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Abstract:
Background and aim: Chronic pain is a major healthcare

problem that affects one of every five adults in Europe.

Current diagnostic methods are suboptimal, and a variety

of methods have been tried to help diagnostics. We aim to

classify different chronic pain models in large animals using a

CNN-LSTM based on µECoG recordings from S1.

Methods and materials: In this study, we employed

16 Danish Landrace pigs to investigate the effects of high-

frequency stimulation (HFS) in inducing a temporary chronic

state and evoking long-term potentiation (LTP). Additionally,

some of the pigs underwent spared nerve injury (SNI) to

induce long-term chronic pain. Electrocorticography (ECoG)

recordings were conducted before and after the intervention,

with low-frequency stimulation (LFS) applied. The recorded

data were transformed using the continuous wavelet transform.

This spectrogram was utilized as input for a CNN-LSTM

neural network architecture, aiming to identify unique patterns

in the signal that could be correlated with specific pain model

groups (LTP, SNI, and control). The design of the model

focused on differentiating between these groups.

Results: An accuracy of 42.8% was achieved for the multiclass

model, and 52% for the binary model. Test results showed only

correct predictions for the control class for both models. The

validation accuracy was 63.9% and 84.0% for the multiclass

and binary models respectively. Model interpretability showed

differences between the location and patterns of feature

attribution from validation to test data.

Conclusion: The performance of the developed CNN-LSTM

model was found to be unsatisfactory for both multiclass and

binary classification tasks. To enhance its generalizability, it

is crucial to include a larger number of subjects, particularly

from the LTP and SNI groups. By incorporating a wider

range of inter-subject variance in the training process, it can

potentially improve the model’s performance and make it more

reliable for future use.

The content of the report is available for all, but publication (with source references) is only permitted in agreement

with the authors.
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Preface

This project was the Master’s thesis by group 10402 from February 2nd, 2023, to June 1st,

2023. It was completed as part of the Biomedical Engineering and Informatics program at

Aalborg University. The project was carried out under the guidance of Suzan Meijs and

Felipe Rettore Andreis.

Reading Guide

This project consists of a description of the problem field within classifying chronic pain

and with various methods, followed by a structured literature review and a description

of the experimental protocol from the data used in this project. It then details the data

management, initial inspection, preprocessing, and as well as the input image for the model.

The development process of the deep learning algorithm, specifically a CNN-LSTM, is then

presented, including the results from the classification of the data. The project ends with

a discussion and conclusion on the study.

The appendix of this project contains theoretical background on the two chronic pain

models and low frequency stimulation. This is followed by model interperability, the time

series results, and lastly the time plan for this project.

The project follows the Harvard citation method, with references mentioned by the last

name of the author followed by the year of publication. A full list of references is included

at the end of the project.

Aim

How can a CNN-LSTM architecture classify between chronic pain models based on ERP

signals from �ECoG recordings in S1?
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Problem Analysis 1
This chapter investigates the problem domain through the literature. The �rst two sections

explain di�erent types of pain and the problem of diagnosing pain. Afterward, di�erent

methods of diagnosing and evaluating pain will be explored. Lastly, the use of deep learning

as a diagnostic tool will be considered by discussing di�erent architectures.

1.1 General Pain

Pain is de�ned by the International Association for the Study of Pain (IASP) as: "An

unpleasant sensory and emotional experience associated with, or resembling that associated

with actual or potential tissue damage."[IASP, 2023b]. Pain can be categorized according

to its duration as either acute or chronic, or in terms of mechanisms, such as nociceptive,

in�ammatory, or neuropathic pain (NP). [Bennet, 2011; King et al., 2013]. Pain is however

not limited to physical pain, since psychological pain also occurs. This comes from

psychological stimuli, e.g. losing a loved one, just like physical pain manifests as a response

to noxious physical stimuli. [Mee et al., 2006]

1.1.1 Acute and Chronic Pain

Acute pain is short-term pain that happens suddenly with an intense or sharp feeling that

serves as an early warning system for the body. Therefore, pain plays an important role

in making the individual aware of impairment and responding appropriately. Response

includes withdrawal from the stimulus causing the pain, to avoid further impairment and

behaviors that reduce the e�ect of the impairment and facilitates recovery. Acute pain

often lasts a few minutes up to less than 6 months and ends when the underlying cause of

the pain has healed or been treated. [King et al., 2013; IASP, 2023a]

Chronic pain is persistent pain over 6 months or beyond the expected period of healing.

It is caused by damage to the tissue or nervous system that continues after the body has

recovered. The long-term component of chronic pain is not physiologically critical once

the injury has healed, but does inform animals or patients the location of the previously

injured area. Chronic pain can also spread to other areas than where the original injury �rst

occurred. Typical e�ects due to chronic pain are mood disorders, loss of sleep, emotional
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Group 10402 1. Problem Analysis

su�ering, and cognitive impairments. [Zhuo, 2011; Mouraux and Iannetti, 2018; Davis

et al., 2017]

Chronic pain can be further categorized into primary and secondary chronic pain. Primary

chronic pain is a type of pain that has persisted longer than 6 months and has had

signi�cant emotional distress and/or functional disability, with no other condition that

can account for the pain. Secondary chronic pain refers to the presence of pain that

arises as a result of an underlying disability, such as spinal cord injury, cancer, or multiple

sclerosis.[Nicholas et al., 2019; Ehde et al., 2003] The prevalence of chronic pain in European

adults is 19% of moderate to severe intensity. Furthermore, 21% of chronic pain patients

got diagnosed with depression, 56% were less able to sleep, and 32% were no longer able

to work outside of their homes. [Breivik et al., 2006]. Since pain has a major impact on

people's well-being, researchers try to develop novel treatments to reduce su�ering and

improve the quality of life for pain patients. [Mouraux and Iannetti, 2018]

1.1.2 Nociceptive and In�ammatory Pain

There are three main pain mechanisms, nociceptive, in�ammatory, and NP. Nociceptive

pain provides neural feedback from nociceptors in the skin, muscles, and joints, which

allows the central nervous system (CNS) to detect and avoid potentially damaging stimuli.

Nociceptive pain may persist due to tissue damage after surgery that does not restore

properly and as well as ongoing in�ammation. Nociceptive pain can also develop over

time, either in parallel or independent from acute in�ammation. [Finnerup et al., 2022;

Armstrong and Herr, 2019]

Nociceptors are branched-free nerve endings that detect heat, cold, mechanical force, or

chemical stimulation-induced pain. Primary a�erent nerves are typically classi�ed into

three types: A� , A� , and C-�bers, as seen in Table 1.1. [Armstrong and Herr, 2019; Bell,

2018]

Table 1.1. Classi�cation of primary a�erents by diameter, myelin, conduction velocity, and
sensory function. [Bell, 2018]

Classi�cation Diameter( �m ) Myelin Conduction velocity( m=s) Sensory function
A � 6�12 Yes >35 m/s Touch
A � 1�5 Thin 5�35 m/s `Fast' pain
C 0.2�1.5 No <2.0 m/s `Slow' pain

Most A� �bers are low-frequency mechanoreceptors that react to touch, pressure, or hair

movement but do not signal nociceptive stimuli. The nociceptors are divided into A� and

C-�bers. A � are medium-diameter myelinated a�erents responsible for fast pain. This

type of pain is also well-localized meaning that if a person stubs the toe, a sharp intense

sensation is focused speci�cally on the toe. A� have two subgroups, type I and type II,
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1.1. General Pain Aalborg University

where type I primarily is responsible for mechanical and chemical stimuli, whereas type II

primarily is responsible for thermal stimuli. C-�bers are unmyelinated slow pain �bers with

poor spatial localization. C-�bers carry information regarding mechanical, thermal and/or

chemical nociception, and become stimulated secondary to A� , and only if the painful

stimuli is persistent. Pain due to A� activation has been described as "pricking" pain,

while pain due to C-�bers activation is "dull" or "pressing" pain. Once the nociceptive

stimulus has been transduced it is transmitted to the central nervous system in the spinal

cord as trains of action potentials. The �rst synapse is in the dorsal horn of the spinal

cord, which is a site where the stimuli are processed and integrated. Projection cells cross

the midline (see Figure 1.1), up through the medulla to the thalamus, where the signal is

sent to the primary somatosensory cortex (S1). [Armstrong and Herr, 2019; Bell, 2018]

In�ammatory pain is a spontaneous hypersensitive pain in response to in�ammation and

tissue damage, e.g. a surgical wound or in�amed joint. To reduce further risk of damage

and promote recovery, the body heightens the sensitivity in the injured area. Normally,

most C-�bers have little to no spontaneous activity and are only activated by intense

physical stimuli. When an injury occurs, these terminals are sensitized, resulting in both

increased responsiveness to normal input and spontaneous activity. This can cause the

activity of moderate physical stimuli to an allodynic state of heightened sensitivity. [Woller

et al., 2017; Woolf et al., 2010]

3



Group 10402 1. Problem Analysis

Figure 1.1. Illustration of the pathway from peripheral stimuli, either non-nociceptive (orange)
or nociceptive (brown), to the primary somatosensory cortex

Source: [Kandel et al., 2021]
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1.2. Neuropathic Pain Aalborg University

1.2 Neuropathic Pain

NP is de�ned by IASP as "pain caused by a lesion or disease of the somatosensory nervous

system" [IASP, 2022]. Normally, pain is a warning about tissue damage signaled by

receptors and �bers from the periphery to the brain. When the pathway is damaged, the

immediate consequence is loss or reduction of function including pain. [Finnerup et al.,

2020].

Classic symptoms of NP are widespread pain not otherwise explainable, evidence of sensory

de�cit, burning pain, pain to light stroking of the skin, and attacks of pain without seeming

provocation. A challenging aspect of NP is that the liability for pain appears to be di�erent

from person to person, between males and females, from nerve to nerve, and with age. So

the same lesion can cause no pain for one individual, but for another, it can cause severe

pain. [Campbell and Meyer, 2006; Bennett, 2010] Due to the fact that NP can occur

at many di�erent locations of the body with speci�c changes, the primary focus will be

on peripheral lesions and what peripheral and central changes would arise. A starting

point for understanding NP is what happens with injury to non-neural tissue. Skin injury

produces ongoing pain, but also two types of hyperalgesia; primary and secondary. Primary

hyperalgesia occurs on the spot of the injury, and it is partly caused by the sensitization

of the primary a�erent nerves. This results in increased sensitivity to external stimuli e.g.

heat stimuli. Secondary hyperalgesia is located around the injured area, but not at the

site of the injury. Here there is an increased sensitivity to mechanical stimuli, but not heat

stimuli. This is due to sensitization in the central nervous system. Secondary hyperalgesia

is comparable to that seen in NP patients, where two types of mechanical hyperalgesia are

observed; pain to light-stroking stimuli which is known as allodynia, and increased level

of pain when exposed to punctate stimuli. NP can be developed immediately after the

injury or can have a delayed onset, typically no longer than 6 - 12 months. [Campbell and

Meyer, 2006; Bennett, 2010]

Some of the peripheral changes following the lesion is reduced thresholds in receptors by

pH changes. This can lead to a neuron constantly being partially or fully depolarized.

Therefore, the normal high-threshold neuron will �re with less intense stimuli. Another

peripheral change is the sodium channels which are responsible for spontaneous discharges

in damaged neurons, leading to spontaneous pain. Furthermore, abnormal neuronal

sprouting can lead to a growth of the receptive �eld which feeds the abnormal pain

transmission. These nerve endings can cross-talk with healthy nerves and alter them

to become abnormal and chaotic. The dorsal horn modulates normal pain signals and is

vital to the onward transmission of abnormal chaotic input from damaged and adjacent

non-damaged neurons. Normally A� and C �bers terminate predominantly in lamina I

and II of the dorsal horn, also A� in lamina V, and non-noxious A� �bers in lamina III.
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Di�erent hypotheses have been made, but it appears that C �bers take characteristics of

and express receptors that are normally con�ned to low-threshold A� �bers. [Campbell

and Meyer, 2006; Bennett, 2010]

Some of the changes in the spinal cord are the development of wind-up, central sensitization

as well as expansion of the receptive �elds. Wind-up is an increase in pain intensity over

time due to repeated stimuli over a certain threshold to group C nerve �bers and lasts from

seconds to minutes. Central sensitization is a neurophysiological process characterized by

an enhancement of the functioning of neurons and circuits in the nociceptive pathways.

It is caused by an increase in membrane excitability, synaptic e�cacy, and a reduction in

inhibitory control. Central sensitization has a several-hour duration and can be elicited by

high-frequency stimulation. The receptive �eld refers to the speci�c region in the sensory

periphery where stimuli can activate the sensory cell. This expansion of the receptive �elds

means that a larger area of the body is perceived as painful or sensitive. Other changes

also occur like changes to transmitters and receptor systems within the spinal cord. Here,

neuropeptides are released abnormally after nerve injury, which can a�ect the ion channels

and growth of new axons. This contributes to long-term changes in the excitability of

dorsal horn cells in combination with central sensitization. [Price et al., 1977; Navarro

et al., 2007; Latremoliere and Woolf, 2009]

Also, the brain seems to change due to NP, which is called neuroplasticity. The S1

seems to undergo plastic changes due to peripheral in�ammation or NP. This change

is related to the communication from the thalamus to S1. When looking into resting state

electroencephalography (EEG) changes, NP patients seem to have a statistically signi�cant

increase in power for the theta (4-7 Hz) band in the left hemisphere, compared to healthy

controls. For the alpha (8-12 Hz) and beta (13-30 Hz) bands, controversial results were

found. [Mussigmann et al., 2022]. According to Pricope et al. [2022], increased activity

in the pain matrix, consisting of anterior cingulate cortex (ACC), amygdala (AMG),

brainstem, hippocampus (HPC), insula (INS), periaqueductal gray (PAG), prefrontal

cortex (PFC), posterior parietal cortex (PPC), S1, secondary somatosensory cortex (S2),

supplementary motor area (SMA), thalamus, and the cerebellum, has been strongly

endorsed.

The changes in the central nervous system vary, depending on the condition and

symptoms. In unilateral NP, a decrease in activity was found in the thalamus, while

for mechanothermal allodynia, an increase was detected in the thalamic activity. Changes

outside the pain matrix due to NP are unique for each patient and most commonly a�ect

the dorsolateral frontal cortex, parietal association, and some of the brainstem nuclei

which lie in the pain modulatory systems. Furthermore, structural brain changes in grey

and white matter have been reported in ACC, PMC, S1, thalamus, PFC, SMA, dorsal

midbrain, and cingulate cortex. [Pricope et al., 2022] A summary of peripheral and central

6



1.3. Diagnosing Chronic Neuropathic Pain Aalborg University

changes that occur after a peripheral nerve injury can be seen in Figure 1.2.

Figure 1.2. Summary of the main plastic changes that can occur in the peripheral and central
nervous system after peripheral nerve injury. Examples of changes in (1) the injured peripheral
nerve, (2) the Dorsal Root Ganglion (DRG) neurons and ventral horn motor neurons, (3) the

spinal cord, and (4-6) in the brainstem, thalamic nuclei as well as the brain cortex.

Source: [Navarro et al., 2007]

1.3 Diagnosing Chronic Neuropathic Pain

1.3.1 Methods Used in Clinical Settings

In the existing literature, various approaches are employed to discern biomarkers that can

elucidate the underlying reasons and presence of chronic NP in individuals. Nevertheless,

the evaluation of pain poses a formidable task due to its inherently subjective nature, and

regrettably, there are presently no biomarkers accessible for the objective quanti�cation

of pain. Consequently, the diagnosis heavily relies on subjective measures encompassing

pain scales, behavioral assessments, questionnaires, and quantitative sensory testing (QST)

[Wagemakers et al., 2019].

The self-report method remains widely regarded as the gold standard for assessing pain

intensity, commonly utilizing numerical rating scales (NRS) or visual analog scales (VAS).

Through these approaches, patients provide a subjective rating of their pain perception on a

scale of 0 - 10 or indicate the severity by marking a line between two points and measuring

its length. These methods are commonly employed during pain anamnesis, including

the evaluation of the e�ectiveness of current pain treatments. In Denmark, as outlined
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by Sundhedsstyrelsen [2019], pain anamnesis entails gathering comprehensive information

about the patient's pain experience. This includes factors such as the pain's onset, location,

intensity (measured using NRS/VAS scales), type, patterns (continuous, intermittent,

diurnal variations), triggers, aggravating and alleviating factors, psychosocial conditions,

whether the pain aligns with current diagnostic �ndings, and the e�ects and potential side

e�ects of ongoing treatments. However, it is important to recognize that relying solely on

patients' self-reports may introduce certain limitations, including interobserver bias and

subjectivity. It should also be noted that pain intensity assessment methods cannot be

used to directly compare pain levels among di�erent patients [Davis et al., 2017; Elsayed

et al., 2020; Sundhedsstyrelsen, 2019].

QST is an additional tool used to diagnose chronic NP in clinical settings and is de�ned

by The Neuropathic Pain Research Consortium (NPRC) as a psychophysical method

that measures subjective experiences, such as loss or gain of sensation, in response to

particular thermal, mechanical, or vibratory stimuli. QST is a valuable tool in assessing

sensory abnormalities and NP, as it provides indirect information about underlying sensory

function abnormalities. It is designed to be non-invasive, using only small, portable tools

and requiring less time than other protocols. [Toth, 2013]

However, QST has a few caveats when it comes to diagnosing sensory abnormalities. There

is an overlap in some markers for di�erent pain conditions, such as the loss of sensation to

touch or pinprick in areas that can be reported in non-NP such as muscle pain. Similar

overlaps are seen when comparing nociceptive pain and sunburn, reporting brush and

heat allodynia and heat hyperalgesia. Furthermore, pressure allodynia is common in both

neuropathic and nociceptive pain. The current evidence is inadequate to establish the

test-retest reliability and variance over time, and as a result, it cannot be relied upon

as a monitoring tool for documenting changes over time. The testing requires active

participation and directed attention on behalf of the patient, and both the examiner and

the patient require instruction and training in the testing procedures of QST. [Toth, 2013].

This can be especially di�cult when dealing with patients who either have disorders of

consciousness, speech impairments, or those who are simply unable to communicate, like

infants [Schnakers and Zasler, 2007]. Without any objective indicator for pain, physicians

rely on self-report as the only means to evaluate and manage pain [Woolf et al., 2010].

However, using self-report alone can lead to inadequate pain management, misjudgments,

and miscommunications. [Elsayed et al., 2020; Wager et al., 2013]. Another challenge is

that NP is not always peripheral meaning that tests such as QSTs are not always applicable

since the manifestation of chronic pain could be due to alterations in the central nervous

system. See Section 1.2.

Incorporating objective measures of pain as complementary tools to self-report may

improve pain assessment and provide a better understanding of pain mechanisms. However,

8
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this requires identifying pain through the activity of the brain itself [Elsayed et al., 2020].

1.3.2 Functional Magnetic Resonance Imaging

Most studies use functional magnetic resonance imaging (fMRI) with a high spatial

resolution, allowing for detecting changes in brain activity in speci�c brain regions. It

is based on the same technology as magnetic resonance imaging (MRI), which uses a

strong magnetic �eld and radio waves to create detailed images of the body. But instead

of creating images of organs and tissues like MRI, fMRI looks at blood �ow in the brain

to detect areas of activity. This is because when a brain area is more active, it consumes

more oxygen, and blood �ow increases to meet this increased demand. [Logothetis, 2008].

However, fMRI has a low temporal resolution, meaning that it is not able to accurately

detect changes in brain activity when looking at a narrow time scale. Furthermore, it

should be noted that hemodynamic techniques, such as blood oxygen level-dependent

(BOLD), do not directly quantify neuronal activity, but instead, they capture the changes

in blood �ow dynamics that are related to neural activity. [Zolezzi et al., 2022].

In many studies, fMRI has been used to analyze the neural response of NP models and

to investigate the mechanism of NP. Hubbard et al. [2015] observed the longitudinal brain

changes associated with NP in rats. They found increased activity in somatosensory

regions; S1 and ventral posterolateral nucleus (VPL) in the early stages of the NP model.

Later on, there were changes in the activity of ACC (increased) and PAG (decreased).

Furthermore, there was a correlation between cold hypersensitivity and changes observed

via fMRI. A study has been conducted on non-human primates, before and after capsaicin

application, and signi�cant increases in BOLD signals were observed in brain regions such

as the somatosensory, frontal, and cingulate cortices, as well as the cerebellum [Asad et al.,

2016].

Komaki et al. [2016] found that mice experiencing allodynia showed signi�cantly higher

BOLD signals in the ACC and thalamus. The intact mice only exhibited activation in S1.

They did this by surgically injuring the L4 spinal nerve root using spinal ligation (SNL),

sensory nerve �bers were selectively stimulated, manifesting allodynia.

Furthermore, it has been shown that in humans, NP shows a distinct fMRI pattern. A

study by Baliki et al. [2006] on chronic back pain patients using fMRI found that increasing

pain activated classic pain matrix areas (see Figure 1.3) while high spontaneous pain

activated the PFC and ACC, suggesting di�erent spatiotemporal neuronal mechanisms for

subjective pain compared to acute experimental pain.

The data that is currently accessible on the discriminative capabilities of fMRI is promising.

In a research study that involved individuals su�ering from chronic lower back pain,

resting-state fMRI was used to di�erentiate them from healthy individuals, and the results
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indicated an overall accuracy of 68%. [Mano et al., 2017]

While 68% accuracy may be promising, it is not particularly high for a diagnostic test

in a clinical setting. Ideally, a reliable diagnostic test should have a higher accuracy to

minimize false positive and false negative results. A 68% accuracy suggests that there is

a signi�cant overlap in the brain activity patterns between individuals with chronic lower

back pain and healthy individuals, making it challenging to distinguish between the two

groups with certainty.

Figure 1.3. Categorisation of the di�erent pain matrix areas and their speci�c functionalities.

Source: [Martucci and Mackey, 2018]

Di�erent analysis/ feature extraction methods are used on top of BOLD in fMRI, these

include region of interest (ROI) and generalized linear model (GLM). ROI analysis in

fMRI involves selecting speci�c areas of the brain associated with a state, measuring the

neural response to the state, and comparing activity between regions or groups. It identi�es

patterns of brain activity related to speci�c states [Hubbard et al., 2015; Song et al., 2021].

GLM is used in fMRI as a method for the statistical relation between brain regions and

speci�c states, which can provide valuable insights into the neural processes underlying

those states. [Song et al., 2021]

Because fMRI is a non-invasive technique it is suitable for clinical use. However,

it is expensive and requires complex methodological planning when considering the

development of an experiment. [Luck, 2014]
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1.3.3 Positron Emission Tomography

Positron emission tomography (PET) has properties similar to fMRI when looking at the

resolution in both spatial and temporal domains. PET studies have also been employed

to investigate the mechanism of allodynia in NP, by measuring regional cerebral blood

�ow (rCBF). rCBF is a method used in PET that measures how much blood is �owing

to di�erent parts of the brain. This re�ects the level of neuronal activity in di�erent

brain regions since neurons need oxygen and glucose from the blood to function. This

re�ection of blood �ow is achieved by radioactive tracers. PET can measure rCBF by

injecting a tracer that emits positrons when it decays, such asH 15
2 O. The positrons then

collide with electrons and produce gamma rays that can be detected by a scanner. By

measuring how much tracer accumulates in di�erent brain regions over time, PET can

estimate how much blood �ow those regions receive. The main advantage of PET is

its capability of using highly specialized radiopharmaceutical probes tailored for speci�c

indications [Pricope et al., 2022; de Natale et al., 2018].

Witting et al. [2006] found that patients with long-standing clinical brush-evoked allodynia

following upper or lower extremity traumatic nerve injury had abnormal thermal and

tactile sensitivity, hyperalgesia to pressure stimuli, and increased temporal summation (von

Frey hair). Using rCBF it was seen that allodynic stimulation activated the contralateral

orbitofrontal cortex (OFC) and ipsilateral insular cortex (IIC), while there was an absence

of activation in S1, ACC, and thalamus. The study suggests that the cortical network

responsible for sensory-discriminative processing of nociceptive pain is less active in NP,

while the OFC and IIC show increased activity. This could be explained by the emotional

impact of NP and the complexity of processing a mixed sensation of stimuli (brush) and

pain. [Witting et al., 2006].

The use of PET scans can be very expensive since it requires the need for injecting

radioactive tracers into the subject, thus also being a more invasive method. Similar

to fMRI, PET imaging also demands meticulous methodological planning when designing

an experiment. [Zolezzi et al., 2022].

1.3.4 Electrophysiological Neuroimaging

Scalp Electroencephalography

When trying to monitor NP one could use EEG, to measure the neural activity. The

main advantage of this modality is its temporal �delity, which comes at a cost of a lower

spatial resolution. This is particularly important when studying pain, as neural activity

related to pain can occur very quickly. Temporal �delity enables researchers to look at

time-critical event-related potential (ERP) responses in the brain, related to di�erent pain

models. [Luck, 2014; Zolezzi et al., 2022]. Its spatial precision, resolution, and accuracy are
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relatively low compared to high-spatial-resolution imaging techniques such as fMRI. The

spatial precision of EEG can be improved by spatial �lters such as the surface Laplacian

or adaptive source-space-imaging techniques. The spatial accuracy of EEG is low since its

activity recorded from one electrode does not re�ect only activity from neurons directly

below that electrode, but rather, from a complex mixture of activities from multiple brain

regions close to and distant from that electrode. [Cohen, 2014]. It is estimated that

EEG obtains signals from a summation of potentials of 10,000 - 50,000 neurons [Murakami

and Okada, 2006]. There are advantages when looking at the method's complexity and

cost. EEG is rather cost-e�ective and is easier to implement in clinical and experimental

settings. It should be noted that PET and fMRI are advantageous if trying to examine

the subcortical structures which can be fundamental in NP research. [Luck, 2014; Zolezzi

et al., 2022].

Hemodynamic methods, such as PET and fMRI, measure neural activity indirectly,

whereas EEG directly measures electrical activity associated with neural potentials,

making it more appropriate as a direct measurement tool. EEG o�ers greater �exibility

when it comes to feature extraction. Since EEG signals have high dimensionality, non-

invasive nature, high temporal resolution, and multiple frequency bands, it provides many

possibilities for feature extraction. Thus a variety of signal-processing methods can be

employed to investigate speci�c aspects of neural activity. Segmenting the frequency bands

into classical categories such as delta, theta, alpha, beta, and gamma is one of the most

commonly used methods for extracting features from EEG signals. Of these bands, the

gamma frequency range has received considerable attention in the �eld of pain research,

especially when looking at S1. [Zhao and Wan, 2018]. For NP models there is evidence for

an increase in power and displacement of theta and delta frequencies [Zolezzi et al., 2022].

EEG has been applied in a variety of pain research with the aim of extracting useful

biomarkers. Di�erent pain models have been used, these include; thermal pain [Nuñez-

Ibero et al., 2021; Savignac et al., 2022], chronic NP [Di Pietro et al., 2018; Alshelh et al.,

2016; Zolezzi et al., 2022], laser evoked pain [Liberati et al., 2016; Mouraux and Iannetti,

2009], hyperalgesia, and central sensitization [Baroni et al., 2020]. EEG has also been

used to compare modality-speci�c biomarkers, such as GABA content and resting cortical

oscillations in an NP model, �nding an altered brain rhythm and thalamic inhibitory

neurotransmitter release [Di Pietro et al., 2018]. The speci�city of laser-evoked local

�eld potentials (LFP) in relation to pain has been a topic of discussion. However, for

the purposes of this study, it is not a concern as pain models involving either injury or

electrical stimulation will be utilized. [Liberati et al., 2016; Mouraux and Iannetti, 2009]

12



1.3. Diagnosing Chronic Neuropathic Pain Aalborg University

Electrocorticography and Microelectrode Arrays

Some of the limitations of classic scalp electrode setups can be bypassed by the use of

electrocorticography (ECoG) or microelectrode arrays (MEA). This setup increases the

spatial resolution and allows for the recording of neuronal activity at a much �ner scale,

making it possible to detect features that cannot be detected with traditional EEG. One

of the main advantages of ECoG is that it provides a higher spatial resolution than scalp

EEG. ECoG electrodes are placed on the dura or the brain and can therefore record from

a much smaller area of the cortex than scalp electrodes. This increased resolution allows

for the detection of more precise and localized neural activity, making it particularly useful

for studies of speci�c cortical regions in relation to e.g. chronic pain. [Fattahi et al., 2014]

One study compared acute and chronic pain in an animal rat model, and found increased

ECoG power in the theta range, with shorter e�ects after capsaicin injection and longer-

lasting e�ects after nerve injury. [LeBlanc et al., 2014]. ECoG typically records from

populations of neurons, detecting changes in the LFP. LFPs re�ect the synchronous activity

of a large number of neurons and can provide information about overall patterns of neural

activity and has a range of <200 Hz. [Cohen, 2014; Fattahi et al., 2014]

MEA, on the other hand, provides even higher spatial resolution than ECoG. MEAs consist

of an array of tiny electrodes that can be implanted directly into the brain tissue. This

allows for the recording of the activity of individual neurons or small groups of neurons.

One potential downside of ECoG and MEA recordings is that they are invasive, requiring

the placement of electrodes directly on or in the brain which carries a risk of harming brain

tissue. [Keller et al., 2016; Fattahi et al., 2014]

Additionally, ECoG and MEA recordings are mostly performed in animal models, which

limits their applicability to human studies. Another important di�erence between ECoG

and MEA recordings is the type of neuronal activity that is recorded. MEA recordings

can also detect multiple unit activity (MUA) from individual neurons, allowing for a more

detailed understanding of the activity of speci�c neurons, and enabling high-frequency

feature extraction methods, such as spike counting. Spikes range from 250 - 10000 Hz

with some studies di�erentiating between low MUA (300 - 2000 Hz) and high MUA (2000

- 10000 Hz). The spiking activity is associated with the action potentials of individual

neurons or small groups of neurons (2 - 3 neurons). [Keller et al., 2016; Tøttrup, 2020]
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Figure 1.4. Overview of EEG, ECoG and MEA and their respective measurement resolutions,
signal characteristics, and invasiveness.

Modi�ed from : [Fattahi et al., 2014]

1.4 Overview of Di�erent Diagnostic Imaging Methods

To condense all the speci�cations, advantages, and disadvantages of the di�erent

modalities, a table was created for easier comparison between EEG, ECoG/MEA, fMRI,

and PET (see Table 1.2).

Table 1.2. Table overview of capabilities of di�erent systems. Colors indicate the relative
advantages and disadvantages of the di�erent modalities, from the perspective of imaging neural

activity. [Zolezzi et al., 2022; Seixas et al., 2013; Logothetis, 2008; Luck, 2014; Cohen, 2014;
Murakami and Okada, 2006]

fMRI PET EEG ECoG/MEA

Neural Representation
Indirect

(Blood �ow
Oxygenation)

Indirect
Metabolic activity

Neurotransmitter receptors

Direct
Electrical activity

Direct
Electrical activity

Temporal Resolution Moderate to high (seconds) Low (seconds) Very high (milliseconds) Very high (milliseconds)
Spatial Resolution High resolution (1-2 mm) Moderate to low resolution (4-6 mm) Low resolution (10-20 mm) Moderate

Degree of Invasiveness Low High Low High
Cost Expensive Very expensive Inexpensive Expensive

Features BOLD rCBF � to 
 � bands LFP and MUA

1.5 Classi�cation of Pain

In the search for an objective pain biomarker, machine learning and deep learning

algorithms could be a useful tool. If given pain-related data, the algorithms are capable

of learning complex features speci�c to a known class. This enables them to identify cases

of the same pain-related data, even when introduced to new instances. This makes it

very useful when working with EEG signals that have a complex nature and are therefore

not intuitively interpreted. In this case the algorithm can be seen as a tool for data
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exploration, where the assumption is that if a feature is repeatedly used by the machine,

then it is probably important for the related problem. [Lötsch and Ultsch, 2018]

Deep learning is a subset of machine learning based on arti�cial neural networks. It works

by using multiple layers of interconnected nodes to analyse data, similar to how the human

brain functions. Its main advantage to regular machine learning is its ability to extract

patterns and features from large amounts of data without any manual feature engineering.

Because of this, many neuroscience problems are being tackled with deep learning with the

purpose of �nding new information from the data. [Pathak and Kashyap, 2021]. Typically

one of three algorithms are being used when trying to decode EEG signals; Convolutional

Neural Network (CNN), Deep Belief Network (DBN) or Recurrent Neural Network (RNN)

[Livezey and Glaser, 2021; Vallabhaneni et al., 2021; Craik et al., 2019].

All three models work di�erently but have the same purpose of extracting patterns in

the data. CNN uses convolutional layers to learn spatial features in the data, which are

then downsampled through pooling layers to reduce the complexity. In the context of

EEG signals, the CNN is often used to learn features from time-frequency plots such

as spectrograms or raw EEG signals. [Craik et al., 2019]. DBN is a neural network

consisting of multiple restricted Boltzmann machines, which is a type of unsupervised

learning model. This gives the model an advantage when working with unlabeled data.

The RNN is normally used to process sequential data. It has both a feed forward and

backwards connection, which makes the model robust and very suitable for time series

data. [Vallabhaneni et al., 2021]

Choosing which algorithm to use can be di�cult since they all show good results in

decoding EEG signals. When looking at review studies, it is clear that CNN is by far the

most used algorithm. This makes sense because of its ability to detect localized features

and translation invariant features and is good at handling noise and variability in the

data. It is also a more computationally e�cient model than most, because of its use of

sparse interactions and parameter sharing. [Livezey and Glaser, 2021]. The downside of

CNN is that because it is translation invariant, the model does not have any temporal

memory of where the features are extracted from the signal. This can be a problem when

working with time-dependent data such as EEG, where temporal patterns could be seen

as an important feature. This can be taken into account by combining CNN with other

models. A good combination could be CNN and the RNN model called Long Short-Term

Memory (LSTM) since the CNN is great at spatial features while LSTM is good at �nding

temporal dependencies in the data. [Amrani et al., 2021; Ghosh et al., 2021]

A combination model like the CNN-LSTM model could reduce some of the shortcomings

of one model alone and therefore be better suited for the complex problem of classifying

chronic pain. However, the drawbacks of the combination are a furthering in the typical
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concerns with deep learning algorithms. The computational complexity will be increased,

with added training time and a large number of parameters. The interpretability of the

model gets worsened, since it becomes harder to interpret what features the model learned

and how it uses them to make a classi�cation.

1.6 Aim

The aim of this project is to address the challenges associated with diagnosing chronic pain

patients by developing objective biomarkers. Speci�cally, the project aims to di�erentiate

between chronic pain models. Given the complexity of analyzing pain-related ERPs,

the project intends to employ a deep learning model to identify and establish reliable

biomarkers for this purpose.

How can a CNN-LSTM architecture classify between chronic pain models based on ERP

signals from � ECoG recordings in S1?
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Structured Literature

Search 2
This chapter provides insights into the process of structuring two literature searches: one

on diagnosis of chronic pain and another on machine learning models for EEG State

Classi�cation. It delves into the initial search, keyword structuring, and the screening

process, elucidating the methodology employed to conduct both searches. Furthermore, it

presents the results obtained from the screening process for each search.

2.1 The Initial Search

Before conducting the structured literature search, an initial research question was devised

as follows: What problems are associated with the diagnosis of chronic pain?This question

was chosen since the purpose of this literature search was to get a broader understanding

of the problem domain, that is diagnosing chronic pain.

To start with, an initial search was done to get a general overview of the available literature

on the topic. This search was performed as a free search in scienti�c databases such as

PubMed and IEEE, where the following keywords were used: EEG, MRI, biomarker,

diagnostics, neuropathic pain, and chronic pain. The most relevant studies were used to

identify common search terms/keywords for the AND/OR table used in the structured

literature search. With new information gained from the initial search, a new research

question was made for the structured literature search:How can brain activity be used as

a biomarker for chronic pain? With this new question, the objective of the structured

literature search was to explore the known biomarkers for chronic pain or NP that can be

found when solely looking at brain activity.
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2.2 AND/OR Table

From the initial search, an AND/OR table was constructed with four categories:

'Neuroscience' (the area of interest), 'Physiology', 'Type of experiment', and 'Type of

measurement'. The AND/OR table was then used on the databases PubMed and Embase

using their speci�c search syntaxes. The database IEEE was also tried, but no new articles

were found and therefore the database were excluded. The AND/OR table can be seen in

Table 2.1.

Table 2.1. The AND/OR table shows the combination of keywords used in the structured
literature search.

Time of search:
10-02-2023

AND

Neuroscience
(area of interest)

Physiology Type of experiment Type of measurement

Diagnostic[tw] �Neuropathic pain�[tw]
�Peripheral Nerve Injuries�
[MeSH]

Electroencephalography
[MeSH]

Biomarkers[Mesh] �Chronic pain� [MeSH]
Evoked potentials
[MeSH]

eeg[tw]

�Neural activity�
[tw]

�Nociceptive Pain�
[MeSH]

Evoked response
[tw]

Magnetic Resonance
Imaging [MeSH]

Neuronal oscillation
[tw]

�Chronic neuropathic
pain�
[tw]

Electrical stimulation
[MeSH]

Magnetoencephalograph
[tw]

Nociception [tw]
�pain-eliciting stimulus�
[tw]

"Electrocorticography"
[MeSH Terms]

"Hyperalgesia" [MeSH]
�pain stimulation intensity�
[tw]

"microelectrodes"
[MeSH]

�Allodynia� [tw]
�Long-Term Potentiation�
[MeSH]
�Somatosensory evoked
potential�
[tw]
Laser-Evoked Potentials
[MeSH]

OR

Nerve injury[tw]
NOT: Diabetes Mellitus, Drug

Filters:
2000-2023, english, full-text available, NOT conference abstract.
Conference papers from 2020 - 2023

Results Pubmed: 150
Results Embase: 122

To guarantee the inclusion of relevant, accessible, and readable studies, various screening

criteria were used. Initially, a full-text �lter was utilized to only include articles that

could be accessed in their entirety. Additionally, an English �lter was implemented to

only incorporate articles written in English. Furthermore, the time frame of the search

was restricted to journal articles published between 2000 and 2023, and conference papers

published between 2020 and 2023. The search was carried out on the PubMed and Embase

databases, resulting in the identi�cation of 150 and 122 articles, respectively.

2.2.1 Screening Process

Screening the studies found using the keywords using the AND/OR table was carried out in

two parts, the �rst was an abstract screening, and the second full-text reading. The search
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yielded a total of 272 articles, of which 17 duplicates were identi�ed and subsequently

eliminated. As a result, 255 articles remained for abstract screening. The full screening

process can be seen in Figure 2.1.

Figure 2.1. PRISMA-�owchart showing the screening process. The left column shows the steps
and the number of articles left, whereas the right column shows the number of articles and at

which step in the process they where removed.

To ensure all articles were judged on the same basis, inclusion and exclusion criteria

were used throughout the screening process. These criteria can be seen in Table 2.2.

Furthermore, to ensure thoroughness and minimize bias, a minimum of two reviewers

were required to agree on whether an article should be included or excluded. In case of

disagreement, a third reviewer was brought in to make the �nal decision.
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Table 2.2. Table of inclusion and exclusion criteria for the screening process. I and E denote
inclusion and exclusion criteria, respectively.

Criteria Index Criteria
I1 Biomarkers for chronic/neuropathic pain
I2 Diagnosis of chronic/neuropathic pain
I3 Chronic/neuropathic pain model
E1 Studies from before 2000
E2 Non-English studies
E3 Duplications
E4 No full-text access
E5 Drug e�ect
E6 Solely regarding a sickness
E7 BCI studies
E8 Out of scope
E9 Case report/study
E10 Stimulation as treatment
E11 Receptor focus
E12 Behaviour/empathy studies
E13 Spinal cord/nerve imaging
E14 Migraine
E15 Acupuncture
E16 Anticipatory pain
E17 Transcranial magnetic stimulation

After the abstract-based screening, 126 articles were excluded where the primary reasons

were: solely regarding a sickness, stimulation as treatment, migraine, and out of scope.

This left a total of 78 articles to be considered for the full-text screening. During the

full-text screening process, each reviewer had access to the complete article to make an

informed judgment of it. Of the 78 articles, 33 were excluded where the main reasons

for exclusions were: out of scope, not biomarkers for chronic/neuropathic pain, no full-

text access, and transcranial magnetic stimulation. The majority of the excluded studies

based on out-of-scope were studies that focused on visceral pain, pain perception without

stimulation, and a single study that was retracted. The remaining 45 studies were included.

During the process of full-text screening, each reviewer wrote a summary of the articles

they thought to be included, where they noted the following: title, aim, biomarkers and

pain model, and an argument for why the article should be included. The template for the

full-text screening table is shown in Figure 2.2.
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Figure 2.2. Full text table for included articles that was written for each included article.

Reused from: [Clark et al., 2022]

2.3 Structured Search on Machine Learning Models for

EEG Classi�cation

After �nishing the �rst structured literature search, a new question emerged about what

types of algorithms, and how they are used to classify based on EEG signals. A search

question was formulated as:What machine learning models are used in the classi�cation

of di�erent EEG states? The reason for looking into "EEG states" instead of e.g. "EEG

in pain research" was because the use of machine learning in pain research is fairly limited

when comparing it to the use of it in EEG research in general. Another argument is that

EEG is a very complex signal, so if one �eld of EEG research has great experience with a

type of model, it could also be valuable in other �elds. The AND/OR table constructed

for the literature search can be seen in Table 2.3. In this search, only reviews were wanted,

since the purpose of the search was to get a general overview of which types of models

could be useful for classifying EEG signals. Furthermore, only reviews from the last 10

years were wanted, since it is a �eld that is developing a lot.

Table 2.3. The AND/OR table shows the combination of keywords use in the structured
literature search.

Time of search:
03-03-2023

AND

Neuroscience (area of interest) Type of experiment Type of measurement
Electroencephalography [MeSH]/[Emtree]/[Index] �Machine Learning� [tw] Classi�cation [tw]

�Deep Learning� [tw] "Signal analysis" [tw]
Arti�cial Intelligence [MeSH] Features [tw]
�Arti�cial Neural Network� [tw] Decoding [tw]

OR

�Neural Network� [tw]
NOT: Survey
Filters: 2013-2023, english, full-text available, conference papers from 2020-2023, review
Total results PubMed: 64
Total results IEEE: 104
Total results Embase: 174

2.3.1 Screening process

The screening process was similar to one from Section 2.2.1, with �rst an abstract screening

and then afterward a full-text screening. In total 342 studies were found through the search

of which 45 were duplicates. This gave a total of 297 studies to be screened. The full process

can be seen in Figure 2.3.
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Figure 2.3. PRISMA-�owchart of the screening process. The left column shows the steps and
the number of articles left, whereas the right column shows the number of articles and at which

step in the process they were removed.

After the abstract screening, 268 articles were excluded, leaving a total of 29 articles to

be considered for the full-text screening. From the full-text screening of the 29 articles, 12

were excluded and the remaining 17 were included. The exclusion of the studies were based

on the inclusion and exclusion criteria seen in Table 2.4. The main reasons for exclusion

were BCI, epileptic, or seizure studies.
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Table 2.4. Table of inclusion and exclusion criteria for the screening process. I and E denote
inclusion and exclusion criteria, respectively.

Criteria Index Criteria
I1 Review on EEG classi�cation with machine learning
E1 Studies from before 2013
E2 Non-English studies
E3 Duplications
E4 No full-text access
E5 Survey study
E6 Focus on a speci�c disease/disorder/state
E7 Imagery
E8 BCI
E9 Sleep classi�cation
E10 Speech classi�cation
E11 Out of scope
E12 Emotion
E13 MRI, CT or PET
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Experimental Protocol 3
In this chapter the protocol and procedure of the experiment will be explained from which

the data used in this project were acquired. This includes the experimental setup and

stimulation protocol.

3.1 Protocol and Procedure of the Experiment

The experiment was conceived and carried out by the Center for Neuroplasticity and

Pain (CNAP) at Aalborg University. It had approval from the Danish Veterinary and

Food Administration under the Ministry of Environment and Food of Denmark (protocol

number: 2020-15-0201-00514).

The experiment involved 16 Danish landrace pigs that were subjected to di�erent

conditions. Some encountered a spared-nerve injury (SNI) model, others were exposed to

high-frequency stimuli (HFS), and a subset served as the control group. Before commencing

the surgical procedures, measurements were set up using the Synapse software developed

by Tucker-Davis Technologies (TDT).

Once anesthetized and ready for surgery, a cranial window was carefully formed via an

incision just above the S1 region. Anatomical landmarks; bregma, midline suture, and

coronal suture were used to locate S1. The� ECoG electrode was subsequently positioned

on the dura mater. Figure 3.1 provides a visual representation of the cranial window's

placement over the S1 area.
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