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Abstract

Electro Encephalo Graphy (EEG) is a non-invasive diagnostic tool that is widely used in the 
field of neurosurgery. The EEG measures the electrical activity of the brain, which provides 
essential information about brain function and can help diagnose various neurological condi-
tions. In neurosurgery, EEG monitors the brain during surgery to ensure that the patient’s brain 
function remains stable and minimize the risk of neurological complications. EEG is also used 
in the preoperative evaluation of patients who are being considered for brain surgery. This in-
formation is critical in helping the neurosurgeon determine the best surgical approach and to 
minimize the risk of damaging critical brain structures. Additionally, EEG can be used to monitor 
the brain’s recovery after surgery, which can help predict the patient’s prognosis and inform 
the treatment plan. In recent years, the use of EEG has become increasingly sophisticated and 
has allowed for more precise and detailed monitoring of brain function during surgery. For 
example, high-resolution EEG techniques can be used to provide real-time information about 
the activity of specific brain regions. Additionally, developing wearable and portable devices 
in the future will allow continuous monitoring of brain function, providing real-time data on a 
patient’s condition.

In conclusion, EEG is a critical tool in the field of neurosurgery and has dramatically im-
proved the ability of neurosurgeons to diagnose, treat, and monitor patients with neurological 
conditions. With continued advances in EEG technology, its use in neurosurgery will likely con-
tinue to grow and play an increasingly important role in improving patient outcomes.

Introduction

Analysis of EEG signals for neurosurgical patients is an impor-
tant area of research that can improve the diagnosis and treat-
ment of neurological disorders. Electro Encephalo Graphy (EEG) 
is a non-invasive technique that measures the brain’s electrical 
activity and provides valuable information about its function 
[1]. EEG signals have been used in neuroscience for decades, 
providing crucial insights into the underlying mechanisms of 
various neurological conditions, including epilepsy, brain tu-
mors, and other neurodegenerative diseases [1,2].

EEG has provided the location and extent of brain tumors and 
other lesions such as epilepsy. In addition, it monitors patients 
intraoperatively to minimize risk to eloquent areas during brain 
surgery. Its use intraoperatively was first described by Penfield 
in 1939, where it was used to lateralize seizure origin in a patient 
with bitemporal epilepsy [3]. EEG also provides information on 
the effectiveness of new surgical techniques and medications 
used to treat neurological diseases. The analysis of EEG signals 

has traditionally relied on visual inspection and manual an-
notation by experienced neurophysiologists [4]. However, this 
approach is time-consuming, subjective, and prone to human 
error. Advances in computational methods and algorithms have 
enabled the development of automated EEG analysis tools that 
can provide more accurate and objective assessments of brain 
function [5]. These tools can potentially transform the field of 
neurosurgery by improving the speed, accuracy, and reliability 
of EEG-based diagnosis and treatment.

One of the key challenges in advancing analytics of EEG sig-
nals for neurosurgery patients is to develop algorithms that can 
accurately identify specific EEG patterns indicative of different 
neurological conditions [6]. For example, EEG signals are used 
to determine a brain tumor’s location and extent, seizure activ-
ity’s presence, or the effects of brain injury. These algorithms 
must be robust and reliable, capable of accurately detecting 
EEG patterns in the presence of noise and other confounding 
factors. Another critical challenge is to develop algorithms that 
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can integrate EEG data with other imaging modalities, such as 
functional Magnetic Resonance Imaging (MRI) and Positron 
Emission Tomography (PET), to provide a more comprehen-
sive understanding of brain function [7,8]. This data integration 
from multiple sources will enable the development of more ac-
curate and effective treatment plans for neurosurgery patients.

Analysis of EEG signals in neurosurgical patients is a rapidly 
growing field that can revolutionize the diagnosis and treat-
ment of neurological disorders. In this literature review, we aim 
to highlight the role of EEG in treating neurosurgical conditions, 
its limitations in diagnosis and monitoring, and future objec-
tives in the field.

Overview of EEG

German physicist Hans Berger first discovered EEG (Electro-
encephalography) in 1929 [9]. This discovery proved to be a sig-
nificant breakthrough in diagnosing neurological and psychiatric 
conditions. EEG has the ability to measure the electrical activity 
of the brain by recording voltage differences between neurons. 
The collected EEG signals are amplified, digitalized, and sent to a 
computerized device for storage and data processing. Analyzing 
EEG data is an exceptional way of studying cognitive processes. 
EEG has been used to diagnose neurological conditions, moni-
tor patients intraoperatively and postoperatively, and monitor 
treatment. Different types of EEG recording, such as standard/
routine EEG, sleep EEG, short-term video-EEG, long-term video 
EEG, continuous EEG, and invasive EEG, have been mentioned 
in the literature [10]. Invasive EEG monitoring with intracranial 
electrodes is indicated using either subdural electrodes (strips 
and grids) or depth electrodes (stereo-EEG) in selected patients 
undergoing presurgical evaluation when the epileptic focus to 
be resected cannot be localized with sufficient confidence using 
non-invasive methods. 

Intracranial electrodes encompass two types of electrodes, 
i.e., depth and subdural grids/strip electrodes (Figure 1a/1b) 
[11]. The techniques and types of recordings used by institutions 
differ. Most major epilepsy centers in Japan and North America 
use subdural electrodes or a combination of both electrodes 
(Figure 1c/1d). European epilepsy centers use stereotactical-
ly-inserted depth electrodes (stereoelectroencephalography, 
SEEG), introduced by Bancaud and Talairach in the 1950s (Fig-
ure 1e/1f) [12]. Additionally, the choice of electrodes depends 
on the areas that need to be explored. Invasive recordings with 
subdural electrodes are indicated for a precise description of 
seizure onset and spread on the cortical surface and provide a 
precise definition of the functional cortex and differecne in the 
interface between epileptogenic zones and functional cortex. 
However, subdural electrodes are limited because they cannot 
explore deeper generators, such as the insula and amygdala-hip-
pocampal complex [11,13]. However, depth electrodes have the 
penetrating ability and are indicated when recording is needed 
from these deep brain structures. However, the main drawback 
of depth electrodes is limited spatial sampling and difficulties 
in precise anatomical delineation between contiguous cortical 
regions of the epileptogenic zone and functional cortex [11,13]. 
Therefore, carefully considering their advantages and disadvan-
tages must be weighed to decide the electrode, technique, and 
location for electrode implantation with a hypothesis about the 
epileptogenic zone derived from a non-invasive evaluation.

Most signal power originates from rhythmic oscillations in a 
frequency bandwidth below 1 Hz to approximately 40 Hz. Also, 
higher frequencies can be measured up to 100 Hz [14]. This fre-
quency range is subdivided into smaller, functional ranges with 
associated names [14]. The alpha rhythm includes medium-fre-
quency activity (8–13 Hz) and usually indicates states of relaxed 
wakefulness in healthy adults [15]. The amplitude of these os-
cillations is typically substantial and can range up to several tens 
of mV. This wave type is also common during resting periods 
when people have their eyes closed, with the largest ampli-
tudes in the occipital areas. Based on this finding, researchers 
have argued that alpha waves constitute a neural correlate of 
cognitive inactivity, also called cortical “idling” [16].

On the other hand, studies with evoked EEG activity (i.e., ERP 
investigations) have found that alpha rhythms may indicate dif-
ferent forms of information processing in which different alpha 
sub-bands (e.g., 8–10 and 10–13 Hz), which are dedicated to dif-
ferent functional processes [17,18]. The Alpha rhythms originat-
ing from sensorimotor areas are also known as µ rhythms and 
are further subdivided into lower and higher µ rhythms [19]. 
Large amplitudes constitute resting sensorimotor areas. Beta 
oscillations are characterized by medium to high-frequency ac-
tivity (13–30 Hz). They are related to various mental states, such 
as active concentration, task engagement, excitement, anxiety, 
attention, or vigilance. They are also markers for sensorimotor 
activity. The amplitudes of this wave are usually in the mV—
beta activity primarily includes an excitatory mechanism [20]. 
Gamma oscillations are characterized by very high-frequency 
activity (30–200 Hz, but typically not measurable by EEG when 
higher than 100 Hz). These oscillations are closely associated 
with arousal and perceptual binding mechanisms (i.e., integrat-
ing various aspects of a stimulus into a coherent overall per-
ception). The amplitudes are relatively small, usually between 
1 and 2 mV [21]. Delta waves are characterized by very low-
frequency activity (below 1–4 Hz), which usually relates to deep 
and unconscious sleep in healthy humans. Delta waves are also 
associated with pathologic neural states, such as coma or the 
loss of consciousness. Generally, delta activity diminishes with 
age, which indicates that delta activity is primarily an inhibitory 
mechanism [22]. Theta waves occur as low-frequency activity 
(4–8 Hz) and are characteristically associated with specific sleep 
states, drowsiness, and meditation. This type has been associ-
ated with mental effort, suggesting that attention is directed to 
an existing stimulus. In general, the amplitude of theta waves is 
typically between 8 and 10 mV [23]. 

Artificial Neural Networks (AAN) using raw EEG data have 
the ability to localize brain tumors [24]. The AAN used in the 
proposed system was a feed forward back propagation neural 
network. However, the EEG signals initially contain artifacts 
from both the subject and equipment interfaces that need 
to be filtered out [24]. In addition, the same systems can also 
be used for the identification of epileptogenic foci. Therefore, 
many papers have proposed using machine learning algorithms 
to automatically classify focal and non-focal EEG signals. This 
automatic classification as an analysis tool helps neurosurgeons 
identify focal areas for surgery while processing substantial data 
collected during several days of patient monitoring.
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Figure 1: Various types of intracranial electrodes. Intraoperative 
view of (a) depth electrode and (b) subdural grid electrode. Three-
dimensional reconstructed computed tomography (c) and radi-
ography of implanted subdural grid electrodes (d). Intraoperative 
view (e) and radiography of stereotactically inserted depth elec-
trodes (f) (stereoelectroencephalography, SEEG).

 
Figure 2: Basic EEG Signal Processing. 

EEG current treatment guidelines

EEG is used to diagnose neurological disorders such as epi-
lepsy, stroke, and sleep disorders, monitor brain activity during 
surgery, and evaluate brain death. For example, in Neurosur-
gery, EEG is used in mapping the brain to identify eloquent ar-
eas preoperatively, monitoring brain function intraoperatively, 
evaluating the effects of anesthesia, determining the extent of 
brain injury, and monitoring brain activity after surgery.

EEG can potentially facilitate functional brain mapping with 
temporal resolution in the millisecond range. EEG recordings 
from electrodesare correlated with functional MRI to provide 

information on the location of the epileptogenic lesions. EEG-
correlated functional MRI (EEG-fMRI) measures changes in oxy-
genation in response to (interictal) epileptic events [25,26]. A 
study by Zijlmmans et al. showed that EEG-fMRI is useful in the 
localization of epileptogenic foci in complexcases [27]. It was 
also valuable in patients with presumed multifocality, as EEG-
fMRI could emphasize one of the foci. Finally, it showed EEG-
fMRI could tip the scales in favorof surgery in complex cases 
[27].

Using intracranial EEG for functional electrical stimulation 
mapping (ESM) is essential for patients with drug-resistant 
epilepsy. This is because intracranial EEG allows the ability to 
perform ESM by applying small currents to the same recording 
arrays and observing behavior responses. This allows the char-
acterization of the functional anatomy of the area of interest by 
the principle of Bartholow that electrical brain stimulation elic-
its consistent and observable responses [28]. Resective epilepsy 
surgery is based on the use of invasive EEG monitoring in the 
form of subdural grids (SDG) or depth electrodes (stereo-elec-
troencephalography, SEEG). SEEG and SDG involve the patient 
undergoing surgery to place the grid or electrode. The patient is 
then monitored to identify the lesion, following which the grid 
or electrode is removed, and the lesion is resected [29] (Figure 
3). SEEG is currently less used than SDG due to its more inva-
sive nature. However, the insertion of SEEG does not require 
a craniotomy and can be achieved using burr holes, and its re-
moval of the electrodes is simple and does not require surgery 
[30]. A wake craniotomy is used in the mapping and resection of 
eloquent regions of the brain where imaging is not sufficiently 
sensitive.It has gained popularity due to better neurosurgical 
and postoperative outcomes. Invasive EEG in the form of Elec-
trocorticography (ECoG) or Intracranial Electroencephalography 
(iEEG) is used to monitor after discharge during stimulation. Di-
rect Cortical Electrical Stimulation (DCES), also called cortical 
stimulation mapping, is frequently performed with ECoG re-
cording for functional mapping of the brainand identification of 
critical structures [31].

Figure 3: A pictorial description of EMS. SDG Workflow: Patients 
undergo surgery for SDG implantation, after which they are moni-
tored in the ICU. After monitoring is complete, the patient under-
goes a subsequent surgery to remove the electrodes and resect 
the epileptogenic focus. After surgery, the patient recovers in the 
ICU and is discharged home. The whole process takes place in a 
single hospitalization. 
SEEG Workflow: Patients undergo two hospitalizations. In the first 
hospitalization, SEEG electrodes are placed, and patients undergo 
monitoring. After completion of monitoring, the patient under-
goes surgery for SEEG electrode removal and is discharged home. 
The patient is then admitted for a second time for resection of the 
epileptogenic focus. After the surgery, the patient recovers in the 
ICU and is discharged home. 
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Limitations in the use of EEG

Electroencephalography (EEG) is a widely used diagnostic 
tool in neurosurgery, but it does have some limitations. The two 
non-invasive diagnostic imaging techniques used in humans are 
metabolic-based, including fMRI (Functional MRI), PET (Posi-
tron Emission Tomography), near-infrared spectrometry, etc., 
and electrophysiological based, including EEG and magnetro-
electrography [45]. A third technique, the interference tech-
nique consisting of transcranial magnetic imaging, will not be 
discussed here. Metabolic techniques classically have a good 
special resolution but a relatively poor temporal one, where-
as electrophysiological techniques have an excellent temporal 
resolution but a poor spacial one [45]. The electrical activity 
recorded by the electrodes usually summates the excitatory 
and inhibitory postsynaptic potentials of neurons in the most 
superficial layers of the cortex [46]. The electrodes placed on 
the scalp or brain require the activation of quite a large area of 
a few centimeter squares to produce adequate potentials to be 
recorded [46].

Additionally, the propagation of electrical activity through 
physiological pathways or volume conduction through extra-
cellular spaces can give misleading information on the location 
of the lesion [46]. Such a volume-conduction-induced mixture 
leads to confounding and poor spatial resolution of about 5 cm 
to 9 cm [47,48]. EEG measures electrical activity in the brain 
but is unable to provide detailed information about the exact 
location of the activity. This makes it difficult to determine the 
precise location of the source of brain activity and can limit the 
accuracy of EEG in guiding the identification of epileptic foci or 
neurosurgical procedures. EEG provides information about the 
brain’s electrical activity over time but does not provide a con-
tinuous, real-time record of brain activity [49,50]. This is known 
as temporal resolution. Measurement of electrical activity on 
the surface of the scalp is affected by various factors such as 
the thickness of the skull and brain tissue conductivity leading. 
This can make it difficult to identify very short-lived or rapidly 
changing events in the brain. Although theoretically, the tem-
poral resolution of EEGs is excellent, its actual one is lowered 
due to the same physical phenomenon lowering its spatial reso-
lution. However, improving the latter mechanically improves 
temporal resolution [48]. EEG recordings can be affected by 
movements and muscle activity interference, which can lead 
to artifacts in the EEG signal that make it difficult to interpret 
the data accurately [51]. The accuracy of EEG depends on the 
placement of electrodes on the scalp, and minor variations in 
placement can significantly impact the EEG signal [52,53]. This 
can make it difficult to obtain consistent and reliable EEG re-
cordings. Additionally, EEG has a limited ability to evaluate deep 
brain structures. The skull and brain tissue’s electrical activity 
gets dampened, making it difficult to obtain accurate informa-
tion from the deeper structures. This can limit the ability of EEG 
to provide complete information about the brain and to guide 
specific neurosurgical procedures. 

Intracranial EEG monitoring is an excellent method for study-
ing epileptogenic human brain anatomy. Unfortunately, intro-
ducing intracranial electrodes poses risks to the patient [54,55]. 
Its risks and limitations include a high cost, patient discomfort, 
aseptic meningitis, patient immobility, limited time for assess-
ment, the need for staged neurosurgical procedures, and in-
herent limitations in localizing the lesion [54-58]. Patient dis-
comfort can be due to extensive scalp exposure and muscle 
dissection. Incidence of hemorrhage in recent case series rang-

es from 0-12%, concluding life-threatening hemorrhage can and 
does occur, albeit at a low rate [59]. Additionally, wires attached 
to the electrodes are cumbersome and, if caught when the pa-
tient moves, place painful traction to the dura.

Despite these limitations, EEG remains a valuable tool in 
neurosurgery and is used in combination with other diagnos-
tic tools, such as Magnetic Resonance Imaging (MRI) and Com-
puted Tomography (CT), to provide a complete picture of brain 
function.

Future objectives in the use of EEG in neurosurgery 

Many wireless EEG devices are currently available in the 
market and offer many improvements from previous genera-
tions, from more advanced electrode designs to enhanced sig-
nal quality and amore comprehensive range of configurations 
for different use cases [60]. For example, the emergence of dry 
electrodes overcomes the limitation of gel-based electrodes in 
the recording duration as they dry out with time and cannot 
produce long-term recordings. However, the trade-off with dry 
electrodes has been their signal quality, and much research is 
being conducted on minimizing noise using alternative shapes 
and materials of dry electrodes [61]. In addition, hardware min-
iaturization and the creation of wearable EEG that allows for 
signal recording outside the lab as people move about has also 
been an area of interest [62]. Other research avenues include 
the number and placement of EEG and reference channels, ad-
ditional external and internal sensors, minimization of external 
noise, higher sampling rates to record high-frequency brain ac-
tivity, improved digital resolution, and longer battery life [60].

Wireless implantable Brain-Machine Interfaces (BMIs) are a 
promising tool to monitor intracranial EEG and provide stimula-
tion for patients with motor disabilities [63,64]. For example, a 
novel BMI wireless device customized by Yan et al. using thirty-
two subdural electrodes was evaluated in two awake macaque 
monkeys. It was shown to be successful in recording Electro-. It was shown to be successful in recording Electro-
corticography (ECoG) signals [65]. In another project, a Wire-
less Human Ecog-Based Real-Time BMI System (W-HERBS) was 
developed by Matsushita et al. using high-density subdural 
electrodes recording 128-channel ECoG signals at a sampling 
rate of 1 kHz [66]. These results encourage further studies on 
ECoG-based BMI systems and their potential application in the 
clinical setting. 

With advances in EEG technology, improving the accuracy 
and precision of EEG recordings is an important goal in the field. 
New quality assurance processes are being established to help 
identify and quantify factors affecting the accuracy of SEEG im-
plantation [67,68]. Furthermore, to provide a more comprehen-
sive picture of brain activity, there has been a growing interest 
in integrating EEG recordings with data from other imaging mo-
dalities [69]. Simultaneous EEG-fMRI recordings offer various 
advantages: It allows the detection of cortical areas involved in 
interictal and ictal epileptic activity, improve accuracy in detect-
ing neural activity since data from fMRI alone can be influenced 
by hemodynamic alterations secondary to pathological condi-
tions or drugs, as well as enabling the evaluation of functional 
connectivity in unconscious patients [70-72].

The application of Machine Learning (ML) in EEG data analy-of Machine Learning (ML) in EEG data analy-
sis is an area that has received significant attention in the last 
two decades. EEG signal-based Brain-Computer Interfaces (BCI) 
have been developed to enable patients with voice impairment 
to communicate with their surroundings [73,74]. However, cur-
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rent ML models require word or sentence prompts, and models 
for continuous sentence prediction, which would enable com-
munication in people with cognitive disabilities, is still an area 
of ongoing research [74,75]. ML models have also demonstrat-
ed excellent performance in predicting seizure onset based on 
patterns in pre-ictal EEG signals, as well as seizure classification 
and localization of the seizure onset zone, which is the most 
important predictor of positive surgical outcome. ML is also in-
creasingly utilized in the study of cognitive performance. The 
potential for ML to identify neural activity patterns associated 
with specific tasks provides an avenue for developing improved 
neuromodulatory systems [76]. ML-powered outcomes predic-systems [76]. ML-powered outcomes predic-
tion models using EEG signals are also a growing field of inter-
est, with studies on various disease conditions such as stroke 
and dementia [77,78].

An ML model analyzing EEG data to classify performance 
during simulated surgery was developed by Natheir et al. with 
the aim of enhancing neurosurgical training [60]. In this project 
involving twenty-one participants, a ML model was trained to 
differentiate between skilled and less-skilled performance on 
brain tumor resection simulations on the Neuro VR™ platform 
using data from EEG recorded during the procedures. Markers 
of expertise that were identified include lower TBR and sig-
nificantly higher low-alpha (8–10 Hz), beta (13–30 Hz), beta 1 
(15–18 Hz), and beta 2 (19–22 Hz) frequency bands. Such sys- Hz), and beta 2 (19–22 Hz) frequency bands. Such sys-Hz), and beta 2 (19–22 Hz) frequency bands. Such sys- Hz) frequency bands. Such sys-Hz) frequency bands. Such sys-
tems can enhance neurosurgical education by enabling more 
quantitative, formative, and summative assessment of surgical 
performance [60].

Conclusion 

EEG is a test used to evaluate the electrical activity of the 
brain. It has been widely used to diagnose and monitor various 
neurological conditions. In neurosurgery, EEG has been used 
for mapping brain areas, detecting epileptogenic foci, intraop-
eratively monitoring brain function, and in the form of invasive 
EEG to treat epilepsy and other neurological illnesses. However, 
there are still some limitations to its use. EEG cannot provide a 
sufficient spatial resolution that affects its temporal resolution. 
Invasive EEG has complications such as hemorrhage and infec-
tion. The implantable electrodes must be removed surgically, 
and external wires are cumbersome. Future research should be 
directed toward developing machine learning algorithms for au-
tomatically interpreting EEG recordings and improving patient 
usability. 
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