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Abstract

:

Despite most episodes of low back pain (LBP) being short-lasting, some transition into persistent long-lasting problems. Hence, the need for a deeper understanding of the physiological mechanisms of this is pertinent. Therefore, the aims of the present study are (1) to map pain-induced changes in brain activity and blood gene expression associated with persistent LBP, and (2) to explore whether these brain and gene expression signatures show promise as predictive biomarkers for the development of persistent LBP. The participants will be allocated into three different pain groups (no pain, mild short-lasting, or moderate long-term). One in-person visit, where two blood samples will be collected and sent for RNA sequencing, along with resting 64-channel electro-encephalography measurements before, during, and after a cold pressor test, will be conducted. Thereafter, follow-up questionnaires will be distributed at 2 weeks, 3 months, and 6 months. Recruitment will start during the second quarter of 2024, with expected completion by the last quarter of 2024. The results are expected to provide insight into the relationship between central nervous system activity, gene expression profiles, and LBP. If successful, this study has the potential to provide physiological indicators that are sensitive to the transition from mild, short-term LBP to more problematic, long-term LBP.
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1. Introduction


Globally, one of the most common musculoskeletal problems is low back pain (LBP), with a global prevalence of 619 million cases [1]. LBP is the leading cause of years lived with disability [1,2], and is most often classified as non-specific LBP [3], implying no pathoanatomical cause for the pain [4,5]. While acute LBP often resolves relatively rapidly, with fairly little impact on long-term health status, the development of chronic or persistent LBP is associated with several serious health consequences [6,7]. Of those experiencing acute pain, approximately 30% will transition to persistent pain [8].



Previous evidence shows that persistent pain, lasting 3 months or more [9], is associated with neuronal changes in central nervous system (CNS) and autonomic nervous system (ANS) activity [10,11]. One example is the observed shift in activity from sensory areas to emotional/limbic areas seen in patients with persistent pain [12]. The experience of pain, arising from such areas of the brain, can be altered via bottom–up (e.g., stimulus intensity) or top–down (e.g., expectations)-mediated factors [13]. Thus, physical factors, but also emotional or psychosocial factors such as stress [14], can facilitate functional modifications of the nervous system and have an impact on both the intensity and duration of pain. Stress, which can be elicited both psychologically or from a painful stimulus, activates the hypothalamic–pituitary–adrenal (HPA) axis [15] through the amygdala [16], which, in turn, regulates cortisol levels. A disturbance or a dysregulation in cortisol levels has been found to be associated with stress-related pain disorders [14,15], especially in chronic stress. Psychosocial factors such as catastrophizing [17], depression [18], and anxiety [18,19] have been associated with endogenous pain modulation via descending pain inhibitory pathways leading to an increased experience of pain [17,20]. This may be especially true for persistent pain where tissue damage may no longer be present in the painful area [21].



Such functional modifications of the nervous system are called neuroplastic changes. At the cellular level, neuroplastic changes are caused by altered neuronal excitability, synaptic efficacy, and subsequently increased or decreased firing patterns in neural circuits and networks [22]. Such changes are often caused by changed activity or signaling in the brain that, in turn, affect the gene expression of immune cells [23]. Also, neuro-physiological processes, such as the activation of the HPA axis and autonomic dysregulation, have also been found to be associated with this form of plasticity [24,25,26].



A non-invasive method for assessing brain activity is electro-encephalography (EEG). EEG offers a window into rapidly changing brain dynamics. EEG features such as changes in gamma band oscillations, amplitude, or latencies of so-called event-related potentials have previously been associated with acute and/or persistent pain [27]. By combining EEG recordings with a simple experimental manipulation of pain (the “tonic” cold pressor test—CP test [28]), previous studies have identified a number of EEG signatures of pain perception [29,30,31]. Thus, since experimental pain can be evoked by the CP test, and this pain has been shown to mimic clinical pain [19], it is possible to combine the CP test and EEG to assess the central processing of pain [28].



The central processing of pain often includes changes in the so-called “pain matrix” (e.g., the prefrontal cortex, amygdala, insula), which also affect the HPA axis and the ANS. The HPA axis and ANS play important roles in mediating bi-directional neural–immune interactions [32,33]. Moreover, it is known that maladaptive changes in HPA axis activity may lead to downstream effects such as increased circulating cortisol, which affects blood cell gene expression (mRNA synthesis) [34] and, thus, the function of circulating immune cells [35]. Moreover, both cortisol and the inflammatory molecules released from circulating immune cells (e.g., monocytes) cross, or at least affect the permeability of substances that could cross, the blood–brain barrier [35]. Therefore, maladaptive changes in the HPA axis and/or the ANS may affect the immune system, which, in turn, affects the CNS and creates a vicious circle, aiding in the development of persistent pain.



With persistent pain or prolonged psychological stress, i.e., prolonged HPA axis activation, suppression of the immune system has been observed [32,36,37]. This has been linked to pro-inflammatory effects in blood markers and functional changes in the CNS [34,38]. If this cycle is not broken, it has the potential to enhance or maintain this pain by upholding the HPA response and the increased levels of circulating cortisol levels, further impacting the immune system. One of the effects of cortisol that has been shown is changes in the gene expression profiles of peripheral blood mononuclear cells (PBMCs) in healthy individuals [39]. A link has also been found between persistent pain and changes in peripheral gene (mRNA) expression [40,41] and genes expressed in human brain tissues [42]. Hence, it is likely that physiological changes due to persistent LBP can be detected both centrally, e.g., brain activity, and peripherally, e.g., gene expression in PBMCs.



Still, the predictive value of mapping the dynamic patterns of brain activity and blood cell mRNA expression for the “chronification” of pain remains to be investigated. Therefore, it is important to document any correlations between brain activity and peripheral RNA profiles. In other words, the reciprocal interaction between the CNS and the immune system may contribute to predict at-risk patients with a potential persistent LBP trajectory. In addition, the discovery of such predictive biomarkers may help to identify the core pathophysiological mechanisms important for the development of more informative examinations, novel therapeutics, and personalized medicine, i.e., a more cost-effective use of limited clinical resources.



Main Objectives


The purpose of the present line of research is to better understand how the development of persistent pain may be associated with (1) changes in brain activity and (2) how this affects the gene expression profiles in blood. To achieve this, the current study aims to explore brain activity (measured with EEG) and gene expression profiles pre and post an acute stressful and painful intervention, i.e., the CP test, in three different pain populations (no pain, mild short-lasting, and moderate long-lasting pain). The specific objectives are:




	
To identify the key EEG features that can robustly distinguish the different pain states, rest vs evoked experimental pain (by the cold pressor test), and between individuals with different clinical pain statuses.



	
To examine potential gene expression changes before and after CP test within individuals with different clinical pain statuses.



	
To test for correlations between the EEG activity and blood mRNA profiles.



	
To investigate if an individual mRNA sequencing (seq) fingerprinting analysis can be used to predict at-risk patients with a possible persistent LBP trajectory.










2. Materials and Methods


This study is designed as an observational prospective cohort study. The first visit will be the only in-person visit, with follow-up questionnaires distributed to the participants via email at 2 weeks, 3 months, and 6 months. The participants will be recruited from the Auckland region, New Zealand. Ethical approval was obtained from the Health and Disabilities Ethics Committee (HDEC, reference: 2023 EXP 19096). No serious adverse events are expected for this study. However, some mild discomfort and soreness in the area of blood sampling might occur.



2.1. Participants


2.1.1. Inclusion Criteria and Procedure


Participants of any gender between 18 and 50 years of age are invited to participate in the study. Advertisement and recruitment for the study will occur on social media (e.g., Facebook and Instagram), at outpatient clinics at hospitals in the Auckland region, and through flyers that will be posted at the surrounding educational centers, libraries, and other public spaces. Information on how to contact the research team for those interested in participation is provided on the flyers. Once the participant contacts the research team, one of the researchers will be in touch by phone or email. During this conversation, more information about the study will be provided, such as eligibility screening prior to inclusion and a more detailed description of the data collection procedure. This is also an opportunity for eligible participants to ask any questions and/or queries prior to accepting the invitation to participate in the study. The participants will also receive an email containing the consent form with the same information to read after the email/phone call. If participants have not contacted the research team within three days of receiving the consent form an email or a text message, they will be sent a reminder. On the day of the data collection, one of the researchers will again go through the screening sheet to ensure the correct group assignment and collect the signed consent forms before the participants are given the study questionnaire and blood sampling and EEG measurements begin. Participants will be assigned to either the healthy control group (no pain at time of inclusion), the mild short-lasting pain group (numeric rating scale (NRS) < 4/10 recurrent or persistent spinal ache, pain, or stiffness, lasting < 3 months), or the moderate/severe long-lasting pain group (NRS ≥ 4/10 recurrent or persistent non-specific LBP lasting ≥ 3 months). Figure 1 shows the proposed flow of the exclusion criteria and group assignment. The aim for the total number of participants in each group is set to at least 20 in each of the three groups. Figure 2 shows the proposed flow for the inclusion criteria and data collection.



Further, during the conversation on eligibility and inclusion, prior to the data collection, all participants will be informed about the purpose, benefits, and potential risks of participating. They will also receive information on their right to withdraw their participation at any time, without having to give a reason and without any consequence to them. All collected data (i.e., blood samples, EEG measurements, and questionnaires) will be de-identified prior to any pre-processing and/or analyses.




2.1.2. Exclusion Criteria


Participants who have a specific cause of LBP will be excluded. Also, if any potential participants have LBP due to pregnancy, rheumatic disease, cauda equina, spinal stenoses, and/or sciatica, they will not be able to participate in this study. Furthermore, if any potential participants have a history of seizures, cancer, psychiatric diseases, and/or are on any medications that may induce muscular pain such as statins or that have an impact on EEG measurements such as sedatives, sleeping medication, or muscle relaxants, they will also be excluded.





2.2. Questionnaires


The baseline questionnaire will be provided digitally using a laptop set-up for the participants during the in-person visit. The participants will then receive links to follow-up questionnaires by email and will be asked to complete these questionnaires at 2 weeks, 3 months, and 6 months after the in-person visit. More information on the time frame for data collection and measurements is presented in Table 1.



2.2.1. Demographic


Sociodemographic characteristic variables, measured only at baseline, include gender, age, marital status, ethnicity, education, employment, and dominant hand.




2.2.2. Pain


The initial question regarding pain is a yes/no question about whether the participant currently is experiencing LBP. Thereafter, if the participants select yes, the following variables will be asked; current pain intensity measured by NRS [43], where 0 represents “no pain” and 10 represents “worst pain imaginable”, pain intensity average over the last week measured by NRS, duration of LBP, LBP trajectories (past 12 months and the next 12 months) [44], onset of LBP, perceived cause for LBP, and whether they are receiving treatment for their LBP (by general practitioner, chiropractor, physical therapist, or other). If the participants select no, they will be directed past the above-mentioned questions and to the question on whether they are experiencing pain elsewhere.




2.2.3. Symptom Satisfaction and Expectation


Symptom satisfaction will be measured using the patient acceptable symptom state [45], a single item “How satisfied would you be if your current symptoms were to persist the rest of your life?”. This is measured by a 5-point Likert scale categorized into: “very satisfied”, “somewhat satisfied”, “neither satisfied nor dissatisfied”, “somewhat dissatisfied”, and “very dissatisfied”. Expectation will be measured with a single item “What is your expectation of recovery from back pain within 3 months?”, with a 5-point Likert scale categorized into: “complete recovery”, “somewhat better”, “no change”, “somewhat worse”, and “worse I’ve ever been”.




2.2.4. Secondary Variables


To measure the psychological and functional aspects of experiencing pain, fear avoidance, pain catastrophizing, and functional status, the Fear-Avoidance Questionnaire (physical activity) [46,47], Pain Catastrophizing Scale [48], and Roland–Morris Disability Questionnaire [49] are included, respectively. To measure sleep, the 6-item Bergen Insomnia Scale will be used [50]. Questions regarding pain medication use for LBP, comprising type, dosage, and frequency, in addition to the Prescription Drug Use Questionnaire [51], are included. Further, to assess mental health, the Hopkins Symptom Check List—10 [52] and the Beck’s Depression Inventory will be used [53].




2.2.5. EEG Measurement


The EEG will be recorded at a sampling rate of 1024 Hz from 62 channels using an REFA amplifier (TMSi, Twente, The Netherlands) according to the 10–20 electrode system. The reference electrodes will be placed on the right and left mastoids (M1 and M2, respectively), while the ground electrode will be placed at AFz. These channels are shown in Table 2. The impedance of the electrodes will be kept below 10 kΩ. The subjects will be asked to focus on a fixation cross with a plain background displayed in the center of a whiteboard while minimizing their eye blinks, eye movements, and facial movements. Additionally, online filter settings will be adjusted to a range of DC-100 Hz.



The preparation for the EEG will take around 20 min, following which, the resting-state EEG will be recorded at three different time points: before, during, and after the CP test. During the pre and post recordings, the EEG will be measured while the participant has their eyes open for 3 min, followed by 3 min recorded with their eyes closed, resulting in a total of 12 min of EEG data recording. When the EEG is recorded during the CP test, the participant will immerse their hand in ice water for 80 s (CP test). The EEG data collection protocol is shown in Figure 3. Participants from the mild short-lasting pain group who report persistent pain between baseline and 3 months will be invited for a second EEG measurement and CP test shortly after the 3-month time point for follow-up.




2.2.6. Cold Pressor (CP) Test


The CP test will be performed using a circulating water bath (Grant, Fischer Scientific, Slangerup, Denmark). The water will be cooled to 2 °C and the subjects will immerse their left or right hand in the water up to the wrist for 80 s.




2.2.7. mRNA Sequencing


A total of two blood samples will be collected for each participant, pre and 30 min post CP test. The blood sample collection will be performed by a registered nurse or other qualified personnel using the BD vacutainer Push Button Blood Collection Set and BD vacutainer Green Lithium Heparin tubes (10 mL). After the blood sample collection, peripheral blood mononuclear cells (PBMC) will be isolated from the sample (using SepMate (STEMCELL Technologies, Vancouver, BC, Canada) see File S1 for full protocol). To preserve the samples, a freezing medium will be added (using Cryostor CS10 (STEMCELL Technologies, Vancouver, BC, Canada), see File S2 for full protocol). Thereafter, the samples will be shipped to the commercial company Novogene Co., Ltd., Cambridge, UK, for mRNA isolation and sequencing.





2.3. Statistical Analyses


2.3.1. Descriptive Analyses at Baseline


Categorical variables will be presented as percentages, whereas continuous variables will be presented as means and standard deviations. Descriptive analyses will be presented for the entire data set. A comparison will be made between the groups on demographic characteristics in addition to primary outcomes to assess for selection bias. Regression models (linear, logistic, and/or ordinal, depending on outcome) at baseline will be conducted to assess for group differences at baseline.



To assess the clinical course of the primary outcome variable, multilevel models will be used. For the statistical evaluation of differences across groups and changes over time, linear mixed or generalized linear mixed regression models will be set up for continuous outcomes, and ordinal mixed regression models will be used for ordinal outcomes. All these models will have a longitudinal analysis of covariance structure, in which post-test outcome means and odds ratios will be presented. Moreover, within-participant correlations arising from repeat measurements will be controlled for by estimating participant-wise random intercepts and/or participant-wise slopes across time. The choice of the final model structure will be decided by minimizing the information loss quantified by Akaike’s Information Criterion (AIC). The effect sizes for the baseline-adjusted between-group differences and within-group changes over time estimated from the models will be reported along with their 95% confidence intervals.



Moreover, a prediction model will be created to assess the gene expression profiles as predictors for the main outcomes. This will be conducted using three-step backward stepwise regression analyses; (1) gene expression profiles and other variables deemed to be of importance will be used to fit a regression model with which the Akaike information criterion (AIC) will be calculated, (2) the variable with the least significant p-value will be removed. Step 2 will be repeated until the removal of any prognostic factors no longer affects or increases the AIC or all p-values are <0.157 [54]. R-squared values will be used to assess the overall model performance. Area under the curve (AUC) will be used to assess discriminating ability (values of 0.7 to 0.8 are considered acceptable, 0.8 to 0.9 excellent, and 0.9 to 1.0 outstanding) [55]. The Hosmer–Lemeshow test will be used to estimate the calibration and calibration slope (p-value > 0.05 is considered good calibration). Internal validation will also be conducted using 200 bootstrap samples.




2.3.2. Power Calculation


To assess the sample size requirements for the genetic aspect of the study, a power calculation was conducted. Current mRNA sequencing analyses showed that 8 test subjects versus 8 controls should provide a significant difference regarding the gene expression (see Figure 4). This calculation was based on pilot data from a previous project including three pain free patients and three pain patients. Hence, aiming for at least 20 participants in each group is estimated to suffice.




2.3.3. EEG Processing


The raw EEG data will be preprocessed offline using EEGLAB (version 14.1.1) [56] and ERPLAB (version 6.1.4) [57] running on MATLAB (2015b) (the MathWorks, Inc, Natick, MA, United States). For the EEG preprocessing, 62 electrodes will be used for the data processing, whereas the average of mastoids (M1 and M2) will be used as a reference. The PREP pipeline (version 0.55.1) [58] will be used to remove and interpolate bad channels, line noise, and re-referencing. The following PREP pipeline parameters will be used. Line frequencies of 50 Hz and their harmonics will be selected for noise removal while keeping the taper bandwidth and window size/step as their default settings. We will select the robust average referencing method for the PREP pipeline. The spline interpolation method will be used to interpolate bad channels highlighted by the PREP pipeline. This pipeline will try to interpolate bad channels, and very noisy channels will be left as “still noisy channels”. These “still noisy channels” will be removed from the data and adaptive mixture independent component analyses (AMICA) will be run. After the completion of the AMICA, the removed channels will be interpolated back into the data using spline interpolation.



After running the PREP pipeline, the data-cleaning steps highlighted in a previous study [59] will be followed. The IClabel [60] will be used to mark the AMICA components into brain, eye, muscle, channel, and other noise. These markings will then be visually inspected based on the components’ features such as frequency response, activity window, and dipole formation (see Figure 5).



After using IClabel and manual checks, the data will then be cleaned and loaded into Brainstorm [61] for source estimation and EEGLAB [56] for frequency-based analysis. The complete EEG processing pipeline is shown in Figure 6.




2.3.4. EEG Source Localization


To estimate the location and activity of underlying neural sources based on measurements obtained from multiple sensors or electrodes [62], EEG source reconstruction will be performed using Brainstorm [61] in MATLAB R2022a. The overall process of source reconstruction is shown in Figure 7.



There are two main problems in EEG source reconstruction: forward modeling and inverse modeling. Both are dependent on each other for accurate source reconstruction. Forward modeling involves the human head, including its scalp, skull, cortex, and electromagnetic properties, as shown in Figure 7. The inverse modeling problem uses information about cortical activity from forward modeling.



Forward Modelling


This section outlines the forward modeling process for EEG source reconstruction. The goal in forward modeling is to determine the location and orientation of EEG sensors relative to the cortical source, which requires defining the location and orientation of the current dipole fields [61,63]. This will be accomplished by placing source dipoles on a voxel grid space approximating the cortical space, ensuring that the orientation is perpendicular to the cortex. The symmetric boundary element method (Open MEEG BEM) will be used to model the dipoles for all subjects [61]. A default generic head model from Brainstorm will be employed, which features 15,000 vertices and a three-layer compartment (scalp, skull, and brain). Tissue conductivities will be set based on a previous study [63]: scalp = 1, skull = 0.0125, and brain = 1. The forward model will be calculated after defining the 64 electrode locations, including M1 and M2, on the scalp using the 10–12 electrode placement system and the 64-channel location file of the TMSI 64-channel amplifier.




Inverse Modelling


For the inverse modeling, the standardized low-resolution brain electro-magnetic tomography (sLORETA) method will be used to adjust the current density maps of the source dipoles, representing them as normalized current densities perpendicular to the cortex [64]. To efficiently assess functional connectivity, high-resolution sources will be grouped based on the Desikan–Killiany atlas, which defines 68 regions of interest (ROIs) on the cortex surface. Averaging the time series within each ROI, a [ROIs × time] matrix will be formed. The sign of the dipoles will be flipped in the opposite direction before averaging to prevent activity cancellation. This approach will enable an accurate estimation of brain activity and an understanding of how different brain regions are connected.



Once source reconstruction is completed, a functional connectivity analysis will be calculated based on the Phase Lag Index (PLI). The data will be divided into narrow-band signals. A fourth-order Butterworth filter will acquire the three frequency bands, alpha, beta, and gamma. The frequency bands of the EEG sources of the brain will be defined from the reported ranges: alpha (7.5–12.5 Hz), beta (12.5–30 Hz), and gamma (30–40 Hz) [65]. To create 68 × 68 connectivity matrices, the Desikan–Killiany atlas of 68 regions will be used. Out of the 68 regions of the Desikan–Killiany atlas, brain areas will be selected based on their previous association with the perception of pain, including but not limited to the sensory cortex, anterior cingulate cortex, and prefrontal cortex [66]. The focus will be on the three brain networks associated with pain: (1) Default Mode Network (DMN), (2) Central Executive Network (CEN), and (3) Salience Network (SEN). The associated brain regions of these networks in the Desikan–Killiany atlas are shown in Table 3.



These connectivity matrices (68 × 68) will be loaded into GraphVar 2.0 [67] along with the brain source information from Table 2 for a cluster-based permutation test to identify significant connectivity patterns within specified brain regions. These significant brain regions will be plotted on the cortex using BrainNet viewer 1.7 [68].




Cluster-Based Permutation Using GraphVar


In the present study, the GraphVar toolbox will be used to analyze Phase Lag Index (PLI) connectivity matrices [67]. The connections between each pair of nodes within the matrix will be examined. To handle the challenge of multiple comparisons, GraphVar organises significant links into Graph-Components, which can be considered as sub-networks. These components will be measured, such as how clusters are identified in fMRI [69]. GraphVar compares these to randomly generated data within the software to determine if a graph component’s size is non-random. GraphVar then computes a p-value for each non-random component. This will allow GraphVar to pinpoint significant connectivity patterns. In the statistical section of GraphVar, the within-subject design will be chosen, where data from subjects will be collected across multiple sessions (before, during, and after CP test) coupled with a between-group analysis. GraphVar then calculates the mean PLI differences between two sessions simultaneously (e.g., pre–post) and between groups. Importantly, these calculations will only consider significant non-random graph components. The results will highlight the brain connections where the main PLI is significantly different between sessions, hence identifying changes in connectivity patterns.



In summary, GraphVar will be provided with a 68 × 68 PLI matrix and 31 regions of interest. In its output, GraphVar will provide a 31 × 31 probability matrix and a 31 × 31 effect size matrix, which will then be loaded into BrainNet Viewer [68] for visualization.





2.3.5. EEG Frequency and Time–Frequency Analysis


The clean data from all sensors (electrodes) will be used for the frequency analysis. The average power of each classical frequency band, including delta (1–4 Hz), theta (4.1–8 Hz), alpha (8.1–12 Hz), beta (12.1–32 Hz), and gamma (32.1–80 Hz) will be determined. These measurements will be used to analyze differences in the basic EEG frequency-based parameters among different conditions (rest, CP test) and groups (control, short-lasting, and long-lasting pain). Additionally, correlations between these measurements and key demographic and clinical variables will be assessed. This approach will help to identify potential alterations in theta, alpha, and beta power, as previous studies have shown this in these frequency bands during experimentally induced pain and a trend towards a decreased alpha and beta power in persistent musculoskeletal pain conditions. A time–frequency analysis will also be performed to investigate the dynamic changes in brain oscillations during rest and experimentally induced pain conditions.



To investigate the dynamic changes in brain oscillations, a time–frequency analysis on the pre-processed EEG data will be performed. The data will first be divided into 20 s epochs (broader analysis). The power spectrum obtained from each epoch’s Fast Fourier Transform (FFT) will then be multiplied by a set of complex Morlet [70] wavelets through a process called convolution. This allows for a simultaneous examination of the power of the EEG signals at different frequencies and time points. Morlet wavelets, characterized by sinusoidal waves modulated by a Gaussian envelope, can capture dynamic changes in brain oscillations across different frequency bands (e.g., delta, theta, alpha, beta, and gamma) by observing how the power of these frequency bands varies over time within each epoch. This method effectively reveals how brain activity evolves temporally and across different frequencies.




2.3.6. mRNA Sequencing Analyses


Quality control and analyses of the gene expression data will be conducted as follows. The quality of the raw sequencing files will first be assessed with fastqc (v0.11.9) and multiqc (v1.11), and adapters together with the low-quality bases will be removed using trimmomatic (v0.39). The trimmed reads will be mapped to the hg38 reference human genome with the STAR aligner (v2.7.9a) [71], and postprocessing of the mapped reads will be performed with samtools (v1.13) [72]. The gencode annotation corresponding to the reference genome will be used to summarize the read counts across the relevant genomic features (e.g., genes, exons, and promoters) with featureCounts (included in subread package v2.0.1) [73]. The obtained read counts will be used for the further downstream phase of the expression data analysis. In the next phase of the data analysis, DESeq2 (v1.32.0) [74] will be used to identify differences in the expression profiles between the patient groups. A gene set enrichment analysis will be performed with clusterProfiler (v4.0.0) [75], and Weighted Gene Co-expression Network Analysis (WGCNA) (v1.70-3) [76] will be used to identify groups of co-expressing genes, as well as to explore relatedness between clinical variables and the groups of co-expressing genes.






3. Expected Results


Recruitment will start during the second quarter of 2024 and is expected to run for 6 to 9 months, with the final data collection completed within the first quarter of 2025. The results are expected to be ready by the third quarter of 2025.



Upon the completion of this study, the expected results will (1) identify the key EEG features that can distinguish different pain states, before and after evoked experimental pain (CP test), (2) uncover potential gene expression changes before and after CP test within and between individuals with different clinical pain statuses, (3) test if there is a correlation between the EEG activity and mRNA profiles of the individuals, and (4) investigate if the uncovered mRNA profiles can be used to predict a higher risk of a persistent LBP trajectory. We hope that the combination of these methods can provide more knowledge on the transition from acute to persistent pain, which, in turn, could guide future research focus.




4. Discussion


In this paper, we presented a protocol describing the design and methods for an unexplored combination of modalities using EEG and RNA seq of blood cells for investigating the transition from mild short-lasting (acute) to moderate/severe long-lasting (persistent) LBP. We hypothesize that this combination may reveal correlations between EEG, RNA seq, and pain that can help to predict the development of persistent pain.



The initial aspect of the project will focus on establishing the groundwork, i.e., mapping any EEG features that can be seen in different pain states, and uncovering mRNA expression profiles. These findings will then be assessed in relation to each other and the outcomes. A comparison will also be made between the RNA profiles before and after the CP test with the intent to investigate any resulting changes induced by the test. Further, these results will then be used to determine if the mRNA expression profiles can be used as predictors for an increased risk of persistent LBP. For those in the mild short-lasting pain group who are invited back for a second round of EEG, a comparison of brain activity between baseline and the 3-month follow-up will be conducted.



Despite EEG being a non-invasive and relatively simple method to use, it has some challenges, such as, e.g., EEG source reconstruction. For accurate source reconstruction, forward and inverse modeling are dependent on each other [63]. Forward modeling involves the human head, including its scalp, skull, cortex, and electromagnetic properties [77]. Inverse modeling uses the information about cortical activity from forward modeling to identify the most likely locations and strength [63].



Regardless, persistent LBP is famously a complex condition. Hence, understanding the different influencing physiological factors leading to persistent LBP, as well as those maintaining its vicious cycle, is paramount. This study will, therefore, be an important first step in assessing whether the chosen modalities are compatible in assessing such processes. By exploring both neuronal activity and gene expression as potential predictors, the intention is to explore alternative ways of uncovering predictors and increasing the understanding of the physiological processes involved in persistent LBP.



4.1. Limitations


As with all longitudinal studies, compliance may be a challenge. Due to the chosen distribution of questionnaires, via email, there is a risk of participants forgetting to answer. If an answer is not received within a couple of days, participants will be contacted by telephone with a gentle reminder. However, by distributing the questionnaires via email and not asking participants to meet up in person, this may lower the effort needed to respond, as the questionnaire can be answered on the participants’ own laptop or mobile device at their leisure.



Another challenge could be the time between the CP test and the second blood sample collection. Currently, there is a lack of peer-reviewed evidence providing guidelines regarding optimal time between stimuli and measurable changes in blood mRNA expression. However, previous studies have collected blood samples at different time points from immediately after their test protocol up to 20, 30, and 40 min and even 8 h [33,78,79]. The post-CP-test sample for the present study will be taken at 30 min based on these previous studies and also for pragmatic reasons. We do, however, acknowledge that this may be a weakness that could directly influence the chance of detecting a measurable change in gene expression peripherally.



Further, by including a potential second in-person assessment, there might be some of those invited who will decline the invitation. Additionally, as it is expected that only a small number of the mild short-lasting group will develop persistent pain, the number of participants invited back might be small. Still, the first part of the study has an acceptable power. Also, the study will be important for the design of further studies.




4.2. Data Management, Storage, and Security


The collected data from the questionnaires and EEG measurements will be stored on institutional network drives with firewalls and security measures in place according to national and European Union data protection regulations. Any hard copy records will be locked in a secure location for storage. Any access to these records is limited to selected study personnel. The collected blood samples will be de-identified prior to PBMC processing and stored in a −80 °C freezer at AUT Roche Laboratory. The storage room is secured by locked doors and is only accessible to approved staff at AUT Roche Laboratory. The samples will be stored in this room safely until shipment to Novogene, Co., Ltd., Cambridge, UK, for further analyses. Biological material that is not used for the mRNA sequencing will be destroyed according to the current regulations at AUT Roche Laboratory. Only personnel directly involved in the sample collection will have access to the collected material. All collected data will be de-identified and stored separately from the raw data. For the purpose of analyses, only anonymized and de-identified data will be used.









Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/brainsci14070641/s1, File S1: Peripheral blood mononuclear cell (PBMC) isolation protocol. File S2: Cryopreservation protocol.





Author Contributions


Conceptualization, A.-C.S., T.M., J.G., I.K.N., R.J. and H.H.; methodology, A.-C.S., T.M., J.G., I.K.N., R.J., H.H. and U.G.; writing—original draft preparation, A.-C.S.; writing—review and editing, A.-C.S., T.M., J.G., I.K.N., R.J., H.H. and U.G. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by Oslo Metropolitan University, Norway, and Et Liv I Bevegelse (ELIB) research foundation.




Institutional Review Board Statement


The study was conducted in accordance with the Declaration of Helsinki and approved by the Health and Disability Ethics Committee (reference 2023 EXP 19096).




Informed Consent Statement


Written, informed consent will be obtained from all subjects involved in the study.




Data Availability Statement


Once collected and processed, data may be available on request.




Acknowledgments


Auckland University of Technology (AUT) and Roche Laboratory who will provide laboratory facilities and support for all lab requirements.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Ferreira, M.L.; de Luca, K.; Haile, L.M.; Steinmetz, J.D.; Culbreth, G.T.; Cross, M.; Kopec, J.A.; Ferreira, P.H.; Blyth, F.M.; Buchbinder, R.; et al. Global, Regional, and National Burden of Low Back Pain, 1990–2020, Its Attributable Risk Factors, and Projections to 2050: A Systematic Analysis of the Global Burden of Disease Study 2021. Lancet Rheumatol. 2023, 5, e316–e329. [Google Scholar] [CrossRef] [PubMed]

	



Wu, A.; March, L.; Zheng, X.; Huang, J.; Wang, X.; Zhao, J.; Blyth, F.M.; Smith, E.; Buchbinder, R.; Hoy, D. Global Low Back Pain Prevalence and Years Lived with Disability from 1990 to 2017: Estimates from the Global Burden of Disease Study 2017. Ann. Transl. Med. 2020, 8, 299. [Google Scholar] [CrossRef]

	



Koes, B.W.; van Tulder, M.W.; Thomas, S. Diagnosis and Treatment of Low Back Pain. BMJ 2006, 332, 1430–1434. [Google Scholar] [CrossRef]

	



Maher, C.; Underwood, M.; Buchbinder, R. Non-Specific Low Back Pain. Lancet 2017, 389, 736–747. [Google Scholar] [CrossRef]

	



Nicol, V.; Verdaguer, C.; Daste, C.; Bisseriex, H.; Lapeyre, É.; Lefèvre-Colau, M.-M.; Rannou, F.; Rören, A.; Facione, J.; Nguyen, C. Chronic Low Back Pain: A Narrative Review of Recent International Guidelines for Diagnosis and Conservative Treatment. J. Clin. Med. 2023, 12, 1685. [Google Scholar] [CrossRef]

	



Kroenke, K.; Outcalt, S.; Krebs, E.; Bair, M.J.; Wu, J.; Chumbler, N.; Yu, Z. Association between Anxiety, Health-Related Quality of Life and Functional Impairment in Primary Care Patients with Chronic Pain. Gen. Hosp. Psychiatry 2013, 35, 359–365. [Google Scholar] [CrossRef]

	



Turk, D.C.; Fillingim, R.B.; Ohrbach, R.; Patel, K.V. Assessment of Psychosocial and Functional Impact of Chronic Pain. J. Pain. 2016, 17, T21–T49. [Google Scholar] [CrossRef]

	



Chou, R.; Shekelle, P. Will This Patient Develop Persistent Disabling Low Back Pain? JAMA 2010, 303, 1295–1302. [Google Scholar] [CrossRef]

	



Treede, R.-D.; Rief, W.; Barke, A.; Aziz, Q.; Bennett, M.I.; Benoliel, R.; Cohen, M.; Evers, S.; Finnerup, N.B.; First, M.B.; et al. A Classification of Chronic Pain for ICD-11. Pain 2015, 156, 1003–1007. [Google Scholar] [CrossRef]

	



Apkarian, A.V.; Hashmi, J.A.; Baliki, M.N. Pain and the Brain: Specificity and Plasticity of the Brain in Clinical Chronic Pain. Pain 2011, 152, S49–S64. [Google Scholar] [CrossRef]

	



Yeater, T.D.; Cruz, C.J.; Cruz-Almeida, Y.; Allen, K.D. Autonomic Nervous System Dysregulation and Osteoarthritis Pain: Mechanisms, Measurement, and Future Outlook. Curr. Rheumatol. Rep. 2022, 24, 175–183. [Google Scholar] [CrossRef]

	



Hashmi, J.A.; Baliki, M.N.; Huang, L.; Baria, A.T.; Torbey, S.; Hermann, K.M.; Schnitzer, T.J.; Apkarian, A.V. Shape Shifting Pain: Chronification of Back Pain Shifts Brain Representation from Nociceptive to Emotional Circuits. Brain 2013, 136, 2751–2768. [Google Scholar] [CrossRef]

	



Tiemann, L.; May, E.S.; Postorino, M.; Schulz, E.; Nickel, M.M.; Bingel, U.; Ploner, M. Differential Neurophysiological Correlates of Bottom-up and Top-down Modulations of Pain. Pain 2015, 156, 289. [Google Scholar] [CrossRef]

	



Hannibal, K.E.; Bishop, M.D. Chronic Stress, Cortisol Dysfunction, and Pain: A Psychoneuroendocrine Rationale for Stress Management in Pain Rehabilitation. Phys. Ther. 2014, 94, 1816–1825. [Google Scholar] [CrossRef] [PubMed]

	



Jennings, E.M.; Okine, B.N.; Roche, M.; Finn, D.P. Stress-Induced Hyperalgesia. Prog. Neurobiol. 2014, 121, 1–18. [Google Scholar] [CrossRef]

	



Jankord, R.; Herman, J.P. Limbic regulation of hypothalamo-pituitary-adrenocortical function during acute and chronic stress. Ann. N. Y. Acad. Sci. 2008, 1148, 64–73. [Google Scholar] [CrossRef]

	



Weissman-Fogel, I.; Sprecher, E.; Pud, D. Effects of Catastrophizing on Pain Perception and Pain Modulation. Exp. Brain Res. 2008, 186, 79–85. [Google Scholar] [CrossRef]

	



Carter, L.E.; McNeil, D.W.; Vowles, K.E.; Sorrell, J.T.; Turk, C.L.; Ries, B.J.; Hopko, D.R. Effects of Emotion on Pain Reports, Tolerance and Physiology. Pain Res. Manag. 2002, 7, 21–30. [Google Scholar] [CrossRef]

	



Rainville, P.; Feine, J.S.; Bushnell, M.C.; Duncan, G.H. A Psychophysical Comparison of Sensory and Affective Responses to Four Modalities of Experimental Pain. Somatosens. Mot. Res. 1992, 9, 265–277. [Google Scholar] [CrossRef]

	



Nahman-Averbuch, H.; Nir, R.-R.; Sprecher, E.; Yarnitsky, D. Psychological Factors and Conditioned Pain Modulation: A Meta-Analysis. Clin. J. Pain. 2016, 32, 541–554. [Google Scholar] [CrossRef]

	



Rodriguez-Raecke, R.; Niemeier, A.; Ihle, K.; Ruether, W.; May, A. Structural Brain Changes in Chronic Pain Reflect Probably Neither Damage Nor Atrophy. PLoS ONE 2013, 8, e54475. [Google Scholar] [CrossRef] [PubMed]

	



Stampanoni Bassi, M.; Iezzi, E.; Gilio, L.; Centonze, D.; Buttari, F. Synaptic Plasticity Shapes Brain Connectivity: Implications for Network Topology. Int. J. Mol. Sci. 2019, 20, 6193. [Google Scholar] [CrossRef]

	



Gwak, Y.S.; Hulsebosch, C.E.; Leem, J.W. Neuronal-Glial Interactions Maintain Chronic Neuropathic Pain after Spinal Cord Injury. Neural Plast. 2017, 2017, 2480689. [Google Scholar] [CrossRef]

	



Hohenschurz-Schmidt, D.J.; Calcagnini, G.; Dipasquale, O.; Jackson, J.B.; Medina, S.; O’Daly, O.; O’Muircheartaigh, J.; de Lara Rubio, A.; Williams, S.C.R.; McMahon, S.B.; et al. Linking Pain Sensation to the Autonomic Nervous System: The Role of the Anterior Cingulate and Periaqueductal Gray Resting-State Networks. Front. Neurosci. 2020, 14, 147. [Google Scholar] [CrossRef]

	



Barakat, A.; Vogelzangs, N.; Licht, C.M.M.; Geenen, R.; MacFarlane, G.J.; de Geus, E.J.C.; Smit, J.H.; Penninx, B.W.J.H.; Dekker, J. Dysregulation of the Autonomic Nervous System and Its Association with the Presence and Intensity of Chronic Widespread Pain. Arthritis Care Res. 2012, 64, 1209–1216. [Google Scholar] [CrossRef]

	



Fenoglio, K.A.; Chen, Y.; Baram, T.Z. Neuroplasticity of the Hypothalamic–Pituitary–Adrenal Axis Early in Life Requires Recurrent Recruitment of Stress-Regulating Brain Regions. J. Neurosci. 2006, 26, 2434–2442. [Google Scholar] [CrossRef] [PubMed]

	



Mussigmann, T.; Bardel, B.; Lefaucheur, J.-P. Resting-State Electroencephalography (EEG) Biomarkers of Chronic Neuropathic Pain. A Systematic Review. Neuroimage 2022, 258, 119351. [Google Scholar] [CrossRef]

	



Gram, M.; Graversen, C.; Olesen, S.S.; Drewes, A.M. Dynamic Spectral Indices of the Electroencephalogram Provide New Insights into Tonic Pain. Clin. Neurophysiol. 2015, 126, 763–771. [Google Scholar] [CrossRef]

	



Huber, M.T.; Bartling, J.; Pachur, D.; Woikowsky-Biedau, S.V.; Lautenbacher, S. EEG Responses to Tonic Heat Pain. Exp. Brain Res. 2006, 173, 14–24. [Google Scholar] [CrossRef] [PubMed]

	



Nir, R.-R.; Sinai, A.; Raz, E.; Sprecher, E.; Yarnitsky, D. Pain Assessment by Continuous EEG: Association between Subjective Perception of Tonic Pain and Peak Frequency of Alpha Oscillations during Stimulation and at Rest. Brain Res. 2010, 1344, 77–86. [Google Scholar] [CrossRef]

	



Nir, R.-R.; Sinai, A.; Moont, R.; Harari, E.; Yarnitsky, D. Tonic Pain and Continuous EEG: Prediction of Subjective Pain Perception by Alpha-1 Power during Stimulation and at Rest. Clin. Neurophysiol. 2012, 123, 605–612. [Google Scholar] [CrossRef]

	



Mueller, B.; Figueroa, A.; Robinson-Papp, J. Structural and Functional Connections between the Autonomic Nervous System, Hypothalamic–Pituitary–Adrenal Axis, and the Immune System: A Context and Time Dependent Stress Response Network. Neurol. Sci. 2022, 43, 951–960. [Google Scholar] [CrossRef]

	



Glotov, A.S.; Zelenkova, I.E.; Vashukova, E.S.; Shuvalova, A.R.; Zolotareva, A.D.; Polev, D.E.; Barbitoff, Y.A.; Glotov, O.S.; Sarana, A.M.; Shcherbak, S.G.; et al. RNA Sequencing of Whole Blood Defines the Signature of High Intensity Exercise at Altitude in Elite Speed Skaters. Genes 2022, 13, 574. [Google Scholar] [CrossRef]

	



Sorrells, S.F.; Sapolsky, R.M. An Inflammatory Review of Glucocorticoid Actions in the CNS. Brain Behav. Immun. 2007, 21, 259–272. [Google Scholar] [CrossRef]

	



Sudheimer, K.D.; O’Hara, R.; Spiegel, D.; Powers, B.; Kraemer, H.C.; Neri, E.; Weiner, M.; Hardan, A.; Hallmayer, J.; Dhabhar, F.S. Cortisol, Cytokines, and Hippocampal Volume Interactions in the Elderly. Front. Aging Neurosci. 2014, 6, 153. [Google Scholar] [CrossRef] [PubMed]

	



Vitlic, A.; Lord, J.M.; Phillips, A.C. Stress, Ageing and Their Influence on Functional, Cellular and Molecular Aspects of the Immune System. Age 2014, 36, 9631. [Google Scholar] [CrossRef] [PubMed]

	



Zefferino, R.; Di Gioia, S.; Conese, M. Molecular Links between Endocrine, Nervous and Immune System during Chronic Stress. Brain Behav. 2021, 11, e01960. [Google Scholar] [CrossRef]

	



McEwen, B.S. The Ever-Changing Brain: Cellular and Molecular Mechanisms for the Effects of Stressful Experiences. Dev. Neurobiol. 2012, 72, 878–890. [Google Scholar] [CrossRef]

	



Galon, J.; Franchimont, D.; Hiroi, N.; Frey, G.; Boettner, A.; Ehrhart-Bornstein, M.; O’shea, J.J.; Chrousos, G.P.; Bornstein, S.R. Gene Profiling Reveals Unknown Enhancing and Suppressive Actions of Glucocorticoids on Immune Cells. FASEB J. 2002, 16, 61–71. [Google Scholar] [CrossRef]

	



Kapitzke, D.; Vetter, I.; Cabot, P.J. Endogenous Opioid Analgesia in Peripheral Tissues and the Clinical Implications for Pain Control. Ther. Clin. Risk Manag. 2005, 1, 279–297. [Google Scholar]

	



El-Brolosy, M.A.; Stainier, D.Y.R. Genetic Compensation: A Phenomenon in Search of Mechanisms. PLoS Genet. 2017, 13, e1006780. [Google Scholar] [CrossRef] [PubMed]

	



Bortsov, A.V.; Parisien, M.; Khoury, S.; Martinsen, A.E.; Lie, M.U.; Heuch, I.; Hveem, K.; Zwart, J.-A.; Winsvold, B.S.; Diatchenko, L. Brain-Specific Genes Contribute to Chronic but Not to Acute Back Pain. Pain Rep. 2022, 7, e1018. [Google Scholar] [CrossRef] [PubMed]

	



Chiarotto, A.; Maxwell, L.J.; Ostelo, R.W.; Boers, M.; Tugwell, P.; Terwee, C.B. Measurement Properties of Visual Analogue Scale, Numeric Rating Scale, and Pain Severity Subscale of the Brief Pain Inventory in Patients with Low Back Pain: A Systematic Review. J. Pain. 2019, 20, 245–263. [Google Scholar] [CrossRef] [PubMed]

	



Nim, C.G.; Vach, W.; Downie, A.; Kongsted, A. Do Visual Pain Trajectories Reflect the Actual Course of Low Back Pain? A Longitudinal Cohort Study. J. Pain. 2023, 24, 1506–1521. [Google Scholar] [CrossRef] [PubMed]

	



Tubach, F.; Wells, G.A.; Ravaud, P.; Dougados, M. Minimal Clinically Important Difference, Low Disease Activity State, and Patient Acceptable Symptom State: Methodological Issues. J. Rheumatol. 2005, 32, 2025–2029. [Google Scholar]

	



Grotle, M.; Brox, J.I.; Vøllestad, N.K. Reliability, Validity and Responsiveness of the Fear-Avoidance Beliefs Questionnaire: Methodological Aspects of the Norwegian Version. J. Rehabil. Med. 2006, 38, 346–353. [Google Scholar] [CrossRef] [PubMed]

	



Williamson, E. Fear Avoidance Beliefs Questionnaire (FABQ). Aust. J. Physiother. 2006, 52, 149. [Google Scholar] [CrossRef]

	



Ikemoto, T.; Hayashi, K.; Shiro, Y.; Arai, Y.-C.; Marcuzzi, A.; Costa, D.; Wrigley, P. A Systematic Review of Cross-Cultural Validation of the Pain Catastrophizing Scale. Eur. J. Pain. 2020, 24, 1228–1241. [Google Scholar] [CrossRef]

	



Chiarotto, A.; Ostelo, R.W.; Boers, M.; Terwee, C.B. A Systematic Review Highlights the Need to Investigate the Content Validity of Patient-Reported Outcome Measures for Physical Functioning in Patients with Low Back Pain. J. Clin. Epidemiol. 2018, 95, 73–93. [Google Scholar] [CrossRef]

	



Pallesen, S.; Bjorvatn, B.; Nordhus, I.H.; Sivertsen, B.; Hjørnevik, M.; Morin, C.M. A New Scale for Measuring Insomnia: The Bergen Insomnia Scale. Percept. Mot. Skills 2008, 107, 691–706. [Google Scholar] [CrossRef]

	



Compton, P.A.; Wu, S.M.; Schieffer, B.; Pham, Q.; Naliboff, B.D. Introduction of a Self-Report Version of the Prescription Drug Use Questionnaire and Relationship to Medication Agreement Non-Compliance. J. Pain. Symptom Manag. 2008, 36, 383–395. [Google Scholar] [CrossRef] [PubMed]

	



Kleppang, A.L.; Hagquist, C. The Psychometric Properties of the Hopkins Symptom Checklist-10: A Rasch Analysis Based on Adolescent Data from Norway. Fam. Pract. 2016, 33, 740–745. [Google Scholar] [CrossRef]

	



Wang, Y.-P.; Gorenstein, C. Psychometric Properties of the Beck Depression Inventory-II: A Comprehensive Review. Braz. J. Psychiatry 2013, 35, 416–431. [Google Scholar] [CrossRef] [PubMed]

	



Collins, G.S.; Reitsma, J.B.; Altman, D.G.; Moons, K.G. Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis (TRIPOD): The TRIPOD Statement. BMC Med. 2015, 13, 55–63. [Google Scholar] [CrossRef]

	



Hosmer, D.W.; Lemeshow, S.; Sturdivant, R.X. Applied Logistic Regression, 1st ed.; Wiley Series in Probability and Statistics; Wiley: Hoboken, NJ, USA, 2013; ISBN 978-0-470-58247-3. [Google Scholar]

	



Delorme, A.; Makeig, S. EEGLAB: An Open Source Toolbox for Analysis of Single-Trial EEG Dynamics Including Independent Component Analysis. J. Neurosci. Methods 2004, 134, 9–21. [Google Scholar] [CrossRef]

	



Lopez-Calderon, J.; Luck, S.J. ERPLAB: An Open-Source Toolbox for the Analysis of Event-Related Potentials. Front. Hum. Neurosci. 2014, 8, 213. [Google Scholar] [CrossRef]

	



Bigdely-Shamlo, N.; Mullen, T.; Kothe, C.; Su, K.-M.; Robbins, K.A. The PREP Pipeline: Standardized Preprocessing for Large-Scale EEG Analysis. Front. Neuroinform. 2015, 9, 16. [Google Scholar] [CrossRef]

	



The Effects of Filter’s Class, Cutoff Frequencies, and Independent Component Analysis on the Amplitude of Somatosensory Evoked Potentials Recorded from Healthy Volunteers—PMC. Available online: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6603557/ (accessed on 14 April 2024).

	



Pion-Tonachini, L.; Kreutz-Delgado, K.; Makeig, S. ICLabel: An Automated Electroencephalographic Independent Component Classifier, Dataset, and Website. Neuroimage 2019, 198, 181–197. [Google Scholar] [CrossRef]

	



Tadel, F.; Baillet, S.; Mosher, J.C.; Pantazis, D.; Leahy, R.M. Brainstorm: A User-Friendly Application for MEG/EEG Analysis. Comput. Intell. Neurosci. 2011, 2011, 879716. [Google Scholar] [CrossRef]

	



Hämäläinen, M.S.; Ilmoniemi, R.J. Interpreting Magnetic Fields of the Brain: Minimum Norm Estimates. Med. Biol. Eng. Comput. 1994, 32, 35–42. [Google Scholar] [CrossRef]

	



Sadleir, R.J.; Argibay, A. Modeling Skull Electrical Properties. Ann. Biomed. Eng. 2007, 35, 1699–1712. [Google Scholar] [CrossRef] [PubMed]

	



Brunovsky, M.; Krajca, V.; Diblikova, F.; Bartos, A.; Zavesicka, L.; Matousek, M. Standardized Low-Resolution Brain Electromagnetic Tomography (sLORETA) in the Prediction of Response to Cholinesterase Inhibitors in Patients with Alzheimer’s Disease. Ann. Gen. Psychiatry 2008, 7, S277. [Google Scholar] [CrossRef]

	



Newson, J.J.; Thiagarajan, T.C. EEG Frequency Bands in Psychiatric Disorders: A Review of Resting State Studies. Front. Hum. Neurosci. 2018, 12, 521. [Google Scholar] [CrossRef]

	



Yang, S.; Chang, M.C. Chronic Pain: Structural and Functional Changes in Brain Structures and Associated Negative Affective States. Int. J. Mol. Sci. 2019, 20, 3130. [Google Scholar] [CrossRef] [PubMed]

	



Waller, L.; Brovkin, A.; Dorfschmidt, L.; Bzdok, D.; Walter, H.; Kruschwitz, J.D. GraphVar 2.0: A User-Friendly Toolbox for Machine Learning on Functional Connectivity Measures. J. Neurosci. Methods 2018, 308, 21–33. [Google Scholar] [CrossRef]

	



Xia, M.; Wang, J.; He, Y. BrainNet Viewer: A Network Visualization Tool for Human Brain Connectomics. PLoS ONE 2013, 8, e68910. [Google Scholar] [CrossRef]

	



Goutte, C.; Toft, P.; Rostrup, E.; Nielsen, F.Å.; Hansen, L.K. On Clustering fMRI Time Series. NeuroImage 1999, 9, 298–310. [Google Scholar] [CrossRef]

	



Navid, M.S.; Kammermeier, S.; Niazi, I.K.; Sharma, V.D.; Vuong, S.M.; Bötzel, K.; Greenlee, J.D.W.; Singh, A. Cognitive Task-Related Oscillations in Human Internal Globus Pallidus and Subthalamic Nucleus. Behav. Brain Res. 2022, 424, 113787. [Google Scholar] [CrossRef]

	



Dobin, A.; Davis, C.A.; Schlesinger, F.; Drenkow, J.; Zaleski, C.; Jha, S.; Batut, P.; Chaisson, M.; Gingeras, T.R. STAR: Ultrafast Universal RNA-Seq Aligner. Bioinformatics 2013, 29, 15–21. [Google Scholar] [CrossRef]

	



Li, H.; Handsaker, B.; Wysoker, A.; Fennell, T.; Ruan, J.; Homer, N.; Marth, G.; Abecasis, G.; Durbin, R. The Sequence Alignment/Map Format and SAMtools. Bioinformatics 2009, 25, 2078–2079. [Google Scholar] [CrossRef]

	



Liao, Y.; Smyth, G.K.; Shi, W. featureCounts: An Efficient General Purpose Program for Assigning Sequence Reads to Genomic Features. Bioinformatics 2014, 30, 923–930. [Google Scholar] [CrossRef] [PubMed]

	



Love, M.I.; Huber, W.; Anders, S. Moderated Estimation of Fold Change and Dispersion for RNA-Seq Data with DESeq2. Genome Biol. 2014, 15, 550. [Google Scholar] [CrossRef] [PubMed]

	



Yu, G.; Wang, L.-G.; Han, Y.; He, Q.-Y. clusterProfiler: An R Package for Comparing Biological Themes Among Gene Clusters. Omics J. Integr. Biol. 2012, 16, 284–287. [Google Scholar] [CrossRef] [PubMed]

	



Langfelder, P.; Horvath, S. WGCNA: An R Package for Weighted Correlation Network Analysis. BMC Bioinform. 2008, 9, 559. [Google Scholar] [CrossRef] [PubMed]

	



Hassan, M.; Wendling, F. Electroencephalography Source Connectivity: Aiming for High Resolution of Brain Networks in Time and Space. IEEE Signal Process. Mag. 2018, 35, 81–96. [Google Scholar] [CrossRef]

	



Popov, D.V.; Makhnovskii, P.A.; Kurochkina, N.S.; Lysenko, E.A.; Vepkhvadze, T.F.; Vinogradova, O.L. Intensity-Dependent Gene Expression after Aerobic Exercise in Endurance-Trained Skeletal Muscle. Biol. Sport. 2018, 35, 277–289. [Google Scholar] [CrossRef]

	



Franken, C.; Remy, S.; Lambrechts, N.; Hollanders, K.; Den Hond, E.; Schoeters, G. Peripheral Blood Collection: The First Step towards Gene Expression Profiling. Biomarkers 2016, 21, 458–465. [Google Scholar] [CrossRef]








[image: Brainsci 14 00641 g001] 





Figure 1. Proposed flow of participant exclusion criteria and group assignment. A total of at least 20 participants. EEG—electro-encephalography and NRS—numeric rating scale. 
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Figure 2. Proposed flow of study and data collection. AUT—Auckland University of Technology; EEG—electro-encephalography; CP—cold pressor. The EEG measurements consists of 3 min of eyes open and 3 min of eyes closed before and after CP test. 
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Figure 3. EEG data collection protocol. 
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Figure 4. Preliminary Ahus data from our own group. Power calculation based on mRNA seq analyses (3 pain free + 3 participants with pain) showing a required 8 + 8 participants in each group to ensure sufficient statistical power of 0.95, p < 0.01. 






Figure 4. Preliminary Ahus data from our own group. Power calculation based on mRNA seq analyses (3 pain free + 3 participants with pain) showing a required 8 + 8 participants in each group to ensure sufficient statistical power of 0.95, p < 0.01.



[image: Brainsci 14 00641 g004]







[image: Brainsci 14 00641 g005] 





Figure 5. Different features of independent components. To ensure the results are actual brain components, features such as 1/f frequency response, clear dipole formation, and activity resembling random brain activity will be used. 
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Figure 6. EEG processing pipeline. 
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Figure 7. Source reconstruction. Made with BioRender. 
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Table 1. Content of the questionnaires and collection times.
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	Demographics
	Baseline
	2 Weeks
	3 Months
	6 Months





	Gender
	X
	
	
	



	Age
	X
	
	
	



	Marital status
	X
	
	
	



	Ethnicity
	X
	
	
	



	Education
	X
	
	
	



	Employment
	X
	
	
	



	Dominant hand
	X
	
	
	



	Currently experiencing low back pain a
	X
	X
	X
	X



	Current severity of low back pain (11-point numeric rating scale)
	X a
	X a
	X a
	X a



	Severity of low back pain average last week (11-point numeric rating scale)
	X a
	X a
	X a
	X a



	Duration of current low back pain
	X a
	X a
	X a
	X a



	Low back pain trajectory last 12 months
	X a
	X a
	X a
	X a



	Symptom satisfaction (PASS 5-point Likert scale)
	X a
	X a
	X a
	X a



	Onset of low back pain
	X a
	X a
	X a
	X a



	Perceived cause of low back pain
	X a
	X a
	X a
	X a



	Receiving treatment for low back pain
	X a
	X a
	X a
	X a



	Fear Avoidance Belief Questionnaire—physical activity
	X a
	X a
	X a
	X a



	Pain Catastrophizing Scale
	X a
	X a
	X a
	X a



	Roland–Morris Disability Questionnaire
	X a
	X a
	X a
	X a



	Expectation of recovery within 3 months
	X a
	X a
	X a
	X a



	Low back pain trajectories next 12 months
	X a
	X a
	X a
	X a



	Current pain elsewhere
	X
	X
	X
	X



	Bergen Insomnia Scale
	X
	X
	X
	X



	Use of pain medication for low back pain b
	X
	X
	X
	X



	Type of medication
	X b
	X b
	X b
	X b



	Name of medication
	X b
	X b
	X b
	X b



	Administration method for medication
	X b
	X b
	X b
	X b



	Medication use frequency
	X b
	X b
	X b
	X b



	Medication dosage
	X b
	X b
	X b
	X b



	Medication use duration
	X b
	X b
	X b
	X b



	Prescription Drug Use Questionnaire
	X b
	X b
	X b
	X b



	Hopkins Symptom Check List—10
	X
	X
	X
	X



	Beck’s Depression Inventory
	X
	X
	X
	X







a—further questions will only appear if the answer is yes on the question “Currently experiencing low back pain”. b—further questions will only appear if answer is yes on the question “use of pain medication for low back pain”. All variables are self-reported. For the questionnaire, the primary outcomes measures are: (1) LBP intensity measured by 11-point numeric rating scale (NRS), (2) symptom satisfaction measured by patient acceptable symptom state (PASS), and (3) expectation of recovery within 3 months. These variables will be especially important for uncovering self-reported persistent LBP trajectory which, in turn, will be analyzed in combination with the EEG measurement and the mRNA expression profile.













 





Table 2. Sixty-four channel names according to 10–20 system.






Table 2. Sixty-four channel names according to 10–20 system.










	FP1
	CP6
	FC4



	FPz
	P7
	C5



	FP2
	P3
	C1



	F7
	PZ
	C2



	F3
	P4
	C6



	FZ
	P8
	CP3



	F4
	POZ
	CPZ



	F8
	O1
	CP4



	FC5
	OZ
	P5



	FC1
	O2
	P1



	FC2
	AF7
	P2



	FC6
	AF3
	P6



	T7
	AF4
	PO5



	C3
	AF8
	PO3



	CZ
	F5
	PO4



	C4
	F1
	PO6



	T8
	F2
	FT7



	CP5
	F6
	FT8



	CP1
	FC3
	TP7



	CP2
	FCZ
	TP8



	PO7
	PO8
	M1



	M2
	
	










 





Table 3. Desikan–Killiany brain regions forming DMN, CEN, and SEN.
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	bankssts (left)
	parsorbitalis (left)



	caudalanteriorcingulate (left)
	parsorbitalis (right)



	caudalanteriorcingulate (right)
	posteriorcingulate (left)



	frontalpole (left)
	posteriorcingulate (right)



	frontalpole (right)
	precuneus (left)



	inferiorparietal (left)
	precuneus (right)



	inferiorparietal (right)
	rostralanteriorcingulate (left)



	insula (left)
	rostralanteriorcingulate (right)



	insula (right)
	rostralmiddlefrontal (left)



	isthmuscingulate (left)
	rostralmiddlefrontal (right)



	isthmuscingulate (right)
	superiorparietal (left)



	lateralorbitofrontal (left)
	superiorparietal (right)



	lateralorbitofrontal (right)
	supramarginal (left)



	medialorbitofrontal (left)
	supramarginal (right)



	medialorbitofrontal (right)
	



	parahippocampal (left)
	



	parahippocampal (right)
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