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Abstract
Objective. Intracranial pressure measurement (ICP) is an essential component of deriving of
multivariate data metrics foundational to improving understanding of high temporal relationships
in cerebral physiology. A significant barrier to this work is artifact ridden data. As such, the
objective of this review was to examine the existing literature pertinent to ICP artifact
management.Methods. A search of five databases (BIOSIS, SCOPUS, EMBASE, PubMed, and
Cochrane Library) was conducted based on the Preferred Reporting Items for Systematic Reviews
and Meta-Analysis (PRISMA) guidelines with the PRISMA Extension for Scoping Review. The
search question examined the methods for artifact management for ICP signals measured in
human/animals. Results. The search yielded 5875 unique results. There were 19 articles included in
this review based on inclusion/exclusion criteria and article references. Each method presented was
categorized as: (1) valid ICP pulse detection algorithms and (2) ICP artifact identification and
removal methods. Machine learning-based and filter-based methods indicated the best results for
artifact management; however, it was not possible to elucidate a single most robust method.
Conclusion. There is a significant lack of standardization in the metrics of effectiveness in artifact
removal which makes comparison difficult across studies. Differences in artifacts observed on
patient neuropathological health and recording methodologies have not been thoroughly
examined and introduce additional uncertainty regarding effectiveness. Significance. This work
provides critical insights into existing literature pertaining to ICP artifact management as it
highlights holes in the literature that need to be adequately addressed in the establishment of
robust artifact management methodologies.

1. Introduction

The Monro–Kellie doctrine indicates that the absolute volume of the cerebral components contained within
the intracranial space should remain constant (Mokri 2001). Under healthy circumstances, these components
include: cerebral tissue, cerebral blood, and cerebrospinal fluid (CSF) (Mokri 2001). In some pathological
cases, a mass-lesion, such as a tumor or hematoma, contributes as a fourth component of intracranial
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Figure 1. Low frequency artifacts to be replaced with interpolated values after removal. Where ICP= intracranial pressure,
mmHg=millimeters of mercury (pressure). Archived data that was used for this figure is from the prospectively maintained
signals database at the Multi-omic Analytics and Integrative Neuroinformatics in the HUman Brain (MAIN-HUB) Lab at the
University of Manitoba, with ethical approval in place for its access and use (H2017:181, H2020:118, H2024:266).

volume (Munakomi and Das 2024). The components of the intracranial space exert a summative pressure on
the skull is known as intracranial pressure (ICP) (Czosnyka 2004, Kawoos et al 2015). ICP is a complex
waveform as it consists of slow waves from autoregulatory processes and oscillations corresponding to subject
respiration (Shiogai et al 2010) as well as a pulse waveform consisting of three peaks originating from the
cardiac cycle and changes in CSF volume (Zakrzewska et al 2021). ICP measurement alongside mean arterial
blood pressure (ABP) are used to determine cerebral perfusion pressure (CPP) (ABP-ICP= CPP) (Czosnyka
2004, Kawoos et al 2015). CPP is a critical metric for evaluating cerebral autoregulatory (CA) health, which is
the ability of the brain vasculature to maintain a pressure gradient across the blood brain barrier conducive
to a constant cerebral blood flow, despite changes in ABP or ICP (Miller et al 1972, Czosnyka 2004). ICP and
CPP monitoring have been widely conducted during the management of traumatic brain injury (TBI) as
both these signals are useful in guiding treatment (Carney et al 2017, Hawryluk et al 2019). Following TBI,
maintaining specific thresholds in ICP and CPP have been associated with a decrease in the likelihood of
negative outcomes occurring (Carney et al 2017). There has been a recent shift towards patient-specific
therapeutics in instances of compromised CA to further promote positive outcomes in TBI management
(Zeiler et al 2021). This has been achieved by targeting specific secondary injury pathways as opposed to
relying on global ICP and CPP levels (Sorrentino et al 2012, Nourallah et al 2018, Zeiler et al 2019).

However, there still remains gaps in understanding regarding the high temporal relationships between
aspects of cerebral physiology including pressure-flow dynamics, nutrient delivery, cerebrovascular
compliance, and autonomic function. As such, there is ongoing investigation into the use of multivariate
relationships within cerebral physiology to derive new multi-modal time-series metrics. This aims to
improve understanding of subject-specific physiological activity to improve treatment. A major barrier to
this development are the abundant artifacts that occur during the clinical measurement of ICP signals (Kim
et al 2018, Lee et al 2020). Erroneous segments of data and increase the incidence of false alarms triggered by
erroneous spikes in ICP magnitude (Scalzo et al 2013). Additionally, recent work has shown that these
segments diminish accuracy and real-time utility of continuously derived metrics such as pressure-reactivity
index (Rozanek et al 2022); however, future work is needed to elucidate the impacts of artifacts on other ICP
derived indices.

Artifacts in ICP signals can occur due to a variety of sources across measurement devices including
erroneous QRS (when the waveform does not follow the expected QRS shape) (Asgari et al 2009), as well as
low frequency artifacts due to coughing, subject motion, device disconnection, and sensor detachment (Dai
et al 2020). However, there are also device specific errors like those resulting from external ventricular drain
(EVD) becoming disconnected (Megjhani et al 2023). An exemplar low frequency artifact is included in
figure 1. These datasets were recorded using an intraparenchymal strain gauge sampled at 100 Hz.

There are instances in which artifacts are more egregious which makes it difficult to salvage or interpolate
any underlying components of the signal due to the duration and severity of the artifact. An example of a
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Figure 2. Egregious ICP signal artifacts. Where ICP= intracranial pressure, mmHg=millimeters of mercury (pressure).
Archived data that was used for this figure is from the prospectively maintained signals database at the Multi-omic Analytics and
Integrative Neuroinformatics in the HUman Brain (MAIN-HUB) Lab at the University of Manitoba, with ethical approval in
place for its access and use (H2017:181, H2020:118, H2024:266).

Figure 3. Zero-drift artifact in ICP signal over several days of recording. Where ICP= intracranial pressure,
mmHg=millimeters of mercury (pressure). Data was recorded by placing a strain gauge probe connected to an ICP Express box
with a sampling rate of 100 Hz in a beaker of water.

more egregious artifacts is depicted in figure 2, this data was sampled at 100 Hz using an intraparenchymal
strain gauge. These errors may have resulted from device disconnections or patient motion.

ICP signals are also often contaminated with high frequency noise which can be filtered out using
low-pass filtering (LPF). Additionally, there are also instances of drift in the signal from that occur due to
failures in the instrumentation. Depicted in figure 3 is an example of a zero-drift artifact. This gradual drift
in ICP magnitude is due to device error. The artifact depicted in figure 4 was measured by placing a strain
gauge probe attached to an ICP Express box in a water sample to record instrument zero-drift over several
days of recording, which is applicable in long-term recordings of ICP. The sampling rate of the instrument
was 100 Hz.

The current practice of manual removal of artifacts is required prior to the use in any diagnostic or
prognostic capacity, which requires trained personnel, is resource consuming, and has the potential for
human error (Raj et al 2022, Rozanek et al 2022). Removing artifacts that occur in ICP signals cannot be
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simply accomplished using basic thresholding due to the complex morphology and non-stationarity of ICP
data. The development of a broadly accepted ‘gold standard’ method for a fully or semi-automated artifact
removal is a topic of present research (Raj et al 2022, Rozanek et al 2022). This systematic review will help
illuminate which fully and semi-autonomous methods have been developed for artifact management in ICP
signals as well as their respective efficacies. The findings of this review will provide foundational knowledge
for scientists and clinicians to build towards a broadly accepted method in the future. This article serves as
the first systematic review that has been conducted to examine the existing artifact identification and
removal methods specifically designed for ICP signals. It expands upon the artifact removal methods briefly
mentioned in a narrative review conducted by Dai et al to discuss the effectiveness of all methods that have
been developed for this application (2020).

The objective of this systematically conducted scoping review was to describe the functionality and
effectiveness of the artifact management methods that have been developed for ICP signals. Several different
categories of artifact management methods have been developed to date; however, in this review, they were
placed in two major categories: (1) valid ICP pulse detection algorithms and (2) ICP signal artifact
identification or removal methods.

2. Methodology

This systematic scoping review was conducted following the Cochrane Handbook for Systematic Reviews
(Page et al 2021). The reporting of the results conforms to the Preferred Reporting Items for Systematic
Reviews and Meta-Analysis guidelines with the (PRISMA) Extension for Scoping Review (Tricco et al 2018,
Page et al 2021). The review objectives for the search strategy were developed collaboratively by TB and FAZ.
Help in the article filtering process was provided by by NV (PhD Student) and LF. The completed PRISMA
checklist can be found in appendix A.

2.1. Ethical considerations
All articles included in this review were from previously published journals. As a result, they are expected to
have been vetted by their respective journals. Specific ethical approval for this systematically conducted
scoping review was therefore not required. Archived data that was used for figures 2 and 3 is from the
prospectively maintained signals database at the Multi-omic Analytics and Integrative Neuroinformatics in
the HUman Brain (MAIN-HUB) Lab at the University of Manitoba, with ethical approval in place for its
access and use (H2017:181, H2020:118, H2024:266).

2.2. Search question and inclusion/exclusion criteria
The main search question examined within this review was, ‘What artifact identification and removal
techniques exist for full waveform ICP signals?’ Secondary questions that were examined looked at the
efficacy of the proposed techniques, the types of algorithms that have been used to identify and remove the
artifacts, and the ICP recording hardware for which the methods were developed. To be included in this
review, the article needed to detail some form of artifact identification or removal method for full waveform
ICP signals for human or animal studies. The minimum sampling rate was selected as 50 Hz, as existing
literature indicates that this threshold is required to properly encapsulate the full waveform (Holm and Eide
2009). Articles that were excluded were non-English, not full length, used simulated or non-ICP data, or did
not include evidence to support the effectiveness of the proposed method(s).

2.3. Search strategy
Searches were conducted across the following five databases: BIOSIS, SCOPUS, EMBASE, PubMed, and
Cochrane Library, covering the entire period from the conception of each database up to 19 June, 2024.
Dedicated search strings were constructed for each database. These search strings consisted of
terms/synonyms for ICP and artifact identification or removal methods. The detailed search string for each
database is provided in appendix B. The results of the search from each database were compiled and
deduplication was conducted.

2.4. Study selections
A manual review of all unique articles from the initial search was conducted using a two-stage, two-reviewer
approach. The first stage involved two reviewers (TB and NV) independently screening the title and abstract
of each article for inclusion/exclusion criteria. The second stage involved both reviewers screening the
included studies from the first stage to evaluate the entire content of each article for inclusion and exclusion
criteria. Any disagreements between the two reviewers were resolved by a third-party (FAZ).
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2.5. Data collection
Data collection was conducted by the primary author (TB). Key characteristics for each study were recorded.
These characteristics included patient/subject information, data information, and details of the artifact
identification/removal methods. Patient/subject information included the sample size, sex, age, and presence
of neurological injury. Data information included the sampling rate of the ICP signals, anatomical location,
and type of ICP sensor used for measurement. Additionally, any bio-signals being simultaneously recorded
were noted. Information regarding the details of ICP signal artifact identification or removal methods
described in each article were also extracted. Analysis of each method involved the evaluating the
effectiveness of the proposed method (or effectiveness relative to other presented methods) as well as the
main results presented in the article. Limitations for each method were also extracted, including those
identified by the authors and those identified during the critical analysis of each work.

3. Results

The results of the search strategy that was conducted across five databases (BIOSIS, SCPOUS, EMBASE,
PubMed, and Cochrane Library), as well as the reference sections of each article identified as meeting
inclusion criteria, are depicted in a PRISMA flow diagram in figure 4. A total of 7652 articles were identified
from the initial search. Following deduplication, 5875 articles were screened by title and abstract against
inclusion/exclusion criteria. This led to 39 articles that were screened by examining full-length documents.
There were 15 articles of the initial search that were included in this review. In addition, there were 4 articles
also included in the review that were identified through examination of the reference sections of the included
articles from the initial search.

All 19 studies that were included were human-based studies. No animal-based studies met the inclusion
criteria. Those studies that indicated patient age demographics included pediatric intensive care unit (ICU)
patients (age range not disclosed) (Aboy et al 2001, 2005), juvenile (patients between 14 and 18 year of age)
(Asgari et al 2009, Hu et al 2009), and adult (age 18 and older) (Asgari et al 2009, Hu et al 2009, Scalzo et al
2009, Mataczynski et al 2022, Megjhani et al 2023, Huo et al 2024); however, not all articles included patient
age demographics (Scalzo et al 2010, Feng et al 2011, 2012, Scalzo et al 2012, 2013, Yang et al 2012, Rajagopal
et al 2016, Megjhani et al 2019, Lee et al 2020, Martinez-Tejada et al 2021, Taco et al 2022). The individuals
included in these studies were receiving treatment for a variety of pathophysiological issues including TBI
(Aboy et al 2001, Feng et al 2011, 2012, Yang et al 2012, Taco et al 2022), aneurysmal sub-arachnoid
hemorrhage (SAH) (Megjhani et al 2023), hydrocephalus (Asgari et al 2009, Yang et al 2012), intracerebral
hemorrhage (ICH) (Scalzo et al 2013), intracranial hypertension (IH) (Rajagopal et al 2016), and a variety
ICP-related issues (Aboy et al 2005, Asgari et al 2009, Hu et al 2009, Scalzo et al 2009, 2010, 2012, Rajagopal
et al 2016, Megjhani et al 2019). There were several types of ICP measurement devices that were used to
record the ICP signal. These included intraparenchymal strain gauges (Asgari et al 2009, Hu et al 2009,
Scalzo et al 2009, 2010, 2012, Lee et al 2020, Mataczynski et al 2022), intraparenchymal fiber-optic pressure
transducers (Aboy et al 2001, Yang et al 2012), and EVD devices (ventricular catheters) (Aboy et al 2001,
Megjhani et al 2019, 2023, Huo et al 2024). There were two studies that indicated ICP measurement and
artifact management with ICP was estimated using an intraspinal strain gauge (Calisto et al 2010, 2013),
which did not satisfy the inclusion criteria for this review.

The sampling rates that were used to collect the ICP data ranged from 50 to 400 Hz; however, some did
not list a sampling rate (Feng et al 2011, 2012, Lee et al 2020, Martinez-Tejada et al 2021). Of those that did
not include sampling rates, each article included some type of image that indicated that full waveform ICP
was included (Feng et al 2011, 2012, Lee et al 2020, Martinez-Tejada et al 2021). There was seldom a formal
definition of an ‘artifact’ defined in any of the articles, the majority compared the results of an algorithm to
that of a qualified professional manually cleaning the data. Not all methods that were included made mention
to the direct detection and/or removal of artifacts from ICP signals; however, those methods designed to
detect valid ICP signals could be leveraged for artifact management, therefore, they were included.

As the scope of this project was to provide a detailed overview of existing methodologies to attain a clean
ICP signal, these articles were included. A detailed analysis of the results of this systematic scoping review was
split into two main sections: (1) valid ICP pulse detection algorithms and (2) ICP signal artifact
identification or removal methods. Each of these sections contained sub-sections detailing specific method
types that had been developed for ICP signals.

3.1. Valid ICP pulse detection algorithms
There has been work done to develop algorithms capable of locating specific peaks and relevant
morphological features present in valid ICP signals to move away from a reliance on mean ICP. Beat
detection algorithms are intended to locate specific peaks that are typical to valid ICP signals (Aboy et al
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Figure 4. PRISMA flowchart of results for systematically conducted scoping review.

2001, 2005). The morphological clustering and analysis of ICP pulse (MOCAIP) algorithm/template-
matching methods use segmented ICP pulses in comparison to reference library pulses to identify valid
signals (Asgari et al 2009, Hu et al 2009, Scalzo et al 2009, 2010, 2012, 2013, Yang et al 2012, Megjhani et al
2019). Of the methods that were presented, there were five that required auxiliary signals, all of which were
electrocardiogram (ECG) signals, to determine the onset of the ICP pulse (Asgari et al 2009, Hu et al 2009,
Scalzo et al 2009, 2010, 2012, Megjhani et al 2019). Each of these methods were developed using data from
different numbers of patients (median= 66.5, range= 3–210) with varying cerebral health. The goal of these
algorithms was to accurately differentiate artifactual from non-artifactual signals; however, only a single
article that described the morphology of artifactual signals. This article by Asgari et al presented a method
that was designed with consideration to low frequency artifacts (from erroneous QRS detection, head
movements like coughing, patient motion, and sensor detachment) and contamination with other high
frequency noise (2009). Four methods were validated using cross-validation (Asgari et al 2009, Scalzo et al
2009, 2010, 2013), one method split data between template development, training, and testing sets (Yang et al
2012), and one method used external validation which involved data from five patients external to the 34 that
had been used to develop the model (Megjhani et al 2019). Other methods were not trained using data, they
were simply validated using a collected dataset, this was referred to as ‘direct’ validation (Aboy et al 2001,
2005, Hu et al 2009). Live processing was presented as ‘possible’ for several of the algorithms; however, it was
only actually conducted by Scalzo et al (2013). It was indicated that real-time processing would not be
possible by Hu et al due to its reliance on template matching and computational time (CT) (2009). This
information is summarized in table 1.

A more detailed description of the methods and their respective efficacies are included in appendix C
(tables C1 and C2). A summary of these appendix tables is displayed in table 2.

3.1.1. Beat detection algorithms
Beat detection algorithms for pulse identification have been developed to move away from the use of gross
metrics like mean, standard deviation, and spectral power for ICP signal analysis (Aboy et al 2005). Aboy
et al developed two pressure beat detection algorithms to identify the peaks present in valid ICP signals and
focus analysis on the beat-to-beat level (2001, 2005). There are four components to the ICP waveform, these
include the percussive peak, dicrotic peak, dicrotic notch, and tidal peak. The algorithm developed by Aboy
et al utilized LPF, coarse beat detection by incremental sampling, relative quantization error filtering, and
local peak detection to determine respective peak locations (2001). The effectiveness of this method was
compared to two experts identifying the peaks on an ICP dataset (125 Hz) collected from three severe TBI
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Table 1. Algorithm information for valid beat detection and MOCAIP algorithms.

Article Patients
Specific pathological
state Artifact type Validation

Live
processing

Aboy et al (2001) 3 TBI Not specified Direct Possible
Aboy et al (2005) 210 TBI, sepsis, cardiac

conditions
Not specified Direct Possible

Asgari et al (2009) 67 Hydrocephalus+ other High and low
frequency

Cross-validation
(67-fold)

Possible

Hu et al (2009) 66 Various ICP conditions Not specified Direct No
Scalzo et al (2009) 64 Various ICP conditions Not specified Cross-validation

(64-fold)
Possible

Megjhani et al (2019) 34 Not indicated Not specified External
validation

Possible

Scalzo et al (2012) 128 Various ICP conditions Not specified Validated (not
specified)

Possible

Scalzo et al (2013) 108 TBI, SAH, ICH Not specified Cross-validation
(10-fold)

Yes

Scalzo et al (2010) 128 Various ICP conditions Not specified Cross-validation
(5-fold)

Possible

Yang et al (2012) 48 TBI+ hydrocephalus Not specified Template+ train-
test split

Possible,
too slow at
present

ICP= intracranial pressure, SAH= aneurysmal sub-arachnoid hemorrhage, TBI= traumatic brain injury.

patients. The percent accuracy in locating the peaks indicated that there was a minimum agreement of
99.30% (within an acceptance interval of 8 ms) between the algorithm and the reviewers (Aboy et al 2001).
This was very similar to the agreement between the reviewers (Aboy et al 2001). The second presented
algorithm was designed to identify valid ICP pulses (Aboy et al 2005). The initial pre-processing used three
bandpass elliptic filters with varying cut-off frequencies and additional cut-off frequencies that had been
determined using the estimated heart rate. A nearest neighbor feature methodology was then used to identify
peaks using relative amplitude and slope information. This information was used to classify the signal
components as normal or artifactual. This algorithm attained a specificity of 99.36% and a positive
predictivity of 99.43% compared to manual reviewers for a dataset of ICP (125 Hz) pulses randomly selected
from a population of 210 patients (Aboy et al 2005).

3.1.2. MOCAIP/template-based algorithms
The MOCAIP algorithm is the most rigorously studied algorithm that has been developed for ICP pulse
detection (Asgari et al 2009, Hu et al 2009, Scalzo et al 2009, 2010, 2013, Megjhani et al 2019). This
methodology was largely applied to datasets that had been recorded using intraparenchymal strain gauges
(Asgari et al 2009, Hu et al 2009, Scalzo et al 2009, 2010, 2012) and parenchymal fiber optic pressure
transducers (Aboy et al 2001, Yang et al 2012) mainly placed in the right frontal lobe. The MOCAIP
algorithm was initially proposed by Hu et al (2009). This method uses ECG data simultaneously recorded
with the ICP signal to detect the onset of ICP pulses, it then conducts averaging of pulses with similar
morphology to remove noise from ICP, determining the correlation of pulses to those in a reference library
to identify valid pulses, and finally identify peaks within the ICP pulses (Hu et al 2009). The components of
the algorithm are:

1. Beat-by-beat detection of the ICP pulse which is estimated using the locations of the QRS wave in the
ECG signal. The QRS wave is a particular waveform measured in ECG signals that corresponds to
ventricular depolarization (Levick 1991).

2. Clustering of ICP pulses by morphological distance and averaging the pulses corresponding to the largest
cluster (dominant pulse) which removes random perturbations of the signal.

3. Non-artifactual pulses are identified using thresholds in regression with a reference library of expert
validated ICP pulses.

4. Detection of peaks within dominant pulse using the second derivative of the ICP pulse.
5. Assignment of the detected peaks within the ICP pulse using an assumed Gaussian distribution via

probability density functions (PDFs) estimated from ICP pulses from the reference library.

Using the determined optimal parameters, the original MOCAIP algorithm was able to obtain an
accuracy of 97.84% in identifying non-artifactual ICP pulses. This method was heavily reliant on having a
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sound and detailed reference library (Hu et al 2009). Because this method requires that a correlation
threshold be met between the dominant pulse and that of a pulse in the reference library many iterations had
to be conducted (Asgari et al 2009). There have been several attempts to develop extensions of the MOCAIP
algorithm, specifically targeting the noted weaknesses of the method. These weaknesses include the
algorithms accuracy due to the complexity of the ICP signal (Asgari et al 2009, Scalzo et al 2009),
computational requirements, and diversity of the library without redundancy (Asgari et al 2009).

The MOCAIP algorithm uses correlation between a pulse and a reference pulse to determine the validity
of an ICP pulse. Asgari et al proposed an extension of MOCAIP using singular value decomposition (SVD)
projections of noise and signal subspaces to identify non-artifactual pulses while it shrinks the required
computational requirements and improves accuracy (2009). This method was compared to two variations of
the MOCAIP algorithm, one that used a correlation coefficient (r) of 0.97 and another with r = 1 to identify
the pulses. The true positives (TPs) between these three algorithms did not vary significantly but the false
positive rate (FPR) was 47.48% when r = 0.97, 28.92% when r = 1, and 6.61% using SVD. The CTs were
1927 s when r = 0.97, 16 370 s when r = 1, and 170 s when SVD was used (Asgari et al 2009)

In response to the weaknesses of the MOCAIP algorithm, Scalzo et al developed an extension of the
MOCAIP using a correlation-based model in place of PDFs for estimating peak locations (2009). This work
was furthered by this author through the proposed MOCAIP++ algorithm (2010) to integrate more
complex signal morphological analysis using spectral regression (SR), as it can accurately detect the location
of the three peaks within the ICP signal without compromising computational efficiency. The most robust
comparison of methods was presented by Scalzo et al (2010) as it compared the use of three peak regression
identification techniques including the Gaussian-based MOCAIP model (Hu et al 2009), a Gaussian
mixtures model, a SR model, and a kernel spectral regression based model (KSR). The presented peak
identification method based off the MOCAIP algorithm was validated using data from 128 patients with
varying ICP conditions with a high sampling rate (240–400 Hz) (Scalzo et al 2010). The dataset was specified
as challenging by manual reviewers; and the best method, which was KSR, was only able to achieve an
average accuracy of prediction of the three peaks of 88.78% (Scalzo et al 2010).

Scalzo et al proposed a method of tracking signal morphology of ICP signals and the location of peaks
using a Bayesian inference algorithm (2012). Using a graphical inference model, a random variable is
assigned to each peak based on their location within the pulse and its magnitude. Non-parametric belief
propagation is used to determine the relationships between peaks using kernel density estimation. This was
calibrated using inputted manually annotated ICP pulse data (400 Hz) from 128 patients with various ICP
conditions. This algorithm was able to predict the latency of the ICP signal (using onset of ECG QRS wave)
as well as ICP elevation (peaks) in an artificially contaminated ICP dataset. Analysis was conducted on
randomly selected 30 min segments of ICP data with an induced sinusoidal temporal dynamic or phase
multiplication dynamic (induced noise). The average estimation error in each of the three peaks for latency
were 8.09± 2.0 ms, 6.90± 1.7 ms, and 7.46± 2.1 ms and for magnitude were 0.04± 0.02 millimeters of
mercury (mmHg), 0.09± 0.06 mmHg, and 0.08± 0.04 mmHg. Both of these results were better than the
predicted using MOCAIP (Hu et al 2009) as the average estimation error for the three peaks were
11.88± 7.1 ms, 11.80± 7.0 ms, and 11.76± 7.0 ms and for magnitude were 0.23± 0.18 mmHg,
0.32± 0.27 mmHg, 0.33± 0.23 mmHg (Scalzo et al 2012).

The applicability of an extension of the MOCAIP in EVD recordings was examined as extracted
morphological waveform features were used to differentiate false alarms occurring during ICP signal
recording (Scalzo et al 2013). ICP waveforms were segmented using the MOCAIP algorithm (Hu et al 2009)
and the initial tracking of the latency and magnitude of the three peaks was presented by Scalzo et al (2012)
and was extended by the same author to 24 morphological features including curvature, slope, and decay
(Scalzo et al 2013). This article also investigated the use of a supervised directionality reduction algorithm
presented by Tsai et al which decomposes the ICP signal into 24 subspaces (2008). This methodology was
described as conditional discretization of morphological features (CDFs) (Scalzo et al 2013). It was used as
an alternative to using the time-series MOCAIP vectors as inputs to the algorithm. Three regression models
were compared for their abilities to detect alarm incidence based on input features from ICP signals (240 Hz)
extracted from 108 neurosurgical patients (cases of TBI, SAH, and ICH). The regression models included
multiple linear regression (MLR) (Chatterjee and Hadi 1986), SR-discriminant analysis (DA) (Cai et al
2007), kernel spectral regression discriminant analysis (SR-KDA) (Cai et al 2007), support vector machine
(SVM) (Chang and Lin 2001), and extremely randomized trees (ETs) (Geurts et al 2006). The average area
under the receiver operator characteristic curve (AUC-ROC), which is a performance metric for sensitivity
and specificity, indicated that use of the SR-KDA method with CDF demonstrated the best results for
accurate alarm detection based on morphology (Scalzo et al 2013). This methodology was solely tested on its
ability to improve the accuracy of ICP alarms, it is likely that this methodology could be extended to artifact
detection with slight alterations.
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Megjhani et al developed an algorithm to detect valid ICP waveforms from artifactual in data that was
recorded using EVDs (2019). It demonstrated encouraging results as it achieved an average AUC-ROC of
0.96± 0.02 and average correct classification rate (CCR) of 0.94± 0.02. These results were dramatically
better than the template matching, ICP stability algorithm, and threshold-based single wave criteria-based
methods to which it was compared (Megjhani et al 2019).

While it did not directly use the MOCAIP algorithm, Yang et al developed the waveform decomposition
(WD) methodology of detecting ICP pulse onsets and valid ICP pulses using waveform templates and
clustering techniques (2012). A template was constructed based on features extracted from representative
ICP segments. Representative segments were automatically selected using hierarchal clustering, the pulse
onset of the test signal was selected based on local minima, and a comparison between features was
conducted using the χ2 test statistic. Thresholding was used to determine whether the selected point was that
of the ICP pulse onset. Using a tolerance of 30 ms, the WD method was able to achieve a positive predictive
value (PPV) and sensitivity of 0.9475 and 0.9723, respectively at selecting the locations of the pulse onsets
(Yang et al 2012). This methodology was not used to detect artifacts directly; however, it differentiated
between normal pulses and artifacts/noise. It should be noted that, at present, this is a very computationally
demanding method which could present a barrier for real-time implementation.

3.2. ICP signal artifact identification or removal methods
The methods in this section either identified the locations of artifacts or conducted artifact removal in
addition to identification. These methods fall into distinct subcategories: empirical mode decomposition
(EMD)-based methods (Feng et al 2011, 2012, Martinez-Tejada et al 2021), machine learning-based methods
(Rajagopal et al 2016, Lee et al 2020, Mataczynski et al 2022, Taco et al 2022, Huo et al 2024), filter-based
methods (Feng et al 2012), and wavelet-based methods (Feng et al 2012, Megjhani et al 2023). There were
two methods developed for signals recorded using EVDs (Megjhani et al 2023, Huo et al 2024) and two
developed for intraparenchymal strain gauges (Lee et al 2020, Mataczynski et al 2022). Four methods used
auxiliary signals to either segment ICP pulses (Rajagopal et al 2016, Lee et al 2020) or jointly for artifact
identification (Mataczynski et al 2022, Taco et al 2022), the other methods used only the recorded ICP signal.
There were three methods that were developed specifically for low frequency (spike) artifacts (Feng et al
2011, 2012, Martinez-Tejada et al 2021). The method developed by Rajagopal et al indicated that it was able
to remove both high and low frequency artifacts; however, it was only tested based on high frequency
(additive Gaussian/Poisson noise) removal (2016). Each of these methods were developed using data from
patients of varying cerebral health, with each article using datasets of different numbers of patients
(median= 59, range= 5–309). Algorithms not trained using manually annotated datasets were validated by
comparing the performance of algorithms compared to manual experts (Feng et al 2011, 2012,
Martinez-Tejada et al 2021, Megjhani et al 2023) or compared to an established ‘ground truth’ signal with
added noise (Rajagopal et al 2016). This was referred to as ‘direct’ validation. Other methodologies
underwent validation using cross-validation (Lee et al 2020, Taco et al 2022, Huo et al 2024), external
validation using data from an alternative center (Huo et al 2024), or in performing a train-test split of the
data based on the neuropathological health of the patient (Mataczynski et al 2022). Live processing was
indicated as possible in three of the developed methods (Rajagopal et al 2016, Mataczynski et al 2022, Huo
et al 2024); for the remainder of the developed methods, this had not yet been explored. This information is
summarized in table 3.

Additional details of the methods presented and their respective efficacy in identifying or removing
artifacts are included in appendix C (tables C3–C6). A summary of these appendix tables is displayed in
table 4.

3.2.1. EMD-based methods
A significant challenge to artifact identification in ICP data is the non-stationary nature of the ICP signal. As
such, it is difficult to simply apply time- or frequency-series filters for artifact identification (Feng et al 2011).
Three articles (two presenting an identical method) presented methods that apply EMD (Feng et al 2011,
2012, Martinez-Tejada et al 2021). EMD was used to transform non-stationary bio-signals into a finite
number of intrinsic mode functions (IMFs) (Chaudhari et al 2016). These are functions with the same
number of extrema and zero-crosses initially proposed by Huang et al (1998). A methodology was put
forward by Feng et al that initially decomposed the ICP signals into 16 IMFs with each component
corresponding to a different oscillatory frequency (2011, 2012). After which, a robust 3σ (where σ indicates
standard deviation) filter was applied to the first IMF such that the locations and durations of large
oscillations in the IMF were identified and removed as they corresponded to artifactual episodes. This same
filter was iteratively applied to the subsequent IMFs to accurately estimate the width of the artifact more
accurately within the time-series data (Feng et al 2011, 2012). A typical estimation of σ was deemed
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Table 3. Algorithm information for ICP signal identification and removal methods.

Article Patients

Specific
pathological
state Artifact type Validation Live processing

Lee et al (2020) 309 TBI High and low frequency Cross-validation
(10-fold)

Not indicated

Mataczynski et al (2022) 50 TBI+ SAH Not specified Train+ validate
split (TBI), test
(SAH)

Yes

Huo et al (2024) 60 TBI, SAH,
meningitis,
ICH,
tumor+other

Not specified (can detect
artifacts+ drainages)

Cross-validation
(5-fold)
+ external
validation

Possible

Megjhani et al (2023) 229 SAH EVD system unclamped Direct Not indicated
Feng et al (2011) 59 Not indicated Low frequency Direct Not indicated
Feng et al (2012) 82 TBI Low frequency Direct Not indicated
Rajagopal et al (2016) 25 IH High and low frequency Direct Yes
Martinez-Tejada et al (2021) 5 Not indicated Low frequency Direct Not indicated
Taco et al (2022) 39 TBI Not specified Cross-validation

(5-fold stratified)
Not indicated

EVD= extra-ventricular drain, IH= intracranial hypertension, SAH= aneurysmal sub-arachnoid hemorrhage, TBI= traumatic brain

injury.

inadequate to accurately model the signal in presence of artifacts, as such, this proposed method used ‘mean
(Calisto et al 2010, 2013) absolute deviation’ (MAD) to estimate σ. The equation for MAD is defined in
equation (1),

MAD=mediani
(∣∣xi −mediani

(
xj
)∣∣)

σMAD = K ∗MAD
(1)

where mediani
(
xj
)
is the data median, xi is a time-series data point, K is approximated as 1.4826 based on

the assumption that the data is Gaussian, and σMAD is a robust approximation of σ due to its resistance to
artifacts (Feng et al 2011, 2012). These two articles both detail validation that was conducted with ICP
recordings from 59 patients (Feng et al 2011) and 82 TBI patients (Feng et al 2012).

The third EMD-based artifact identification algorithm targeted the removal of magnitude spikes in ICP.
Similarly, this method identified peaks in successive IMFs from EMD decomposition as locations using
thresholding based on the noise levels in summed IMFs (Martinez-Tejada et al 2021). This method was
validated on 59 human ICP recordings of unknown sampling rate and patient population information
(Martinez-Tejada et al 2021).

Two of the EMDmethods were validated using identical metrics for artifact identification: precision
(TP/TP+ FPs) and recall (TP/(TP+ false negative (FN))) (Feng et al 2011, Martinez-Tejada et al 2021).
However, in the Martinez-Tejada et al article, these metrics were based on the ability of the EMD-based
article of removing spike artifacts that had been identified by experts (2021) and the Feng et al work
calculated them based on determination of location and duration of artifactual episodes (2011). The
precision and recall of the Feng et almethod were 100% and 73.6%, respectively (2011), while these metrics
were 84% and 77%, respectively, for the Martinez-Tejada method (2021). The results presented by Feng et al
indicate that an EMD-based algorithm had no FP (no artifacts that are misclassified); however, had
significant occurrences of missed artifacts (2011). The EMD-based artifact management method presented
by Martinez-Tejada et al seemingly also had some difficulty in missing and misclassifying the spike artifacts
in the ICP signals (2021). It was recommended by the authors that the adaptive thresholding used on IMFs
be improved (Martinez-Tejada et al 2021). The other Feng et al article proposed the results for this
effectiveness in comparison to a wavelet- and filter-based method as the performance gain in metrics of
mean-squared error (GMSE), relative absolute error (GRAE), forecast error (GFER), and CT (2012). The results
of which were: GMSE = 24.7%, GRAE = 9.07%, GFER = 13.6%, and CT= 312 s.

3.2.2. Machine-learning-based methods
Another method of circumventing difficulties with artifact identification and removal of non-stationarity of
ICP signals is in the extraction of certain features and analyzing them using neural networks (NNs) (Lee et al
2020). Three novel techniques have been developed for ICP artifact identification leveraging different
NN-based techniques (Lee et al 2020, Mataczynski et al 2022, Taco et al 2022). There were two additional
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methodologies presented that used different machine learning techniques to identify and remove ICP signal
artifacts (Rajagopal et al 2016, Huo et al 2024).

Lee et al proposed a method leveraging ABP signals recorded simultaneously with ICP (2020). This
algorithm initially used the ABP signal to detect the pulse onset of the ICP signal, using the incidence and
ending of the wave pulse as the basis for segmentation. After this, these pulses were normalized using cubic
spline interpolation such that they are a constant length while maintaining the integrity of the signal
morphology. The normalized pulses were then converted into a representative image using a stacked
convolutional autoencoder (SCAE) and are classified as normal or artifactual using convolutional NN (CNN)
filters (Lee et al 2020). The proposed CNN was compared to the use of linear SVM learning (LSVM) and
radial basis function kernel SVM learning (KSVM). The models were developed, trained, and tested using
data from 309 TBI patients. The efficacy of artifact removal in ABP and ICP was validated by comparing the
results of the NN-based methods to manually cleaned data for 10 datasets from randomly selected patients.
CNN was the most successful in artifact identification as it had highest net prediction rate for ABP and ICP
artifact removal rates of 97.0% and 94.1%, respectively as well as the highest sensitivity for ABP and ICP at
97.3% and 96.2%, respectively (indicating it had the lowest number of artifacts misclassified).

Taco et al presented a methodology performing multi-modal data cleaning of ICP, ABP and ECG signals
(ICP/ABP sampled at 125 Hz, ECG down sampled from 500 to 125 Hz) (2022). The proposed method used
information from each bio-signal to conduct multivariate data cleaning based on different patterns
identified. The NN-based methodologies that were discussed for this application included a CNN-model,
long short-term memory (LSTM) model, bidirectional LSTM (both of which are recurrent NN models), and
a transformer model (self-attention-based NN). Each of these NN models were used to try to identify
artifacts in multivariate data in time domain, frequency domain (using Fourier transformation (FT)) and
time–frequency domain (also through FT). Datasets were collected from 39 TBI patients and were stratified
for cross-validation (Taco et al 2022). It was indicated that the CNN and LSTMmethods were the most
robust. The CNNmodel had a 92.22% accuracy in the frequency domain and the LSTMmodel had a 94.81%
accuracy in the time domain. CNN was by far the most computationally efficient (GPU time of 7 min 24 s
and 7 min 3 s in the time and frequency domains, respectively, while all others were over 1 h); however,
LSTM was slightly more accurate. As such, the most advantageous method is dependent upon the
application (Taco et al 2022).

The model proposed by Mataczynski et al used a one-dimensional vector of the normalized ICP signal
samples as inputs to a NN, as such, this method involved first using a pulse detection algorithm to segment
the data (Bishop and Ercole 2018, Mataczynski et al 2022) followed by cubic resampling and pulse scaling
(Mataczynski et al 2022). The raw data was sampled from 50 neuro-ICU patients (39 TBI and 11 SAH). This
article presented the performance of several NN-based models that were used for signal pulse classification.
The classification of the pulses was in five categories: ‘normal’, ‘possibly pathological’, ‘likely pathological’,
‘pathological’, and ‘artifact/error’. Some of the methods presented used ICP signals exclusively, while some
had inputs of both ICP and ABP. The models compared included three 1-D residual neural networks
(ResNet) (dual channel ABP and ICP, single channel ICP, and Siamese feature extractors), LSTM fully CNN
(LSTM-FCN), fully connected NN (used as baseline), and an adapted version of that presented by Lee et al
(2020), Mataczynski et al (2022). The presented advantage of ResNets was the use of residual connections
between its layers for better error propagation (Mataczynski et al 2022). The efficacy of these NN-based
methods was measured using ‘strict’ and ‘best’ accuracy based on the classes used. ‘Best accuracy’ accounted
for a segment of data possibly being included in one classification based on uncertainty in the manual
classification. The ResNet based method and the SCAE-CNN proposed by Lee et al (2020) performed
similarly in training and validation; however, the ResNet based methods performed decidedly better on the
test set of randomly selected 650 pulses. The single channel ResNet, performed the best in metrics of ‘best
accuracy’ and ‘strict accuracy’ with results of 86.00% and 81.85%, respectively, compared to the adapted Lee
et almethod with 68.00% and 64.62%, respectively. The results of this study indicate that the method
presented by Lee et al (2020) performs significantly worse than the Mataczynski et al (2022) methods;
however, this is a poor comparison as the Mataczynski et al (2022) methods were those intended to classify
five types of signal pulses whereas the Lee et al (2020) method was designed to solely classify pulses as
artifactual or valid.

The results of each of these articles identify a variation of a CNN as an effective and efficient method for
NN-based artifact removal due to its reduced CT and ability to easily extract morphological features from
the ICP signals (Lee et al 2020, Mataczynski et al 2022, Taco et al 2022).

Huo et al presented two processing pipelines that leveraged machine learning techniques for
implementation (2024). The methods that were presented used features extracted from the ICP signals to
determine the onset of artifacts. The features extracted included summary statistics, entropy, root mean sum
of squared distance, frequency domain features, and power spectra amongst others for a total of 94 features.
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There were two preprocessing methods employed. The first of these methods used quantile transformation,
principal component analysis (PCA), and performed hyperparameter optimization using a grid search
approach. The second used a combined algorithm of sequential feature selection (SFS) and hyperparameter
optimization. These two preprocessing methods were each combined with two estimators, histogram-based
gradient boosting (HGB) and ETs. The cross-validation and validation of these models used data sampled
from EVD in multi-center (40 Zurich and 20 Berlin) patients with varying Glasgow Coma Scales. This
method was intended to label data segments as normal, artifactual, or corresponding to a drainage. It
discarded the portions of signals that were identified as invalid. The performance of these models was
measured using one-versus-rest (OvR) AUC-ROC and the area under the precision–recall curve (AUPRC)
using a nested 5-fold cross-validation as well as for a labeled external dataset. The dataset was manually
annotated by an expert for validation. Cross-validation indicated that the PCA preprocessing method
outperformed the SFS, as the PCA & HGB method yielded the highest average OvR AUC-ROC and AUPRC
values of 0.945 (95% confidence interval (CI): 0.92–0.969) and 0.692 (95% CI: 0.453–0.93), respectively
(Huo et al 2024). A limitation of this method is that it classifies artifacts only after the single pulse waveform
has been detected. Single pulses are not always present for every artifact (Huo et al 2024).

Rajagopal et al presented a single subspace decomposition tracking-based method designed to remove
noise. This author defines ‘egregious noise’ as signal segments that can be introduced by electronic
equipment, electrode transients, and patient motion as well as sensor displacement (defined in this paper as
‘low frequency artifacts’). It was indicated that this algorithm was capable of removing spikes in signal
deviation; however, it was validated on signals contaminated with additive white Gaussian noise and Poisson
noise (2016)

An algorithm was to used extract ICP pulses from each signal using the ECG QRS wave to segment the
pulse onsets as described by Choi et al (2010), Rajagopal et al (2016). The pulses were decomposed into three
variables to describe normalized pulsatile information (length and amplitude), mean amplitude, and width
of the pulse from onset to the elevation plateau (referred to as ‘starting time-index’) (Rajagopal et al 2016).
An idealized signal (‘ground truth’) was created using clustering based on relative time-index information
while preserving morpho-temporal locality to be used to evaluate the reconstruction accuracy of the
algorithm. The initial signal was stored as reference data.

A subspace that could consistently project morphologically similar input samples was defined using
SR-KDA. SR-KDA has integrated optimal graph embedding such that subspace similarities are also graphical
similarities between input pulses. During learning, the subspace considers the mean amplitude and starting
time-index information. The tracking framework is reliant upon the assumption that consecutive ICP pulses
should have relatively similar morphologies. This is referred to as the RajagopalScalzo01 (RS01) algorithm
and it functions by projecting pulses onto the subspace where sequential tracking is used to predict the
locations of the successive samples in the subspace using k-nearest neighbor regression. Using the estimation
of the successive signal morphology, the algorithm can detect artifacts in the signal. In the presence of
artifacts, this algorithm will use graph searching to find similar pulses to estimate its morphology with the
artifacts removed using reference data.

The RS01 algorithm was compared to three LPF generic kernels: LPF1, LPF2, and LPF3 (corresponding
to variances of 5%, 10%, and 20% of normalized ICP amplitude). This algorithm was tested using the
ground truth ICP data sampled from 25 TBI patients simultaneously with ECG (both at 400 Hz) that had
additive white Gaussian noise and Poisson noise. The signal-to-noise ratio (SNR) was calculated between the
noisy signal and the cleaned signal. The RS01 filter performed the best when the additive white Gaussian
noise variances were 15%, 25%, and 35% (SNR= 25.8013, 25.5826, 25.8380, respectively) and when the
Poisson noise variance was 25% and 35% (SNR= 25.8184, 25.9031, respectively). LPF1 performed between
the other algorithms when the white Gaussian noise variance was 5% (SNR= 38.3530) and Poisson noise
was 5% and 15% (SNR= 41.0770, and 26.2788, respectively). The RS01 seems to function well when noise is
of high variance, and not as well when the noise is smaller (Rajagopal et al 2016).

3.2.3. Filter-based methods
Average filtering is a tool that can be used to reduce noise and artifacts while remaining simple, as such, it is
particularly advantageous for online applications due to its minimal computational requirements (Feng et al
2012). There was a single method that leveraged this methodology for ICP artifact identification. Feng et al
presented a median filter-based method to extract the trend from the non-stationary ICP signal and use it to
determine the artifacts within the signal. The trend component (T(n)) of the k-order median filter was the
median value based on a window of k time-series data points (X(n)). The optimal number for k was
determined to be 50. The residual component (R(n)) was calculated R(n)= X(n)− T(n) as it was deemed an
indicator for artifacts in the ICP signal. The MAD filter previously discussed in section 3.1 was used to
determine whether a segment was artifactual or normal. The results for this particular method were
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GMSE = 24.6%, GRAE = 10.2%, GFER = 6.6%, and CT= 24 s (Feng et al 2012). This indicates similar
performance in GMSE, GRAE, and GFER to the EMD-based method while exhibiting dramatically better
computational efficiency. An auto-regressive integrated moving average (ARIMA) model was used to remove
the identified artifacts (Feng et al 2012). This filter-based method identifies artifacts with sound efficiency
and high accuracy.

3.2.4. Wavelet-based methods
There are two articles that present methods using wavelet transformations for artifact management, they
each employ a different type of wavelet transformation (Feng et al 2012, Megjhani et al 2023). The method
proposed by Megjhani et al utilizes a continuous wavelet transformation (CWT) (equation (2)) to
decompose a time-series signal into wavelet coefficients in the time–frequency domain (2023),

W(τ, s) =

∞̂

−∞

x(t) ∗ψ ∗
(
t− τ

s

)
dt (2)

whereW(τ, s) denotes the wavelet coefficients, t denotes time, x(t) denotes the input ICP signal, ψ ∗ denotes
the complex conjugate of the mother wavelet function, τ denotes translation of the wavelet, and s is the
dilation of the mother wavelet (Megjhani et al 2023). The mother wavelet used in the Megjhani et almethod
is the Morlet wavelet is displayed in equation (3) (2023). It is a sine wave multiplied by a Gaussian,

ψ (t) =
1√
π ∗ fb

∗ ej2π fct ∗ e
(
− t2

fb

)
. (3)

The parameter fc denotes the center frequency of the wavelet, fb denotes the bandwidth of the wavelet,
and were both chosen as 1 for this application (Megjhani et al 2023). Additionally, the synchrosqueeze
transform (SST) was used to sharpen the time–frequency domain signal. Artifact removal was conducted on
EVD-based ICP data (240 Hz) sampled from 229 patients with SAH (125 female/104 male, 62 developed
delayed cerebral ischemia). A continuous Morlet wavelet transformation was performed on the recorded ICP
signals. The resulting CWT coefficients were squared to obtain signal power. The magnitude of the signal
power between 0.33 and 4.16 Hz was used to determine when the signal was valid. Further, Otsu
thresholding was used to determine whether the signal was true ICP data by using binary classification for
the foreground and background (noise/artifacts) (Xu et al 2011, Megjhani et al 2023). As this method was
developed for EVD ICP data, it was not noted how it might perform when data was recorded using
intraparenchymal microsensors. This method was validated using one-hour segments that were randomly
selected to be manually annotated by two experts. The algorithm had a success rate of 86.0% (8.2% poor
segmentation or missed segmentation of artifacts, 5.4% FPs).

The second wavelet-based method presented by Feng et al used the Haar wavelet basis function to detect
any rapid changes in ICP signal magnitude (2012). The absolute values of the wavelet coefficients (energy)
across the frequencies at a particular time instance are aggregated as artifacts have a detectable impulse in
this energy. The first derivative of the aggregated energy signal is filtered using the MAD filter to disseminate
the normal signal from artifacts. The results for this method were GMSE = 21.8%, GRAE = 5.4%,
GFER = 8.0%, and CT= 57 s. As such, when it was compared to the EMD-based and median filter-based
methods, it performed worse than both in GMSE, GRAE, and GFER and was only better than the EMD-based
method in computational efficiency. A major limitation of this method that was noted is the selection of the
basis function (Haar wavelet parameters), which highly impactful on its performance; however, there was no
indication of how to select them when the method is applied.

3.2.5. Artifact removal methods
The aforementioned sections detail the methods that have been developed to identify artifactual segments of
ICP data. Artifactual segments can be removed by directly removing the data points from the data stream;
however, a more robust methodology would retain information regarding the underlying signal despite the
initial presence of artifacts (Feng et al 2011). Feng et al developed two EMD-based methods for artifact
detection that also used an auto-regressive moving average (ARMA) method (2011) and an ARIMA (Feng
et al 2012) method to maintain the integrity of the ICP signal despite removing artifacts as opposed to
removing the data altogether. The subspace tracking-based model developed by Rajagopal et al uses inverse
mapping to produce a denoised signal after it has been projected onto the subspace and the coordinates of
the successive samples have been estimated (2016).

Several articles included in this review either did not make direct mention to how artifacts would be
removed following identification or suggested that the artifactual segments simply be discarded. An example
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of this is the wavelet-based methodology presented by Megjhani et al (2023). This article does present an
artifact removal method, however, in the presence of noise or artifacts, the data segment is simply removed.
While simply identifying and removing artifactual segments remains valuable, in instances where the
underlying signal can be maintained or when missing data points can be interpolated using temporal
forecasting tools, it is extremely valuable for the utility of the dataset. Discarding segments of signals is
inevitable in cases of some egregious artifacts where it is not possible to maintain the underlying signal. As
seen in the example provided in figure 2, the ICP signal measured is unusable and will need to be removed
entirely.

4. Discussion

This systematic review provides a detailed overview of the current landscape of artifact identification and
removal for ICP full-waveform signals. In this review evaluating the performance and utility of 20 artifact
identification/removal methods, a meta-analytical approach to the comparison of the results of this
systematic review proved difficult due to the heterogeneity of several aspects of each study included.

There were nine methods presented in section 3.1 that were designed to identify certain features of valid
ICP waveforms. While not directly identifying artifacts, these methodologies could be potentially applicable
in this domain. The MOCAIP algorithm presented by Hu et al was the basis of many of these algorithms as
they aimed to improve upon identified weaknesses in its performance (2009). As such, the effectiveness in
the performance of some presented algorithms was internally compared to that of the MOCAIP algorithm
(Asgari et al 2009, Scalzo et al 2010). The comparison of the effectiveness of each method between articles
was difficult due to the varying metrics used, data sampling rates, pathological states of the patient
populations examined, and ICP monitoring devices used. It remained difficult to identify a leading method
for valid signal identification. The method presented by Megjhani et al indicated promising results as
described in section 3.1.2; however, it had only been developed using a small dataset (n= 34) on ICP signals
that had been recorded using an EVD system (2019).

There were five articles presenting NN-based and machine learning-based methods that reported some
of the most robust analysis and encouraging artifact removal results in this review. Three articles presented
in-depth comparisons of several NN-based methodologies and indicated that the use of CNN methods (or
CNN variations) had the best performance in artifact identification and removal (Lee et al 2020, Mataczynski
et al 2022, Taco et al 2022). The most recently published of these articles by Mataczynski et al (2022) included
the CNNmethod presented by Lee et al (2020) in its comparison of how well different methods could classify
ICP signal segments as ‘normal’, ‘possibly pathological’, ‘pathological’ or ‘artifact/error’. These results
indicated that the ResNet (CNN variation) had superior performance to the method proposed by Lee et al
(2020), indicating that the use of residual connections to minimize error propagation in the CNN framework
is beneficial in improving classification accuracy. However, it should be noted that, in this work, the method
presented by Lee et al was extended as it was initially designed to only label signal segments as artifactual or
valid. Additionally, the machine learning-based method presented by Rajagopal et al (2016) indicated strong
results evaluated using SNR in the presence of white Gaussian and Poisson noise. The other machine
learning-based method, the most successful of which was the PCA & HGB method presented by Huo et al
(2024), also performed well in differentiating artifacts from valid signals as indicated by metrics of
AUC-ROC and AUPRC.

Another notable method presented was a filter-based method. This methodology was presented by Feng
et al (2012). It was a median filter coupled with a MAD filter, respectively. A comparison was conducted by
Feng et al between a median filter-based method, EMD-based method, and a wavelet-based method (Feng
et al 2012). The median filter-based method performed equal or better than the other methods by metrics of
MSE, RAE, and FER but had the best computational efficiency.

4.1. Limitations of literature
There are several pertinent limitations to the literature examined in this review that made it difficult to
elucidate a leading method in artifact management for ICP signals. There was vast heterogeneity in the
metrics used to describe the effectiveness of each method, sensor types used for data recording, and patient
pathology considered in these articles presenting novel artifact management methods.

In the current literature, there was inadequate consideration of the impact of variance in
pathophysiological health on the effectiveness of a particular method in removing artifacts. The work
presented by Mataczynski et al indicated that there was a significant difference in best accuracy and strict
accuracy in the test set and the validation set, which corresponded to different neuropathophysiological
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states (2022). In a comparison of several NN-based models, each model had been developed using training
data sampled from TBI patients. Testing and validation were conducted using SAH (n= 650 pulses) and TBI
patients (n= 6812 pulses), respectively. The results of the most successful method (single-channel ResNet)
indicated a best and strict accuracy in the test set (SAH data) were 86.00% and 81.85%, respectively, and
these same metrics in the validation set (TBI data) were 95.17% and 92.95%, respectively. This indicates that
there needs to be one of two paths forward: (1) external validation using data from patients with varying
pathology for a method extended to a broad range of patients or (2) the scope of patients for which a
particular artifact management tool should be used should be clearly defined. There were no other articles
that applied methodologies to patient sets with different neurological health than those used for training the
methods. This is of specific importance for methods that use specific thresholds or ICP pulse templates to
differentiate valid ICP pulses from artifacts. In instances of cerebral pathological processes or surgical
interventions like decompressive craniectomy, the magnitude and morphology can change dramatically
which can affect the accuracy of the analysis of the signal.

There were a variety of different sensor types that were used for data collection for each article which
could have resulted in different artifact morphologies being present. Similarly to instances of specific
neuropathology or surgical interventions, the development of an algorithm using a particular sensor type
may affect its ability to identify or remove all signal artifacts if measured using a different sensor. An example
of this is drainage artifacts present in EVD recordings that are absent from other sensor types. There were no
instances in which the change in effectiveness of a method was noted when it was extended to an ICP signal
recorded using a different device.

Tables 1 and 3 depict the artifact types for which each algorithm was developed. There were very few
articles in which artifact types were specified. Four methods were explicitly stated to have been designed with
the capability to consider both high and low frequency artifacts (Asgari et al 2009, Lee et al 2020), three that
were stated to consider high frequency artifacts (Feng et al 2011, 2012, Martinez-Tejada et al 2021), two
methods capable of removing EVD specific artifacts corresponding to being unclamped or drainages
occurring (Megjhani et al 2023, Huo et al 2024), and a single method dedicated to removing signal noise
(Rajagopal et al 2016). It is essential that an automated method for adequately cleaning ICP signals be
capable of removing all artifact types, as such, vague descriptions of different artifact categories are not
sufficient. Empirical definitions of artifacts that can be identified or removed by each method are essential
for a more robust comparison like those depicted in the Dai et al narrative review (2020).

As discussed in section 3.2.5, only a few articles included in this review that provided any information
regarding a methodology to remove artifacts while maintaining the structure of the signal. The outright
removal of segments of the signal containing artifacts will significantly diminish the utility of the signal.

There has been inadequate external validation conducted on the artifact management methods that have
been developed thus far. There were four articles that presented methods that had been externally validated
on other datasets; however, only one article used external data from a patient with a different neuropathology.
As discussed, there are so many variables that can be overlooked in artifact identification if the datasets on
which these algorithms are trained and validated do not adequately encapsulate the scope in which it will
eventually be used. Without robust external validation, each artifact management method developed should
only be used for data from the patient type, sensor type, and artifact type for which it was initially designed.

There were several articles that mentioned the real-time implementation of artifact identification
methodologies; however, there were few articles that either directly stated that real-time application had been
conducted (Rajagopal et al 2016, Mataczynski et al 2022) or provided data indicating it was possible (Huo
et al 2024). More research in the real-time implementation of artifact management is necessary.

The use of auxiliary signals like ECG or ABP to detect the onset of signals was present in seven methods
included in this review. Auxiliary signal use can present a barrier to widespread implementation of a
particular method. The use of ECG and ABP simultaneously recorded does not present as significant of a
barrier due to the prevalence of these bio-signals in ICU recording.

4.2. Limitations of review
There were limitations associated with the scope of this review. Only English studies were included, as such,
there was a language bias present. There was only literature included that had been published prior to 19
June, 2024, which could have led to recently published articles being missed. There were articles that were
included that did not directly identify artifacts but identified valid ICP signals and there were no criteria
included in the initial search string for these specific article types. As such, there could have been valid ICP
detection algorithms that were missed in this search. Additionally, due to the heterogeneity of the study
types, there may have been inadequate conclusions made in comparing articles due to a lack of sufficient
information for a meta-analysis.
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4.3. Future recommendations
There is extensive work that must be done prior to the real-time implementation of artifact management in
ICP signals. External validation using more diverse datasets must be conducted to improve understanding of
the variability in ICP and their artifacts in the context of differing recording methodologies and
neuropathology health. This knowledge base is critical as it determines the scope of implementation of a
particular method. A better-defined scope of the capabilities of an artifact management method using better
defined dataset criteria, effectiveness metrics, and empirical definitions of artifacts in ICP signals will allow
for a far more robust comparison of artifact management tools in this application. Work must also be done
to consider the removal of artifacts while maintaining the structure of the signal such that, in the cases of less
egregious artifacts, the signal can remain useful despite its raw form having artifacts present.

Several different techniques that have been explored as options for artifact management; however,
without a robust comparison of the models using consistent effectiveness metrics and artifact definitions, it
remains nebulous as to which method type is the most advantageous. Both ML-based and filter-based
methods have provided encouraging results, but more work should be done with more diverse and larger
datasets to obtain greater certainty. Ultimately, a sequential approach applying several methodologies may be
required to adequately remove the diverse artifacts present in ICP signals.

Future work that will be conducted in this lab will involve the development of a methodology that
employs several signal analysis techniques, many of which were discussed in this review. This layered
approach will involve the following:

1. Threshold-based methods—will be used to detect extraneous data points as well as signal drift based on
the expected magnitude of signals.

2. Time-series autoregression-based methods—will be used to detect large magnitude spikes common in
high frequency artifacts that occur during patient motion.

3. Wavelet or FT-based methods—the transformation of the time-series ICP into the time–frequency or
frequency domains will allow for the detection of artifacts in the oscillatory behavior of ICP data.

4. Waveform morphology detection-based methods—a catalog will be developed based on high frequency
data such that complex morphological artifacts can be identified using their morphological structure like
those that have been based off the Hu et almorphological clustering and analysis of ICP algorithm (Hu
et al 2009), which has been the basis for several morphology-based signal detection algorithms for ICP
signals (Asgari et al 2009, Scalzo et al 2010, 2012).

All these techniques will be applied using recursive and CNNs and will be merged into a single
autonomous artifact management pipeline using machine learning techniques. In the presence of different
artifact types, specifically those that are high frequency, different methodologies will be investigated to
maintain the underlying signal. Methodologies such as ARMA models (Feng et al 2011) and ARIMA models
(Feng et al 2012) have been employed for ICP signals specifically; however, work must still be conducted in
this domain to explore the applicability of more complex statistical models such as dynamic regression,
k-nearest neighbors, or other methods of interpolation of adjacent points.

In future works, it would be beneficial to develop a more detailed library of different erroneous pulse
types based on their origin (subject motion, device disconnection, coughing, etc); however, this would
require some kind of real-time annotation of the ICP signals which was not available during the collection of
the data included in the presented examples.

5. Conclusion

A search was conducted across five databases to examine the current literature on artifact management
methods for ICP signals. This search yielded methods of two categories: (1) valid ICP pulse detection
algorithms, (2) ICP artifact identification and removal methods. This is a thorough review of existing ICP
artifact management methods. However, several factors make it premature to identify a single leading
method. These factors include different metrics of effectiveness as well as varying artifacts present based on
patient neuropathology and sensor types. Future work is necessary, particularly in real-time model
applications, to better understand the impacts of these factors on the effectiveness of different leading
methods and method types. This work is critical as it is a foundational step to build towards improving
understanding of high temporal relationships within cerebral physiology.
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Appendix A

Table A1. PRISMA ScR checklist.

Section and Topic Item # Checklist item
Location where item
is reported

Title

Title 1 Identify the report as a systematic review. Pg 1

Abstract

Abstract 2 See the PRISMA 2020 for Abstracts checklist. Pg 1

Introduction

Rationale 3 Describe the rationale for the review in the
context of existing knowledge.

Pg 3–4 (section 1)

Objectives 4 Provide an explicit statement of the objective(s)
or question(s) the review addresses.

Pg 4 (section 1)

Methods

Eligibility criteria 5 Specify the inclusion and exclusion criteria for the
review and how studies were grouped for the
syntheses.

Pg 4 (section 2.2)

Information sources 6 Specify all databases, registers, websites,
organizations, reference lists and other sources
searched or consulted to identify studies. Specify
the date when each source was last searched or
consulted.

Pg 4 (section 2.3)

Search strategy 7 Present the full search strategies for all databases,
registers and websites, including any filters and
limits used.

Pg 4 (section 2.3)
+ Appendix B (Pg 24)

Selection process 8 Specify the methods used to decide whether a
study met the inclusion criteria of the review,
including how many reviewers screened each
record and each report retrieved, whether they
worked independently, and if applicable, details
of automation tools used in the process.

Pg 4 (section 2.4)

Data collection process 9 Specify the methods used to collect data from
reports, including how many reviewers collected
data from each report, whether they worked
independently, any processes for obtaining or
confirming data from study investigators, and if
applicable, details of automation tools used in the
process.

Pg 4–5 (section 2.5)

Data items 10a List and define all outcomes for which data were
sought. Specify whether all results that were
compatible with each outcome domain in each
study were sought (e.g. for all measures, time
points, analyses), and if not, the methods used to
decide which results to collect.

Pg 4–5 (section 2.5)

10b List and define all other variables for which data
were sought (e.g. participant and intervention
characteristics, funding sources). Describe any
assumptions made about any missing or unclear
information.

N/A

(Continued.)
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Table A1. (Continued.)

Section and Topic Item # Checklist item
Location where item
is reported

Study risk of bias
assessment

11 Specify the methods used to assess risk of bias in
the included studies, including details of the
tool(s) used, how many reviewers assessed each
study and whether they worked independently,
and if applicable, details of automation tools used
in the process.

All articles published
in academic journals,
as such, biases were
assumed to have been
screened

Effect measures 12 Specify for each outcome the effect measure(s)
(e.g. risk ratio, mean difference) used in the
synthesis or presentation of results.

N/A

Synthesis methods 13a Describe the processes used to decide which
studies were eligible for each synthesis (e.g.
tabulating the study intervention characteristics
and comparing against the planned groups for
each synthesis (item #5)).

N/A

13b Describe any methods required to prepare the
data for presentation or synthesis, such as
handling of missing summary statistics, or data
conversions.

N/A

13c Describe any methods used to tabulate or visually
display results of individual studies and syntheses.

All data items for
each method were
tabulated and are
included in
appendices C
(tables C1–C6)

13d Describe any methods used to synthesize results
and provide a rationale for the choice(s). If
meta-analysis was performed, describe the
model(s), method(s) to identify the presence and
extent of statistical heterogeneity, and software
package(s) used.

N/A

13e Describe any methods used to explore possible
causes of heterogeneity among study results (e.g.
subgroup analysis, meta-regression).

N/A

13f Describe any sensitivity analyses conducted to
assess robustness of the synthesized results.

N/A

Reporting bias assessment 14 Describe any methods used to assess risk of bias
due to missing results in a synthesis (arising from
reporting biases).

Pg. 18 (section 4.2)

Certainty assessment 15 Describe any methods used to assess certainty (or
confidence) in the body of evidence for an
outcome.

N/A

Results

Study selection 16a Describe the results of the search and selection
process, from the number of records identified in
the search to the number of studies included in
the review, ideally using a flow diagram.

Pg 5–6 (section 3)

16b Cite studies that might appear to meet the
inclusion criteria, but which were excluded, and
explain why they were excluded.

Pg 5 (section 3)

Study characteristics 17 Cite each included study and present its
characteristics.

Pg 5–17 (sections 3.1
and 3.2)

Risk of bias in studies 18 Present assessments of risk of bias for each
included study.

All articles published
in academic journals,
as such, biases were
assumed to have been
screened

(Continued.)
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Table A1. (Continued.)

Results of individual
studies

19 For all outcomes, present, for each study: (a)
summary statistics for each group (where
appropriate) and (b) an effect estimate and its
precision (e.g. confidence/credible interval),
ideally using structured tables or plots.

Pg 5–17 (sections 3.1
and 3.2)

Results of syntheses 20a For each synthesis, briefly summarize the
characteristics and risk of bias among
contributing studies.

All articles published
in academic journals,
as such, biases were
assumed to have been
screened

20b Present results of all statistical syntheses
conducted. If meta-analysis was done, present for
each the summary estimate and its precision (e.g.
confidence/credible interval) and measures of
statistical heterogeneity. If comparing groups,
describe the direction of the effect.

No statistical
synthesis conducted

20c Present results of all investigations of possible
causes of heterogeneity among study results.

Pg 5–17(sections 3.1
and 3.2)

20d Present results of all sensitivity analyses
conducted to assess the robustness of the
synthesized results.

Pg 5–17 (sections 3.1
and 3.2)

Reporting biases 21 Present assessments of risk of bias due to missing
results (arising from reporting biases) for each
synthesis assessed.

Pg 18 (section 4.2)

Certainty of evidence 22 Present assessments of certainty (or confidence)
in the body of evidence for each outcome
assessed.

N/A

DISCUSSION

Discussion 23a Provide a general interpretation of the results in
the context of other evidence.

Pg 17 (section 4)

23b Discuss any limitations of the evidence included
in the review.

Pg 17–18 (section 4.1)

23c Discuss any limitations of the review processes
used.

Pg 18 (section 4.2)

23d Discuss implications of the results for practice,
policy, and future research.

Pg 18–19 (section 4.3)

OTHER INFORMATION

Registration and protocol 24a Provide registration information for the review,
including register name and registration number,
or state that the review was not registered.

Review was not
registered

24b Indicate where the review protocol can be
accessed, or state that a protocol was not
prepared.

Protocol not prepared

24c Describe and explain any amendments to
information provided at registration or in the
protocol.

N/A

Support 25 Describe sources of financial or non-financial
support for the review, and the role of the funders
or sponsors in the review.

Pg 20 (Funding)

Competing interests 26 Declare any competing interests of review
authors.

Pg 20 (Conflicts of
interest)

Availability of data, code
and other materials

27 Report which of the following are publicly
available and where they can be found: template
data collection forms; data extracted from
included studies; data used for all analyses;
analytic code; any other materials used in the
review.

N/A

23



Physiol. Meas. 45 (2024) 12TR01 T Bergmann et al

Appendix B

The detailed strings of keywords that were used as search parameters in BIOSIS, SCOPUS, EMBASE,
PubMed, and Cochrane Database were:

‘Intracranial pressure’ OR ‘ICP’ OR ‘Intracranial Pressures’ OR ‘Pressure, Intracranial’ ‘Pressures,
Intracranial’ OR ‘Intercranial pressure’ OR ‘Intercranial Pressures’ OR ‘Pressure, Intercranial’ OR ‘Pressures,
Intercranial’ OR ‘Cranial pressure’ OR ‘Cranial Pressures’ OR ‘Pressure, Cranial’ OR ‘Pressures, Cranial’ OR
‘Subarachnoid Pressure’ OR ‘Pressures, Subarachnoid’ OR ‘Pressure, Subarachnoid’ OR ‘Subarachnoid
Pressures’ OR ‘Intracranial hypertension’ OR ‘IH’ OR ‘Hypertension, Intracranial’ OR ‘Intracranial
hypotension’ OR ‘Hypotension, intracranial’ OR ‘Intercranial hypertension’ OR ‘Hypertension, intercranial’
OR ‘Intercranial hypotension’ OR ‘Hypotension, intercranial’ OR ‘Cranial hypertension’ OR ‘Hypertension,
cranial’ OR ‘Cranial hypotension’ OR ‘Hypotension, cranial’ OR ‘Subarachnoid hypertension’ OR
‘Hypertension, cranial’ OR ‘Subarachnoid hypotension’ OR ‘Subarachnoid, cranial’

AND

‘Artifact management techniques’ OR ‘Artefact management techniques’ OR ‘Artifact management’ OR
‘Artefact management’ OR ‘Artifact removal method’ OR ‘Artefact removal method’ OR ‘Artifact removal’
OR ‘Artefact removal’ OR ‘Artifact management system’ OR ‘Artefact management system’ OR ‘Artifact
removal technique’ OR ‘Artefact removal technique’ OR ‘Error management’ OR ‘Error removal’ OR ‘Error
management method’ OR ‘Error removal method’ OR ‘Error management technique’ OR ‘Error removal
technique’ OR ‘Error management system’ OR ‘Error removal system’ OR ‘error’ OR ‘artifact’ OR ‘artefact’
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.
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p
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re
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p
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ra
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re
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=
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±
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+
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p
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e
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ac
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.
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u
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at
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at
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at
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m
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h
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n
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at
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e
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e
is
co
n
st
ru
ct
ed

u
si
n
g
re
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h
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e
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ac
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at
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at
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re
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ac
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.
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e
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at
is
ti
c

4.
O
n
se
t
id
en
ti
fi
ed

on
ce

si
m
ila
ri
ty
re
ac
h
es
a
pa
rt
ic
u
la
r

th
re
sh
ol
d.
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at
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h
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h
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u
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w
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h
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=
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=
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ra
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=
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re
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=
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ra
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=
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ra
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=
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ra
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=
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=
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=
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re
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=

n
eg
at
iv
e
pr
ed
ic
ti
ve

va
lu
e,
PA

U
C
=
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=
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=
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al
re
gr
es
si
on

di
sc
ri
m
in
an
t
an
al
ys
is
,S
R
-K
D
A
=

ke
rn
el
sp
ec
tr
al
re
gr
es
si
on

,T
B
=

th
re
sh
ol
d-
ba
se
d
si
n
gl
e
w
av
e
cr
it
er
ia
,T

P
R
=

tr
u
e

po
si
ti
ve

ra
te
,W

D
=

w
av
ef
or
m

de
sc
ri
pt
or
,χ

2
=

ch
i-
sq
u
ar
ed

te
st
.

33



Physiol. Meas. 45 (2024) 12TR01 T Bergmann et al

Ta
bl
e
C
3.
E
m
pi
ri
ca
lm

od
e
de
co
m
po

si
ti
on

-b
as
ed
.

R
ef
er
en
ce

Su
bj
ec
t

in
fo
rm

at
io
n

D
at
a
ty
p
e

(s
am

pl
in
g
ra
te
)

Se
n
so
r
lo
ca
ti
on

A
rt
if
ac
t
re
m
ov
al
m
et
h
od

(s
)
u
se
d

M
et
h
od

s
co
m
pa
re
d

E
ff
ec
ti
ve
n
es
s

St
u
dy

re
su
lt
s

an
d
co
n
cl
u
si
on

s
Li
m
it
at
io
n
s

Fe
n
g
et
al
(2
01
1)

59
pa
ti
en
ts

ad
m
it
te
d
to

n
eu
ro

IC
U

co
n
ti
n
u
ou

sl
y

m
on

it
or
ed

fo
r

24
h
(a
vg
.

20
3.
5
h
),
ag
e

de
m
og
ra
ph

ic
n
ot

in
di
ca
te
d

IC
P

Se
n
so
r
ty
p
e
an
d

lo
ca
ti
on

n
ot

in
di
ca
te
d

A
rt
if
ac
t
de
te
ct
io
n
:u
se
s
em

pi
ri
ca
lm

od
e

de
co
m
po

si
ti
on

pr
io
r
to

co
n
du

ct
in
g

fi
lt
er
in
g
to

im
pr
ov
e
it
s
ef
fi
ca
cy

as
IC
P

si
gn
al
s
ar
e
n
on

-s
ta
ti
on

ar
y.
E
M
D

de
co
m
po

se
s
si
gn
al
in
to

16
IM

Fs
.(
IM

Fs
de
sc
ri
be

u
n
iq
u
e
m
od

es
of

os
ci
lla
ti
on

s
of

th
e
si
gn
al
).
A
ft
er
w
ar
ds
,t
h
e
IM

Fs
ar
e

fi
lt
er
ed

u
si
n
g
a
3σ

fi
lt
er
,a
ny
th
in
g
ou

ts
id
e

of
th
es
e
fi
lt
er
s
is
co
n
si
de
re
d
an

ar
ti
fa
ct
s.

It
er
at
io
n
s
ar
e
co
n
du

ct
ed

to
es
ti
m
at
e
th
e

w
id
th

an
d
ex
ac
t
lo
ca
ti
on

s
of

th
e

id
en
ti
fi
ed

ar
ti
fa
ct
s.

A
rt
if
ac
t
im

pu
ta
ti
on

:i
n
or
de
r
to

n
ot

lo
se

si
gn
if
ic
an
t
po

rt
io
n
s
of

da
ta
se
ts
—
im

pu
te

de
te
ct
ed

ar
ti
fa
ct
ep
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at
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w
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