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Characterization of cerebellar electrocortical dynamics under ether anesthesia in rats: a
preliminary study using linear spectral and non-linear fractal analyses
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Abstract: The temporal evolution of cerebellar electrocortical activity during emergence from ether anesthesia was investi-
gated using both linear and non-linear analytical methods. Adult male rats underwent operative craniotomy and implanta-
tion of a 16-channel microelectrode array targeting the paravermal cerebellar cortex. Following a 7-day recovery period,
animals were exposed to ether via inhalation, and cerebellar electrocortical signals were recorded using a wireless acquisi-
tion system. Data were quantified through relative spectral power (RSP) across defined frequency bands, Higuchi’s fractal
dimension (HFD), and the Hurst exponent (H). A transitional phase between anesthetic depths was identified between
the 17" and 19" min post-exposure. This period was characterized by a significant increase in RSP within low-frequency
bands and a corresponding decrease in high-frequency bands beginning at the 17" min. Additionally, a marked decrease
in HFD and an increase in H were observed at the 19 min, followed by a moderate rebound in HED and a reduction in
H. These findings suggest that non-linear dynamic measures, particularly HFD and H, may offer greater temporal preci-
sion in identifying the onset of awakening compared to conventional spectral analysis, highlighting their potential utility
in monitoring anesthetic depth.
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Abbreviations: BIS - bispectral index; ECoG - electrocorticography; EEG - electroencephalography; GABA -
y-aminobutyric acid; HFD - Higuchi’s fractal dimension; H — Hurst exponent; MEA - microelectrode array; NMDA -
N-methyl-D-aspartate; RSP - relative spectral power

INTRODUCTION for assessing the effects of anesthetic depth on synaptic
activity that influences higher cortical processing. An
algorithm designed to monitor anesthetic depth through
linear and non-linear signal analyses could be used to

As a general anesthetic, ether was first established in a
Massachusetts hospital in 1846 [1]. Since then, various
types of anesthetics, including administration by inhala-
tion and intravenous delivery, have been introduced into
medical practice and exhibit different pharmacokinetics

assess EEG patterns from various brain regions. However,
non-linear measures like Higuchi’s fractal dimension

and pharmacodynamic mechanisms. Despite their modes (HFD) and dimensional complexity may provide ad-
of action, these anesthetics achieve the same functional vantages over traditional linear measures in quantifying
outcomes, including amnesia, unconsciousness, an- anesthetic effects on brain activity, particularly concern-
algesia, and immobility [2]. Electroencephalography ing subtle changes in cortical and cerebellar dynamics.
(EEG), which reflects neural activity, is a valuable tool For example, the non-linear measure of dimensional
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complexity correlates better with anesthetic depth than
the linear spectral edge frequency [3]; different an-
esthetics affect spectral entropy and HFD differently
across brain regions and frequency bands [4]. HFD is
a more stable measure than third-order correlation, as
confirmed by surrogate data tests for nonlinearity in
cerebellar signals in a brain injury model [5]. Different
anesthetics also create unique brain dynamics when
HFD measures anesthesia depth [6]. EEG signals ob-
tained from patients under deeper levels of anesthesia
become more ordered and less chaotic. By measuring the
dimensionality of EEG through non-linear parameters,
consciousness could be evaluated through the lens of
deterministic chaos in the brain [7].

During general anesthesia, the brain experiences
various altered states of consciousness, depending on
the type and dosage of administered anesthetic agents.
These states are typically categorized as unconscious-
ness, disconnected and connected consciousness [8].
A key mechanism underlying the transition to uncon-
sciousness involves the disruption of functional con-
nectivity, particularly in the posterior parietal cortex
[9]. Conscious experience is generally understood to
emerge from complex information processing within
widespread cerebral networks.

Although the cerebellum is not traditionally in-
cluded among the core neural correlates of conscious-
ness [13], growing evidence suggests that it plays a
modulatory role. The cerebellum maintains reciprocal
connections with the cerebral cortex via the thalamus
and pons [10,11] and contributes to processing of
emotional and sensorimotor information across both
conscious and unconscious states. Distinct levels of
awareness are associated with the generation of intrin-
sic brain models that facilitate predictive timing and
influence autonomic responses, potentially altering
unconscious emotional states [12].

The cerebellum’s role in consciousness remains a
topic of debate. Some studies suggest that its influence is
minimal due to the organization of its intrinsic circuitry
[14], and others indicate distinct cerebellar activation
patterns during awakening, implicating its involvement
in re-establishing conscious processing [15].

Despite the introduction of ether into clinical
practice over 170 years ago, the molecular mechanisms
underlying its anesthetic effects, particularly its role in
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modulating consciousness, continue to be an area of
active investigation. Ether acts by potentiating inhibi-
tory neurotransmission through y-aminobutyric acid
(GABA) and glycine receptors, and two-pore domain
potassium (2P) channels. It simultaneously suppresses
excitatory neurotransmission by inhibiting N-methyl-
D-aspartate (NMDA) and glutamate receptors [16].
Additional targets include nicotinic acetylcholine
receptors, serotonin type 3 receptors, and neuronal
pacemaker current channels.

Research on ether’s effects on brain activity has
largely focused on the cerebrum, with relatively little
attention paid to cerebellar dynamics during anesthesia
[17-20]. In this context, the present study aims to in-
vestigate the temporal pattern of changes in cerebellar
electrocorticographic (ECoG) activity following ether
administration. To achieve this, a combination of linear
and non-linear analytical measures, including relative
spectral power (RSP) in defined frequency bands,
Higuchi’s fractal dimension (HFD), and the Hurst
exponent (H) was employed. These parameters were
utilized to assess the depth of anesthesia and determine
the timing of emergence from the anesthetized state.

Integrating these analytical methods into anes-
thetic depth monitoring has the potential to improve
the clinical assessment of consciousness levels [21].
Although bispectral index (BIS) monitoring is widely
used in perioperative practice, it lacks the granularity
needed to detect the precise moment when awareness
is regained [22]. Non-linear dynamic measures such as
HFD and H may offer greater sensitivity in identifying
this critical transition, providing a valuable comple-
ment to existing monitoring tools.

MATERIALS AND METHODS
Ethics statement

All animal procedures complied with Directive 2010/63/
EU on the protection of animals used for experimen-
tal and other scientific purposes and were approved
by the Ethical Committee for the Use of Laboratory
Animals of the Institute for Biological Research “Sinisa
Stankovic”, University of Belgrade, Serbia.
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Animals

The experiments were performed on 4 adult (2-2.5-
month old) male Wistar rats. They were housed in the
animal facility of the Institute for Biological Research
“SiniSa Stankovi¢”, Belgrade, Serbia under standard
conditions (12-h light-dark cycle, temperature of
about 21-24°C). Before surgery, they were housed in
standard plexiglass cages with soft bedding and food
and water available ad libitum. Post-operatively, they
were transferred to cages with a higher cover top.

Implantation surgery

Surgical procedures were carried out in an aseptic
environment using sterilized surgical tools. Animals
were anesthetized by intraperitoneal administration of
Zoletil 50 (Virbac, Carros, France) at a dose of 50 mg/
kg (dissolved in normal saline (0.9% NaCl) and fixed
in a stereotaxic frame for the surgical procedure. A
midline incision was made, and the entire skull surface
was exposed and freed from connective tissue. Dorsal
cranial muscles were removed to expose the caudal
part of the skull and the first cervical vertebrae. The
squamous part of the occipital bone associated with
the bregma (AP: -9.0, -12.0; R/L=1.0) was removed
to make a 4x3 mm opening over the cerebellum. A
dental drill was used for the craniotomy. A temporary
saline drip was installed to keep the dura moist. The
tip of a 29-gauge injection needle was bent at a 90°
angle and used as a micro knife to incise, reflect, and
remove the dura. Immediately after dura removal,
warm (35°C) AGAR (2% in 0.1 M phosphate-buffered
saline; Sigma-Aldrich, MA, USA) was placed over the
exposed cerebellar surface. Before the microelectrode
carrier was placed in the final position, one copper wire
(ground) was placed under the skull through the hole in
the skull. The 16-channel microelectrode array (MEA)
was implanted at the paravermal cerebellar cortex at
stereotaxic coordinates for the bregma: AP: -9.0, -12.0;
R/L=1.0; H: -3.5 (mm) using a standard Kopf micro
positioner (David Kopf Instruments, CA, USA) and
the flattened surface of the silicon cover was lowered
until it touched and leveled the cerebellar surface so
that the cerebellar cortex was stabilized and its curva-
ture reduced. The 18-pin Male Omnetics connector
(Alpha Omega Engineering Ltd, Nazareth, Israel)
was fixed to the skull with dental cement (Cegal N,
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Galenika, Belgrade, Serbia). The skin incision was
closed in layers, and surgical antibiotic powder (neo-
mycin, Veterinarski Zavod Subotica, Subotica, Serbia)
was spread over the head wound.

Ether administration and cerebellar ECoG
activity registration

After recovery from surgery (on the 7" day), animals
were exposed to ether (Sigma-Aldrich, MA, USA)
presented on a cotton ball inside a transparent glass
jar until they became unconscious (about 5 to 10 min).
The effective ether concentration was 1.9% (0.08 mL
per L of jar volume) [23]. Immediately after induc-
tion of ether anesthesia, cerebellar ECoG activities
of the animals were recorded by the wireless acquisi-
tion system (Telespike, Alpha Omega Engineering
Ltd, Nazareth, Israel) and quantified by calculating
the RSP in defined frequency ranges, HFD, and H.
Cerebellar ECoG signals were sequentially digitized
at the sampling rate of 788 Hz and filtered to avoid
artifacts due to movements and other non-brain sources
of electric activity.

Calculation of relative power spectrum

We evaluated Fourier power spectra P(f) and intro-
duced a normalized power spectrum [24], according
to the formula:

P =g
2P

h
DR =1

Spectral power was calculated for each of the N=5
already defined frequency ranges - delta (0.125-4.0
Hz), theta (4.125-8.0 Hz), alpha (8.125-15.0 Hz), beta
(15.125-32.0 Hz), and gamma (32.125-128.0 Hz). The
Fourier epoch was defined as 8 s, setting low limits for
each range. Finally, the corresponding eight Fourier
power spectral components were averaged within
each 1-Hz interval.
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Calculation of Higuchi’s fractal dimension

HFD was determined using the Higuchi algorithm
[25-27]. For a discrete time series {x(1), x(2), ..., x(N)}
new time series were created, according to the formula:

XIZ” 1 x(m), x(m+k), x(m+2k),..., x(m+int[(N-m)/k]k); m = 1, 2,..., k;

X,Zn ={x(m), x(m+1),,..... x(m+int[(N-m)/k]k)}H1,2,....k} . (2)

where m is the initial time, k is the time interval, k =
2,...k k{12 ..,k }andint(r)istheinteger part
of the real number r. The length L (k) L (k) was com-

puted for each of the X' X" series or curves accord-
ing to the formula:

int| - T
Lm(k) S % le|x(m + ik)— x(m + (i _ 1)](} |:]]\\][__lm} 3)
= int P k

and L_(k) was averaged for all m:

3L, 6)

— m=1
1= @

giving the mean value of the curve length L(k) for
each k={1, 2, ..., k /. Finally, HFD was determined
from the plot log(L(k)) versus 1/k as the slope of the
straight line. We used epochs of 500 experimental
pointsand k=8 [26]. Individual HFD values from
all epochs were averaged to obtain a final HFD value
for a particular signal.

Calculation of the Hurst exponent

The Hurst exponent for a time series of length N was
determined by using rescaled range analysis [28],
where a straight line is interpolated between points

fgg ] = f(log(m), and its slope is used as H. Here R(n)

and S(n) denote range and standard deviation, respec-
tively, of a rescaled partial time series n = N, N/2, N/4, ...

log

The scaling properties of a given discrete time
series X = {X1, X2, ...... XN} can be expressed through
the dependence of the autocorrelation function C(k)
vs. the H in terms of a large-time lag, k:
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Clk) = = B Xi - Xy~ 272 (5)

If N >oo, ;C(k) 7%, then H is in the range 0.5-1,

and the process is called a long-range correlated one
or a long-memory process [29]. A high value in the
series will probably be followed by another high value.
An H value in the range 0-0.5 indicates a time series
with long-term switching between high and low val-
ues in adjacent pairs. A value of H=0.5 can indicate a
completely uncorrelated series, typical for Brownian
motion.

Statistical analysis

A preliminary Shapiro-Wilk test was conducted to
assess the normality of the datasets for the RSP within
defined frequency ranges, as well as HFD and H ob-
tained at specific time points following ether anes-
thesia (n = 4 animals). Given that the data exhibited
a normal distribution, repeated measures ANOVA
was conducted, followed by a post hoc Fisher LSD test
to analyze the temporal changes for each parameter.

RESULTS

Temporal pattern of the relative spectral power
(RSP) in the cerebellum after ether anesthesia

Spectral analysis, a linear method for quantifying
EEG, offers data on changes in spectral power density
across specific frequency ranges. The analyzed linear
measure (RSP) of cerebellar ECoG activity after ether
anesthesia varied over time (Fig. 1). Repeated mea-
sures ANOVA indicated that the observed effect was
significant for RSP in the delta (F6,18=5.61, P<0.01),
alpha (F6,18=3.64, P<0.05), and beta (F6,18=3.70,
P<0.05) frequency ranges, while the theta and gamma
frequency ranges were on the margin of statistical sig-
nificance (F6,18=2.32, P=0.08, and F6,18=2.39, P=0.07,
respectively). RSP in the delta frequency range (Fig.
1A) was dominant and exhibited a specific temporal
pattern characterized by similar values from the 13"
to the 15" min, a sudden significant increase in the
17 min, and a gradual decrease returning to previ-
ous values from the 19" to the 22" min after ether
anesthesia. RSP in the alpha (Fig. 1C), beta (Fig. 1D),
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Fig. 1. The temporal pattern of the relative spectral power (RSP) in the delta (A), theta (B), alpha (C), beta (D), and gamma (E)
frequency ranges in the cerebellum after ether anesthesia. Each bar represents the mean+SEM (n=4 animals). P<0.05 vs. 13*
min, *P<0.05 vs. 15" min, *P<0.05 vs. 17" min, and ¥ P<0.05 vs. 20" min (Fisher’s LSD test).

and gamma (Fig. 1E) frequency ranges showed similar
values and demonstrated a pattern contrary to that of
delta, specifically a significant decrease in the 17th min
and a gradual increase from the 19" to the 22" min
after ether anesthesia. RSP in the theta frequency range
changed over time, exhibiting a significant decrease

in the 19" and 22" min (Fig. 1B). These results indi-
cate an increase in RSP in slow frequency ranges and
a decrease in RSP in fast frequency ranges during
the period from the 17 to the 22" min after ether
anesthesia, with the temporal dynamics of significant
changes being specific to each frequency range.
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Temporal pattern of Higuchi’s fractal dimension
and Hurst exponent in the cerebellum after ether
anesthesia

In addition to basic spectral analysis, non-linear tools
have an important place in the analysis of EEG sig-
nals related to dynamics and chaotic measures of
complexity and stability. Non-linear measures, HFD
and H, also exhibited significant differences over time
(F 515=4:08, P<0.01, respectively) after ether anesthesia
(Fig.2). Their temporal patterns showed a significant
transitional decrease in HFD and increase in H in the
19" min, followed by a more moderate but persistent
increase in HFD and decrease in H after the 19" min,
indicating that the system acquired a more complex
state than before the 19" min. These results showed
that cerebellar electrocortical activity becomes less
predictable, more complex, and more chaotic as the
depth of ether anesthesia decreases over time, with the
19" min clearly defined as the time of “awakening”
after ether anesthesia.
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Fig. 2. The temporal pattern of Higuchi’s fractal dimension - HFD
(A), and Hurst exponent — H (B) in the cerebellum after ether
anesthesia. Each bar represents the mean+SEM (n=4 animals).
*P<0.05 vs. 13% min, #P<0.05 vs. 15% min, «P<0.05 vs. 17" min,
and “P<0.05 vs. 19" min (Fisher’s LSD test).
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DISCUSSION

The central nervous system (CNS) exhibits complex and
often unpredictable behavior under varying experimental
conditions [30]. Although brain function is inherently
chaotic, mathematical modeling has demonstrated
that this complexity may follow deterministic patterns
governed by non-linear dynamics. Advances in non-
linear signal processing, particularly the application of
measures such as Higuchi’s fractal dimension (HFD)
and the Hurst exponent (H), have provided valuable
insights into the operational principles of brain networks
[21,31]. These measures have proven useful in under-
standing the chaotic nature of brain activity but also as
potential indicators of anesthetic depth, complementing
traditional spectral power analyses [32,33].

Waveform morphology in electroencephalographic
(EEG) recordings is known to be specific to different
anesthetic agents. A general pattern has been observed:
increasing anesthetic depth is typically associated with
EEG slowing [34]. Under agents such as propofol or
volatile anesthetics, alpha activity diminishes while theta
and delta waves become predominant [34,35]. High-
frequency gamma oscillations, which are implicated in
higher cognitive processing, are significantly reduced
under isoflurane anesthesia in a dose-dependent man-
ner, correlating with the onset of unconsciousness
[36]. Sevoflurane, another volatile anesthetic, has
been shown to induce dose-dependent EEG changes
in experimental studies on adult Sprague-Dawley rats
[37]. At lower concentrations, sevoflurane increases
beta and low-gamma power in the prefrontal cortex
and central thalamus, while at higher concentrations
it enhances slow-delta power and delta coherence
across these regions.

Importantly, the loss of consciousness is also as-
sociated with a decline in HFD, reflecting a reduc-
tion in EEG complexity [38,39]. While EEG is often
interpreted as a measure of cortical function, it also
reflects subcortical activity [40]. The cerebellum is
a distinct and highly organized region of the brain.
Despite its primary association with motor control,
it has increasingly been recognized for its roles in
cognition, language, emotion, and various psychiatric
and neurodevelopmental disorders [41]. Anatomically,
the cerebellum contains 4-5 times more neurons than
the cerebral cortex and is characterized by an equally
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rich and intricate network of extrinsic connections.
Even in the absence of external stimuli, as in sleep
or anesthesia, the cerebellar cortex generates slow
intrinsic oscillations [42].

Our previous study demonstrated that administra-
tion of different anesthetics (nembutal, ketamine, and
zoletil) resulted in cerebellar activity dominated by
delta frequency oscillations, accompanied by reduced
spectral entropy in the beta range [4]. The findings
of the present study align with these observations,
showing a progressive decrease in delta activity and
a concurrent increase in gamma activity in the cer-
ebellum following ether anesthesia. Specifically, the
emergence from anesthesia, observed around the 17
min, was marked by a significant reduction in alpha
and delta power, fluctuating beta activity, and a slight
decline in theta power.

Alpha coherence is known to disrupt cortico-
subcortical communication, particularly within the
thalamocortical circuits [43], and both alpha and delta
bands dominate during propofol-induced anesthesia
[35]. Oscillatory activity within cerebellar circuits oc-
curs across both low- and high-frequency bands [44].
Golgi interneurons contribute to theta band resonance
[45], while Purkinje cells generate slow complex spikes
that participate in theta and beta oscillations originat-
ing in the inferior olive and cerebellar granular layer
[44]. The presence of slow theta activity is particularly
associated with deep sleep and attentive states [45].

Quantitative measures of EEG complexity (HFD)
and persistence or long-term memory (H) demon-
strated temporal patterns consistent with spectral
data, albeit with a slight lag. Prior to and after the
significant change in brain activity at the 19" min,
both HFD and H showed relative stability, followed by
a decrease in HFD and an increase in H. Lower HFD
values suggest dominant delta and theta activity, while
higher HFD values indicate increased high-frequency
EEG components [46,47]. Interestingly, while reduced
signal complexity (lower HED) is often associated with
higher amplitude signals in the lower frequency ranges
[46,48], this relationship manifested with a temporal
discrepancy occurring around the 17" min for spectral
changes and the 19" min for non-linear measures.

After the 19" min, both delta power and HFD val-
ues increased. This apparent paradox may be attributed
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to the contribution of additional frequency bands,
particularly theta, alpha, and low beta, to overall signal
complexity. These “middle” frequency ranges may
modulate HFD in complex ways [38,48], reinforcing
the complementary value of spectral and non-linear
analyses in characterizing brain activity under anes-
thesia.

Despite the robustness of the findings, this study
has limitations. Artifacts such as signal noise, po-
tentially introduced by high electrode resistance or
muscle activity during the recovery phase, must be
considered, particularly during the awakening period
when movement artifacts are more likely to occur.

CONCLUSIONS

These findings indicate that temporal patterns of the
analyzed linear and non-linear measures of cerebellar
ECoG activity could be useful in recognizing different
conditions (unconsciousness, disconnected conscious-
ness, and connected consciousness) and anesthetic
depth during recovery from anesthesia. Moreover, they
identified the 17" to the 19" min after ether anesthesia
as the period in which different levels of anesthesia
transitioned. This period can be seen as crucial for the
level of consciousness or the transition between deep
anesthesia with loss of consciousness and transient
consciousness. It is also worth noting that non-linear
measurements (HFD and H) provide a more accurate
time of “awakening” than linear measurements (RSP)
after ether anesthesia. To confirm this hypothesis,
further studies are required that involve monitoring
cerebellar electrocortical activity in a larger popula-
tion of animals.
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