to an arbitrary threshold of
0.015. This threshold corresponds to a median deviation of 1.5% from the median value of the trace. If the median of the dispersion
values was less than 0.015, the segment was classified as stationary; otherwise, it was considered non-stationary.

To determine if the stationary signal varied between eyes closed/open tasks, we computed the averaged values of the last ten
seconds for each task and normalized by the average UPE count of the first task (Eyes Open, Pre Music) within subject. Based
on median change (computed as the absolute difference between eyes open vs closed task before and after music) of 0.003 in
the background signal (under the assumption that the background UPE should not vary in a task-dependent manner), we classified
the UPE stationary signal as variable if the change either before or after music was greater than 0.009 (three times greater than the
median change in the background signal); otherwise, it was considered uniform.

Statistical syntax

Unless otherwise indicated, statistical analysis has been conducted using generalized linear mixed-effect models (gime) in MATLAB,
particularly to account for the nested structure and repetitive nature of the experimental design. For each model, the distribution
(Normal, Gamma, Inverse Gaussian) and fit method (REMPL, MPL) have been selected by choosing the model maximizing the rela-
tive likelihood (i.e., £ = €05 (A/Cmn —AIC) \where AIC i is the minimum AIC across all models and AIC; is the AIC for the ith model) and
visual analysis of the residual. Chi-square proportional test results have been calculated after creating a contingency table and using
it as an input for the crosstab.mat function. Post-hoc analysis has been performed using Bonferroni’s correction with alpha=0.05.
For paired samples, the effect size has been computed as d = SQD, where D is the averaged difference between paired samples

D = W where n is the number of paired measures, x is group 1 and y is group 2) and s is the standard deviation of D.
For each panel, the dependent and independent variables, and statistical details (F-Statistic, degrees of freedom, p-values) have
been summarized in Table S1.
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