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Abstract

:

The field of signal processing using machine and deep learning algorithms has undergone significant growth in the last few years, with a wide scope of practical applications for electroencephalography (EEG). Transcutaneous electroacupuncture stimulation (TEAS) is a well-established variant of the traditional method of acupuncture that is also receiving increasing research attention. This paper presents the results of using deep learning algorithms on EEG data to investigate the effects on the brain of different frequencies of TEAS when applied to the hands in 66 participants, before, during and immediately after 20 min of stimulation. Wavelet packet decomposition (WPD) and a hybrid Convolutional Neural Network Long Short-Term Memory (CNN-LSTM) model were used to examine the central effects of this peripheral stimulation. The classification results were analysed using confusion matrices, with kappa as a metric. Contrary to expectation, the greatest differences in EEG from baseline occurred during TEAS at 80 pulses per second (pps) or in the ‘sham’ (160 pps, zero amplitude), while the smallest differences occurred during 2.5 or 10 pps stimulation (mean kappa 0.414). The mean and CV for kappa were considerably higher for the CNN-LSTM than for the Multilayer Perceptron Neural Network (MLP-NN) model. As far as we are aware, from the published literature, no prior artificial intelligence (AI) research appears to have been conducted into the effects on EEG of different frequencies of electroacupuncture-type stimulation (whether EA or TEAS). This ground-breaking study thus offers a significant contribution to the literature. However, as with all (unsupervised) DL methods, a particular challenge is that the results are not easy to interpret, due to the complexity of the algorithms and the lack of a clear understanding of the underlying mechanisms. There is therefore scope for further research that explores the effects of the frequency of TEAS on EEG using AI methods, with the most obvious place to start being a hybrid CNN-LSTM model. This would allow for better extraction of information to understand the central effects of peripheral stimulation.
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1. Introduction


‘Signals due to rhythmic stimulation... appear to reach parts of the central nervous system which are inaccessible to impulses set up by non-rhythmic stimuli, however intense’ (William Grey Walter) [1].



Transcutaneous electroacupuncture stimulation (TEAS), a non-invasive variant of the ancient method of acupuncture that has been used since the 1990s. It is increasingly used in clinical practice, most commonly for pain management and in a range of musculoskeletal presentations, predominantly in China [2]. TEAS has also been shown, for example, to be effective in the treatment of stroke [3], post-operative nausea and vomiting [4], and for improving symptoms of insomnia and anxiety in opioid use disorder [5].



In contrast to classical acupuncture, TEAS does not involve any puncture of the skin or the use of any needles. It is therefore potentially advantageous for any patient who has a fear of needles (so-called needle phobia) or for whom skin puncture might be considered an unacceptable clinical risk. Ulett et al. (1998) [6] identified that the effects of classic electroacupuncture (via needles) are stronger and more profound than those achieved with manual acupuncture (employing a needle but with no electrical stimulation). Furthermore, electroacupuncture with surface electrodes was demonstrated to be as effective as needle-based electroacupuncture.



In functional magnetic resonance imaging (fMRI) studies, electroacupuncture has been shown to generate more widespread cerebral and sub-cortical changes than manual acupuncture [7,8], and thus, the use of TEAS may have real physiological advantages over classical manual acupuncture.



The safety concerns associated with acupuncture [9], although largely theoretical, can be ameliorated through the use of a surface electrode stimulating system (i.e., TEAS).



The potential for home-based, patient-delivered acupuncture may have significant advantages (reduced cost, and a lower clinical burden for both the patient and the clinician). TEAS makes a home-based delivery system a realistic proposition [10].



Based on a series of several small pilot studies conducted between 2011 and 2015, in 2016–2017, a larger study was conducted (N = 66) with the same primary objective, namely, to ascertain if electroacupuncture stimulation—whether applied using needles or transcutaneously—has frequency-specific effects on electroencephalography (EEG) and other physiological signals. In the current study, we also expect to see differences in the effects depending on participant age, gender, personality and mood, as well as in the subjectively reported intensity of stimulation. Our objective in this first neuroimaging report is to determine if there is a difference between the EEG at baseline (before stimulation), during transcutaneous electroacupuncture stimulation (TEAS) and after stimulation, and whether these differences vary with stimulation frequency.



To try to answer our research question, we decided to use deep learning (DL), a twenty-first-century method of data analysis that has evolved from machine learning (ML). The application of both of these artificial intelligence (AI) methods of data analysis has been increasing exponentially over the past decade, whereas research on acupuncture-related stimulation methods has grown steadily and more or less linearly over the same period (Figure 1).



1.1. A Brief Overview of AI: Machine Learning (ML) and Deep Learning (DL) in EEG Analysis


As an experiment in learning, a series of nested literature reviews were conducted on or around the 5 December 2021. In the first of these, 2118 papers were located on PubMed.gov by using the search string ‘EEG AND (“machine learning” OR “deep learning”)’. Of the 2118 hits, almost a quarter (473, or 22.3%) included the terms ‘epilepsy OR seizure*’. 138 (6.5%) of this subset of papers were reviewed, and 47 of these (34.1%, or more than a third) were on epilepsy or seizures.



In contrast, only one of the 2118 papers found was on acupuncture [11], and none were on transcutaneous electrical nerve stimulation (TENS), although one was located that mentioned transcutaneous vagal stimulation [12]. Widening the search strategy to locate acupuncture or TENS studies using ML or DL methods, but not necessarily applying them primarily to EEG, a further useful review paper on acupuncture, ML and neuroimaging (including EEG) was located on PubMed [13]. Only one paper on electroacupuncture (EA) and ML was located [14], but ML was used here as a method of predicting clinical outcomes, not in the analysis of physiological signals. For bibliometric comparison, comparable searches were also made using SCOPUS, Elsevier’s citation database [15] and the resources of CNKI (China National Knowledge Infrastructure, 中国知网) (https://cnki.net/) (accessed on 17 February 2023), although the results of the latter appeared somewhat variable, depending on when the searches were conducted.



Based on the literature located using PubMed and other online sources, a brief overview of ML and DL methods used for EEG data analysis is provided in the online Supplementary Materials, Section SM1. It is not exhaustive and is intended simply to provide enough background information for those unfamiliar with the language of AI to understand the methods and results of our analysis.




1.2. Literature Review and Resulting Proposed Strategy


Combinations and comparisons of ML and DL algorithms were located in PubMed-indexed papers using the search terms ‘EEG AND [ML A] AND [DL A],’ where [ML A] and [DL A] are the standard acronyms for the DL and ML algorithms, respectively. The exceptions were PCA (Principal Component Analysis) and RF (Random Forest), which were searched using their full names. The results of the searches conducted on 5 December 2021 are shown in Table 1.



Table 2 shows the results of the PubMed searches for combinations or comparisons of the two DL algorithms, carried out on 5 December 2021.



CNN-LSTM models are thus relatively common hybrids and are more common than LSTM-CNN, the inverse combination. CNN-RNN and LSTM-RNN are the next most common hybrid models. This was confirmed for DL algorithms in general (i.e., not restricted to EEG studies), using Google Scholar instead of PubMed (the abbreviations are defined in the caption of Table 1, and explained in the online Supplementary Materials, SM1). CNN-LSTM thus appears to be an appropriate hybrid model for the current study. For those unfamiliar with CNN and LSTM, a description is provided in the online Supplementary Materials (SM2.1 and SM2.2).




1.3. Literature Review of AI, Acupuncture and EEG


A brief review was conducted of studies indexed in three major online databases—PubMed, SCOPUS and CNKI—on machine learning (ML), Support Vector Machines (SVM), deep learning (DL) or Convolutional Neural Networks (CNN) and electroencephalography (EEG), acupuncture (Acup) or electroacupuncture (EA). SVM and CNN were selected as frequently used exemplars of ML and DL, respectively. The results are shown in Table 3.



The percentage of all ML studies that mention SVM was thus lowest in PubMed (30.57%) and highest in SCOPUS (46.10%). Similarly, the percentage of all DL studies that mention CNN was lowest in PubMed (53.35%) and highest in SCOPUS (62.22%). In both PubMed and SCOPUS, a greater percentage of EEG studies mentioned SVM than CNN, but this was reversed in CNKI, suggesting geographical bias.



1.3.1. Neuroimaging and the Neurochemical Model of EA, TEAS and Acupuncture


The effects of EA, TEAS (and, indeed, acupuncture) are usually explained using neurochemical models, in which different regions of the brain play key roles [17,18]. In particular, stimulation at low, medium and high frequencies, or low or high amplitudes, may activate different pathways in the spinal cord and brain [18]. In brief, low-frequency stimulation (at 2–4 Hz) activates both large- and small-diameter afferents, and thus, has both segmental and supraspinal effects, with the release of enkephalin and beta-endorphin in the brain (less so in the spinal cord). These central effects may mean that any resulting analgesia has a slow onset and outlasts the stimulation itself. In contrast, high-frequency stimulation (at 50–200 Hz) activates predominantly the large-diameter afferents, so that the effects are segmental (associated with the release of dynorphin in the spinal cord), not supraspinal. Analgesia thus has a rapid onset but does not last long. Stimulation frequencies of 10–20 Hz may activate both mechanisms [19]. Numerous functional magnetic imaging (fMRI) studies have been conducted to explore these connections, but far less research has investigated the effects of acupuncture, EA or TEAS on EEG (315, 69 and 2 studies are currently indexed in PubMed, respectively), despite the advantages of EEG over other forms of neuroimaging, such as fMRI and magnetoencephalography (MEG) in terms of cost, portability and/or temporal resolution and usefulness for frequency analysis.




1.3.2. EEG Studies on Acupuncture and Related Modalities


Using the search string ‘EEG AND (acupuncture OR transcutaneous) NOT (“vagal stimulation” OR “vagus nerve stimulation”),’ about 500 studies were identified in PubMed. Of these, around 147, published between 1986 and 2022, were easily retrieved and could be examined in depth. Here, we consider those on steady-state EEG rather than evoked potentials. Of these, 56 (around 38%) were from China, 15 from Korea, 13 from the US, 11 from Japan and 10 from Taiwan. Other countries were represented by fewer than 10 studies each. Of the Chinese studies, 25 (more than 44%), or almost half, were from Hebei University of Technology (Tianjin University).



Most of these EEG studies were on manual acupuncture, and it should be remembered that ‘TEAS is different from insertive electroacupuncture in many ways, and the results from these studies may not apply to acupuncture’ [20]. In the acupuncture-related studies, the points most commonly used—as noted in a 2018 systematic review of 19 EEG acupuncture studies [21]—were ST36 (zusanli, 足三里, Zúsānlǐ), on the leg below the knee and lateral to the anterior crest of the tibia; LI4 (hegu, 合谷, Hégǔ), located in the area covered by the superficial branch of the radial nerve, and close to the radial artery or first dorsal metacarpal artery, i.e., on the back of the hand between the first and second metacarpals; and P6 (neiguan, 内关, Nèiguān), on the anterior surface of the forearm, proximal to the wrist crease between the palmaris longus and flexor carpi radialis tendons.



Methods of analysing changes in EEG were varied. Measures based on EEG power occurred in similar numbers of studies published before and after 2013, the median year of publication for the 147 studies located, as did nonlinear entropy and complexity measures. Only one study on cordance was located. Functional connectivity measures based on a graph or network theory—i.e., quantifying relationships between EEG at different electrodes [22]—were found in only one study before 2013, but in 13 of the 72 studies published since then.



Of the Tianjin studies located, 14 were on manual acupuncture, 10 on non-invasive magnetic stimulation (TMS—transcranial magnetic stimulation), one on moxibustion and one on 100 Hz microcurrent TEAS. Half the Tianjin acupuncture studies, published between 2010 and 2021, investigated the effects of different frequencies of needle-twirling at ST36 in EEG. Participants were lying down with their eyes closed in a darkened room. Three different frequencies were used in the same session, with between 4 and 10 min rests between them, depending on the study. In contrast, only one upper limb TENS study, a BSc thesis from Holland, investigated the effects of stimulation frequency on EEG and did not use low-frequency stimulation.



As yet, there are only two studies in PubMed on artificial intelligence (whether machine learning or deep learning), EEG and acupuncture or transcutaneous stimulation (TENS or TEAS), with one of these being from Tianjin, as mentioned above [11]. Seven studies were also located in a separate PubMed search for ‘acupuncture’ AND ‘wavelet’ AND ‘EEG’. Of these, four were on wavelet packet decomposition (WPD). Three of them were from Tianjin [23,24,25], and one from Shenyang [26]. A further study investigating the effects of 20–100 Hz transcutaneous brachial stimulation on EEG wavelet entropy was noted [27], but it did not involve AI or explore the effects of different stimulation frequencies. Thus, no prior AI research appears to have been conducted on the effects of different frequencies of stimulation (whether EA or TEAS) on EEG.






2. Materials and Methods


2.1. The Experiment


Ethics approval for the study was granted by the Health and Human Sciences Ethics Committee with the Delegated Authority of the University of Hertfordshire (UH)—Protocol number HSK/SF/UH/00124.



Sixty-six participants were recruited as a convenience sample from among healthy staff and students at the University, local complementary health practitioners and other contacts. After the completion of some online questionnaires and an explanation of the procedures to be followed, participants attended their first session. They attended four sessions in all, a week or more apart (except for four participants who dropped out after only one session, and another who only completed three sessions). All sessions were conducted in the University Physiotherapy Laboratory, although despite our best efforts, this could not be completely soundproofed, or temperature controlled.



Participants were seated upright in a comfortable chair, with both forearms supported. Informed consent was obtained, further paper questionnaires were completed, and the participants were then prepared for the session. This preparation, which took around 15 min, involved fitting an EEG cap with head movement sensors attached, and affixing electrocardiogram (ECG) electrodes to the forearms, as well as other sensors to the fingers of both hands. The EEG cap, ECG electrodes and other sensors were worn for the remainder of the session (usually around 60 to 90 min).



Following an initial 5 min Baseline recording (‘time slot 1’), TEAS was applied for 20 min to each hand, with a short pause halfway through to allow for further questionnaires to be completed and participants to rest briefly (Figure 2). Otherwise, during the whole procedure, participants were asked to keep their eyes open and focus gently on an object in front of them (to reduce eye movement artefacts). EEG recording continued during stimulation (Stim1–Stim4, or ‘time slots 2–5’), which was between the acupuncture point LI4 (hegu), located on the dorsum of the hand between the 1st and 2nd metacarpal bones, and the ulnar border of the same hand. In other words, the current only passed between the electrodes on each hand, and did not flow through the arms and torso, so that, in principle, it should not affect the heart—or brain—directly.



After stimulation (and the completion of other questionnaires), the recording was continued for a further 15 min (Post1–Post3, or ‘slots 6–8’) to assess post-stimulation changes (Figure 2). The electrodes and sensors were then removed, and further questionnaires were filled out before the participant left. After the laboratory experiment, 47 of the 66 participants completed further online questionnaires on several personality traits.



A charge-balanced Equinox E-T388 stimulator was used in all four sessions (Figure 3), and in each session, was set at one of four different frequencies—2.5 alternating monophasic pulses per second (pps), 10 pps, 80 pps or 160 pps (the frequency or number of cycles of stimulation per second, in Hertz, was at half these values). For the three lower frequencies, the output amplitude was set to provide a ‘strong but comfortable’ sensation for the participant. In contrast, 160 pps was applied as a ‘sham’ treatment, with the device switched on (and a flashing light visible), but the output amplitude remaining at zero throughout—although a pretence was made of turning up the amplitude, out of sight of the participants. Nonetheless, the stimulation (at 80 and 160 pps) was visible as an interference pattern (envelope) on one of the screens, showing the recorded ECG (although hidden from participants’ view so as not to distract them), and some participants were aware of a sensation in their hands at some moments during their sham session. The different stimulation frequencies for each participant were applied in a semi-randomised balanced order.




2.2. Data Collection


EEG data were collected for forty minutes (8 × 5-min ‘slots’) in each session. The 10/20 system of electrode location was used (19 electrodes with linked ears as reference and ground anterior to Fz). The data collection followed standard EEG procedures using Electro Cap International (ECI) caps (size selected individually for maximum comfort, according to participants’ head dimensions), a Mitsar EEG-202 amplifier and WinEEG software (v2.91.54) (Mitsar Ltd., St. Petersburg, Russia). The sampling rate was 500 Hz.




2.3. Data Analysis


2.3.1. Data Pre-Processing


Data were recorded initially in WinEEG (‘.eeg’) format (one file per session) and saved in ‘.edf’ format, and then, each separate session file was cut into eight separate ‘.mat’ files (one for each 5 min ‘slot’).



Data were first filtered between 0.5 and 45 Hz using Matlab 2nd order Butterworth filters (‘butter’ and ‘filtfilt’ functions). Mains power in the UK is supplied at 50 Hz, so for higher-frequency signals, a second-order 50 Hz Butterworth notch filter was also used (49–51 Hz). Independent Component Analysis (ICA) was then conducted using the extended Infomax algorithm [28] to reject non-neural artifacts, together with the multiple artifact rejection algorithm (MARA) [29]. Components were labelled and artefactual components removed in conjunction with ICLabel [30], an EEGLab plug-in [31]. Subsequently, the Trimoutlier EEGLab plug-in [32] was used to remove epochs exceeding an individual amplitude threshold defined as +/− 3 SD (standard deviation) above the mean amplitude across all channels. Finally, data were re-montaged with the CSD Toolbox (ExtractMontage.m function) [33], using the Laplacian form of local average reference.



At this stage, data from several participants were excluded, either because of inadvertent differences in sampling rate (for four participants, in four sessions), missing or poor-quality data or because recordings were cut short for one reason or another (e.g., discomfort from wearing the cap or having to take a trip to the bathroom). Files for 48 participants remained—192 for each ‘slot’, in .mat format—resulting in 1536 files in total. Figure 4 shows the data collection and pre-processing pipeline.




2.3.2. AI Analysis


The analysis was divided into two parts.



In Part A, wavelet packet decomposition (WPD), i.e., frequency decomposition of the wavelet packet transform (WPT) [34], was used to break down the EEG signal into eight (non-standard) bands, and the wavelet entropy features were extracted.



In Part B, the analysis was more exploratory. DL algorithms—CNN-LSTM in Phases 1, 2 and 4, and MLP-NN in Phase 3—were applied with the features from Part A as inputs. The algorithms used were determined by the objective for each phase: to explore changes over time (either baseline to stimulation slots, or baseline/stimulation/post-stimulation) or differences among the standard EEG bands (delta, theta, alpha, beta, and gamma).



In general terms, the study used the Python-based ‘TensorFlow’ framework, which is popular and widely used for the training and inference of Deep Neural Networks. This framework provides an optimised environment for executing large-scale computations and can handle the complexities of training DL models.



The choice of hardware is dependent on the computational requirements of the deep learning models being studied and the resources available. Here, we used either a high-performance GPU (Graphical Processing Unit) or a TPU (Tensor Processing Unit). GPUs have been shown to significantly speed up the training time of deep learning algorithms compared to traditional CPUs (Central Processing Units). TPUs are custom-built by Google for deep learning and provide even faster training times compared to GPUs.




2.3.3. Methodology: Part A


Fast Fourier transform (FFT) is traditionally used to convert a time-domain signal (time series)—such as EEG—into a frequency domain signal. However, as is well known, FFT is not suitable for the analysis of non-stationary, non-Gaussian and nonlinear signals such as EEG. WPD, although less frequently used in ML EEG studies, is one of several methods that are more appropriate for such data [35], and is capable of dealing with both low- and high-frequency signal components (unlike the wavelet transform itself, which has good temporal resolution but poor frequency resolution at high frequencies, and good frequency but poor time resolution at low frequencies [36]). Using WPD, the EEG signal is decomposed into a pre-selected number of frequency bands using multiple mirror filters in a binary tree structure. Different algorithms are possible when implementing WPD. In all four phases of our analysis, we chose to use a cost function based on ‘energy entropy’ to quantify the error between predicted values and expected values in the algorithm.



Wavelet packet transform was applied for each group of data, adopting a MATLAB (Matrix Laboratory) multisignal WPD feature extraction code developed by Khushaba et al. [37,38,39]. Since the acquired EEG signals were sampled at 500 Hz, the number of samples selected per window to extract features was 500, and the spacing of the windows (the increments between them) was chosen to be 25. The decomposition level used was 7 [40]. For a full tree topology at this level, for each of the 19 EEG electrodes, 255 features were extracted in total using a high–low bandpass filter bank [41], resulting in a WPT feature matrix (n, (255 × 19)). Wavelet entropies were then evaluated from the WPT feature matrix to reduce the size of the data and obtain a strong biomarker for classification. At this stage, the feature matrix was separated into fractions, with 255 samples for each of the 19 electrodes. The size of each of the 19 resulting submatrices was thus [n,255]. The parameter-free wavelet entropy code used here is based on that developed by Rosso et al. [42]. The wavelet filter selected was ‘Coiflet-4’, and the decomposition level was 7, based on results from our previous study on discrete wavelet transform (DWT), in which we found that Coiflet performance was better when compared to that of other wavelet families [43]. When the wavelet entropy algorithm was applied to these matrices, (255*19)-sized feature matrices, containing the entropy values, were acquired for every two classes. Finally, these feature matrices were fed into a 1D CNN-LSTM hybrid classifier to generate the classification model (Phases 1, 2 and 4).



In our EEG study, four different frequencies of peripheral electrical stimulation were used: a ‘sham’ at 160 Hz but a very low amplitude (‘0’), and 2.5 Hz, 10 Hz and 80 Hz at above the sensory threshold. For the wavelet packet decomposition of signals for the four types of stimulation frequency (SF), 100 non-overlapping samples were extracted from the EEG data for each type of SF, with each sample containing 5000 data points (recordings for each class were cropped and data sizes balanced). One sample for each type of SF was processed with WPD, using the Daubechies 2 (DB2) wavelet basis function [44]. Each sample was decomposed into eight frequency bands (FB), from FB1 to FB8. Finally, these feature matrices were fed into a Multilayer Perceptron Neural Network (MLP-NN) classifier to generate the classification model in Phase 3.




2.3.4. Methodology: Part B


We divided our exploratory DL analysis into four phases, each designed with a particular objective in mind:




	
To determine whether EEG during TEAS differed from EEG at baseline, and whether such differences were dependent on stimulation frequency;



	
To investigate how EEG differed before, during and following TEAS, and whether such differences were dependent on stimulation frequency;



	
To determine whether differences among the EEG bands vary with both time (baseline, stimulation or post-stimulation) and stimulation frequency;



	
The objective here was the same as in Phase 3, but with the addition of comparing how the MLP-NN and CNN-LSTM models performed.








Methodology: Part B, Phase 1


For our analyses, here, we only processed data recorded at 500 Hz, although this did include some quite noisy recordings, resulting in 1806 or 1807 files for each filtered EEG band (delta to gamma). In this phase, the data from all five EEG bands were considered together rather than separately. The data were then standardised using the StandardScaler() command in the Python scikit-learn library [45]. Our objective was to determine whether EEG during TEAS differed from EEG at baseline, and whether such differences were dependent on stimulation frequency.



The initial analysis was conducted using a Sequential Application Programming Interface (API) in the ‘Keras’ DL framework [46], and a hybrid CNN-LSTM model similar to that illustrated in Figure S5 in the online Supplementary Materials, as shown in Table 4.



The outputs were evaluated using standard confusion matrix metrics, of which sensitivity and specificity are probably the best known. Here, we focused on accuracy, kappa and the area under the ‘receiver operating characteristic’ curve’ (ROC curve), known as the AUC or ROC-AUC [47]. If the mean overall accuracy was <0.33, the results were considered non-significant.



Sixteen models were created, to examine changes over time (Slots 2, 3, 4 and 5) relative to the baseline (Slot 1), for each of the four stimulation frequencies.




Methodology: Part B, Phase 2


The feature extraction methodology utilised here is based on a combination of the methods used in our previously published papers [41,48,49], with data standardised using the StandardScaler() command in the Python scikit-learn library. Standardising the input data can help to reduce the effect of outliers or extreme values and improve the performance of the machine learning model. Some algorithms are particularly sensitive to the scale of the input data (see Supplementary Materials), and thus, may perform better when the data are standardised. Our objective was to investigate how EEG differed before, during and following TEAS, and whether such differences were dependent on stimulation frequency.



As in Phase 1, the analysis was conducted using a Sequential API in Keras and a hybrid CNN-LSTM model, but this time, omitting the Dropout layers and adding a further LSTM layer (Table 5). Omitting the Dropout layers and adding a further LSTM layer can potentially improve a model’s performance on the training data (but can also lead to overfitting if the model is not properly regularised). It is generally considered good practice to try a variety of different model architectures and regularisation techniques to find the best balance between model complexity and generalisation to new data.



Twenty models were created, to examine changes over time (baseline (Slot 1), stimulation (Slots 2–5) and Post-stimulation (Slots 6–8)) in each of the five EEG bands (delta, theta, alpha, beta and gamma) for the four stimulation frequencies.




Methodology: Part B, Phase 3


Here, we did not use Keras and the DL hybrid CNN-LSTM algorithm, but a (relatively) shallow learning method based on Multilayer Perceptron (MLP), a scaled conjugate backpropagation MLP Neural Network (NN) with 10 hidden layers, available as standard in the MATLAB Deep Learning toolbox [50]. Inputs were taken from the 19 electrodes, and the output was provided as a 5 × 5 confusion matrix for the five EEG bands. Our objective here was to determine whether differences among the EEG bands vary with both time (baseline, stimulation or post-stimulation) and stimulation frequency.



Figure 5 shows the model architecture for Phase 3. Features extracted from WPD and wavelet entropy analysis were selected as inputs. ‘W’ and ‘b’ are learnable parameters; ‘W’ corresponds to the weights of the Neural Network, and ‘b’ to the bias values [51]. The data were randomly divided into training, validation and test sets using the MATLAB ‘dividerand’ function. The Scaled Conjugate Gradient training method was applied (using the MATLAB ‘trainscg’ function), and cross-entropy was used to evaluate performance. Information was also provided on algorithm performance: the number of iterations required, processing time, performance, gradient, and the maximum number of validation checks to be conducted (held at 6, the default). If the gradient was <10′5, or the number of checks reached 6, training was stopped.




Methodology: Part B, Phase 4


In our final experiment, we reverted to using the CNN-LSTM model in Keras, as in Phase 1, but this time, replacing the Dropout layers with max pooling (downsampling) layers, with three LSTM layers (as in Phase 2) and 5-fold rather than 3-fold cross-validation (see the online Supplementary Materials for an explanation of these terms). The objective was the same as in Phase 3, but we also wished to compare how the MLP-NN and CNN-LSTM models performed.



Different DL models were developed for each phase to accommodate the different numbers of classes in the models, which were used for different purposes in each phase. Our overall aim was to produce useful solutions to problems rather than developing models and making comparisons.







3. Results


3.1. Results: Part A


The feature extraction results from Part A were provided as inputs to the CNN-LSTM hybrid classifier (Part B, Phases 1,2 and 4) and to the MLP-NN algorithm (Part B, Phase 3). These results are therefore not reported separately.




3.2. Results: Part B


3.2.1. Part B, Phase 1


As a summary metric, the values of kappa were calculated based on the binary confusion matrix results obtained. The results are shown in Table 6. These were based on a multi-class evaluation [52], considering each class as a separate binary classification problem, and then, combining the results to give an overall evaluation of the classifier’s performance on the multi-class task. Thus, the results differ from those obtained using Vanetti’s online calculator.



The CV (Coefficient of Variation) (i.e., SD/mean) for kappa is 0.134, and the mean 0.419 (SD 0.056). Thus, disregarding any effects on the individual EEG bands, both the greatest and smallest differences from baseline occurred in Slots 3, 4 and 5; the greatest differences occurred during 80 pps or sham stimulation, and the smallest differences during 2.5 or 10 pps. According to the guidelines suggested by Landis and Koch [53], values of kappa between 0.21 and 0.40 could be considered as ‘fair’, those between 0.41 and 0.60 as ‘moderate’, those between 0.61 and 0.80 as ‘substantial’, and those between 0.81 and 1.00 as ‘perfect’. Here, more than half could be considered as ‘moderate,’ but none as ‘substantial.’ In other words, the model performs reasonably well, although it does not provide detailed information about the EEG changes that occur. The processing time for Phase 1 was approximately 5 h.




3.2.2. Part B, Phase 2


As a summary metric, the values of kappa were calculated based on the 3 × 3 confusion matrix results obtained (Slot1/Slots 2–5/Slots 6–8) for each of the 20 (5 band × 4 stimulation frequency) models. The results are shown in Table 7.



The CV (Coefficient of Variation) for kappa is 0.467, and the mean 0.506 (SD 0.236). Thus, when taking the EEG bands into account, the greatest differences among Slot 1/Slots 2–5/Slots 6–8 occurred for 2.5 pps in the Theta, Alpha and Gamma bands, and 80 pps in Alpha. The smallest differences occurred for the sham in the Delta, Beta and Gamma bands, for 10 pps in the Alpha, Beta and Gamma bands, and for 80 pps in Delta. Here, five values of kappa could be considered moderate, three as substantial, and two as very good indeed (‘perfect’). The processing time for Phase 2 was approximately 8 h.




3.2.3. Part B, Phase 3


As a summary metric, the values of kappa were calculated based on the 5 × 5 confusion matrix results obtained (Alpha, Beta, Delta, Gamma and Theta) for each of the 12 (3 time (Slot 1/Slots 2–5/Slots 6–8) × 4 stimulation frequency) models. The results are shown in Table 8.



The CV for kappa is 0.054, and the mean 0.660 (SD 0.036). Differences among the EEG bands are marginally greater for 2.5 pps at baseline and post-stimulation, as well as the sham at baseline, and marginally less for 10 pps during and post-stimulation, as well as for 80 pps post-stimulation. According to the guidelines of Landis and Koch [52], these differences are all ‘substantial’, apart from those for 80 pps post-stimulation, which are ‘moderate’. The processing time for Phase 3 is estimated to be around 5 h.




3.2.4. Part B, Phase 4


As a summary metric, the values of kappa were calculated based on the 5 × 5 confusion matrix results obtained (Alpha, Beta, Delta, Gamma and Theta) for each of the 12 (3 time (Slot1/Slots 2–5/Slots 6–8) × 4 stimulation frequency) models. The results are shown in Table 9.



The CV for kappa is 0.137, and the mean 0.850 (SD 0.116). Using this approach rather than the MLP-NN algorithm, differences among the EEG bands are again greater for 2.5 pps at baseline and less for 10 pps post-stimulation, but otherwise, there is little agreement between the two methods. Kappa is greatest for the sham and 2.5 pps at baseline, for 10 pps during stimulation, and for 80 pps post-stimulation. According to the guidelines of Landis and Koch [53], 8 of the differences are ‘perfect’ (>0.81) and the remainder ‘substantial’. The processing time for Phase 1 is again estimated to be around 5 h.



Figure 6, Figure 7, Figure 8 and Figure 9 provide examples of outputs (train and test accuracy or ROC plots, and confusion matrices) for the models in each phase with the highest value of kappa. Graphs of model accuracy and loss are shown over 100 epochs, where each epoch represents a full pass through the training dataset. Test loss is a measure of how well the model can make predictions on data it has not seen before (i.e., the test set). Ideally, the test loss will decrease over time, and the accuracy will increase, indicating that the model is learning and improving.



Each confusion matrix evaluates the performance of a classification algorithm, with each row representing instances in a predicted class, and each column instances in an actual class. The entry in the top-left corner represents the number of instances that were correctly predicted to be in the first class, and so forth.



The receiver operating characteristic (ROC) curves show the performance of binary classifiers as their discrimination thresholds are varied. The ROC curve plots the true-positive rate (also called sensitivity or recall) on the y-axis and the false-positive rate (1—specificity) on the x-axis. A classifier with a higher true-positive rate and a lower false-positive rate will be higher and further to the left on the curve. The area under the curve (AUC) is a measure of the classifier’s performance (the AUC ranges in value from 0 to 1, with a higher value indicating a better classifier).






4. Discussion


Deep learning (DL) methods have been widely used in various fields, including medical research. In recent years, DL has been applied to acupuncture-related research, providing new insights and understanding into the effects of acupuncture on the human body. The application of DL to acupuncture-related research presents several unique challenges, such as the limited availability of high-quality data, the complex and nonlinear relationships between acupuncture points and physiological responses, and the need to consider the potential biases and confounding factors in the data.



Despite these challenges, the application of DL to acupuncture-related research has the potential to greatly advance our understanding of the mechanisms and effects of acupuncture, as well as its clinical applications. By leveraging the power of DL algorithms, researchers can analyse and model large, complex datasets, identify patterns and relationships in the data that are not easily apparent through traditional statistical methods, and make predictions about the effects of acupuncture on various physiological responses.



Based on a literature review, the authors of this study provide background information on artificial intelligence as used in EEG analysis, with an introduction to machine learning and deep learning methods for those—especially clinicians such as acupuncturists and physiotherapists—who may be unfamiliar with them. Summaries of the advantages and disadvantages of both ML and DL approaches are included, and also of some of their more commonly used algorithms. In addition, a literature review of EEG studies on acupuncture and related modalities was conducted. Based on these reviews, which, in themselves, provide a useful contribution to the literature, the authors used a combination of CNN (Convolutional Neural Network) and LSTM (Long Short-Term Memory) algorithms, as well as WPD (wavelet packet decomposition) for feature extraction.



The experimental set-up was described, including TEAS, EEG data collection and pre-processing. We analysed the EEG data collected in four different ways (Phases 1 to 4):



Phase 1. Sixteen hybrid CNN-LSTM models were created in Keras, to examine changes over time during stimulation (Slots 2, 3, 4 and 5) relative to the baseline (Slot 1), for each of the four stimulation frequencies, but without examining the filtered EEG bands separately. This resulted in 2 × 2 confusion matrices.



Phase 2. Twenty hybrid CNN-LSTM models were created in Keras, to examine changes over time (baseline (Slot 1), stimulation (Slots 2–5) and post-stimulation (Slots 6–8)) in each of the five EEG frequency bands (delta, theta, alpha, beta and gamma) for the four stimulation frequencies. This resulted in 3 × 3 confusion matrices.



Phase 3. Twelve scaled conjugate backpropagation MLP-NN models with 10 hidden layers were created using MATLAB, to examine differences between the EEG bands at baseline, and during and following stimulation, for the four stimulation frequencies. This resulted in 5 × 5 confusion matrices.



Phase 4. Here, we reverted to using the CNN-LSTM model in Keras, rather as in Phase 1, but with more LSTM layers. The objective was to examine the same differences as in Phase 3, so that the two very different methods could be compared. Again, this resulted in 5*5 confusion matrices.



As with all (unsupervised) DL methods, however useful they may be in identifying and classifying differences, the results are not easy to interpret due to the complexity of the algorithms and the lack of a clear understanding of underlying mechanisms. This can be a major challenge in any study. Another potential challenge is that models may be prone to bias if the training data reflect biased patterns. A third challenge is in determining how to achieve computational efficiency.



The Phase 1 analysis appears to show that the greatest differences from the baseline occurred during 80 pps or sham stimulation, and the smallest differences during 2.5 or 10 pps stimulation. These results are plausible, if diametrically opposed to those that might be expected from the literature [17,18,19].



The phase 2 analysis suggests that differences between baseline, stimulation and post-stimulation EEG are greatest for 80 pps TEAS in the alpha band, and for 2.5 pps TEAS in the gamma band, with the smallest effect for 10 pps in alpha. The values of kappa showed greatest variance in Phase 2 analysis. Without knowing whether (and at which electrodes) these differences indicate increases or decreases in band power, or some other associated feature, these findings are hard to interpret. Would 2.5 pps TEAS be experienced as more stressful than 80 pps, for example, so that gamma power might increase with 2.5 pps stimulation, but alpha power with 80 pps? Further research is required to disentangle questions such as this.



The results of the Phase 3 analysis do not indicate major differences between any of the models, with the greatest differences among EEG bands at baseline for the sham and 2.5 pps TEAS, as well as for 2.5 pps post-stimulation. The Phase 4 results are quite different, with greatest differences among EEG bands, again, at baseline for 2.5 Hz TEAS, during stimulation for 10 pps and post-stimulation for 80 pps. However, differences among bands are to be expected, are not necessarily the result of stimulation and could be explained in many ways. None of the results from Phases 3 or 4 shed any light on the effects of stimulation frequency. It is of interest, though, that the mean and CV for kappa were considerably higher for the CNN-LSTM than for the MLP-NN model.



This assemblage of results provides a further useful contribution to the literature. However, in a world of limited resources that are increasingly under stress on many levels, an important general question is whether greater accuracy and precision should be prioritised over the energy-information costs incurred (solving a problem with a shallow structured network is always more advantageous in terms of computational burden if it can be solved). In what circumstances is a slightly fuzzy classification ‘good enough’? Here, the two models give different results, so perhaps, regardless of cost, those from the more computationally demanding model (CNN-LSTM) should be adopted, although which represents ‘ground truth’ is still a moot point. This may not always be the appropriate decision, and some may consider that the outcomes of this study do not justify the amount of energy and time it has taken to complete (almost 24 h in computation time for the AI algorithms alone, with another 12 h, approximately, for additional computation conducted using Google Colab in the cloud network). In conclusion, the software and hardware platforms used in deep learning operation are critical. Here, they were carefully selected to ensure accurate and reliable results. The inevitable human ‘wear-and-tear’ toll taken by intensive, collaborative research work should also be considered.



Some Limitations


The data were recorded in imperfect circumstances, in a laboratory that was not sound-proofed or temperature-controlled. Nonetheless, external noise was minimised as far as possible, and an attempt was made to keep the space at a comfortable temperature over the course of the year during which data were collected.



Our ‘sham’ (160 pps) TEAS was not completely without physiological effect, which may have biased our results. In retrospect, although various sham stimulation methods have been explored over the years by different researchers, some subthreshold and some suprathreshold [54,55,56], we should have amended our own experimental set-up to ensure no current whatsoever reached the participants. Unfortunately, we made a false assumption based on initial pilot experiments in which sham stimulation was, indeed, subthreshold for the test participants. This was not so for all those who took part in our final study. Nonetheless, the output was set to ‘zero’ on the Equinox device, so considerably lower during this imperfect sham stimulation than during the ‘active’ stimulations.



Only 66 participants took part in this study—a small dataset for a DL study. However, the use of training, validation and test sets, and of 5-fold validation, should have compensated for this.



In this paper, we did not tackle the question of whether our findings were the result of neural or volume conduction, or whether they indicated a central frequency-following response to peripheral stimulation. Moreover, our analysis did not investigate the EEG electrode-specific effects of TEAS, nor, indeed, the effects over different scalp regions. In addition, we did not explore how EEG might change during and following TEAS at different frequencies.



Unsupervised DL methods suffer from the problem of interpretability. This was exacerbated in the present study by communication difficulties between the clinicians and computer scientists involved, whom all had very different skills, mindsets, interests and languages. This project provided us all with a challenging and immersive learning experience. We hope not too many misinterpretations remain.





5. Conclusions


The application of DL to acupuncture-related research is a step change in the field and has the potential to greatly advance our understanding of the mechanisms and effects of acupuncture, as well as its clinical applications. By leveraging the power of DL algorithms, researchers can analyse and model large, complex datasets, identify patterns and relationships in the data that are not easily apparent through traditional statistical methods, and make predictions about the effects of acupuncture on various physiological responses.



This study is the first of its kind to use artificial intelligence to explore the effects of TEAS frequencies on EEG. From the published literature, no AI research appears to have been conducted into the effects on EEG of different frequencies of electroacupuncture-type stimulation (whether EA or TEAS), although there are several studies on the effects of manual needle rotation frequency from Tianjin University. Additionally, from the published literature, both WPD and the hybrid CNN-LSTM model appear to be appropriate methods of examining the central (EEG) effects of peripheral stimulation (TEAS). Using these methods, we found—contrary to expectation—that the greatest differences in EEG from baseline occurred during 80 pps or the ‘sham’ (160 pps) TEAS applied to the hands), with a mean kappa of 0.454 and 0.467, respectively, while the smallest differences occurred during 2.5 or 10 pps stimulation (mean kappa: 0.393 and 0.360). On the other hand, when taking the EEG bands into account, the greatest differences among Slot 1 (baseline)/Slots 2–5 (stimulation)/Slots 6–8 (post-stimulation) occurred for 2.5 pps TEAS in the Theta, Alpha and Gamma bands, and for 80 pps TEAS in Alpha (mean kappa 0.506). Even higher values of kappa were obtained from differences among the EEG bands before, during and after TEAS at different frequencies, but this result was difficult to interpret and explain, and warrants further exploration in future studies.



Future Directions


There are many potential avenues for further research based on the findings of this paper. Possible approaches could include conducting additional experiments to confirm or refute the findings of this study, as well as using different algorithms, different frequencies of TEAS, or different subject populations. Further research is planned using conventional methods of EEG analysis, different frequency bands (e.g., narrow bands centred on the stimulation frequencies), as well as ML methods based on careful feature selection, in order to see if the results obtained here can be replicated or improved—or, indeed, explained. Such features will include several connectivity (or graph theoretical) measures, including those of a source localisation method such as sLORETA (standardised low-resolution brain electromagnetic tomography), to investigate whether findings are due to neural or volume conduction, or, indeed, both. Changes over time both during and after stimulation should also be investigated for different TEAS frequencies. Changes due to volume conduction effects would only occur during, not after stimulation.



Because of the potentially large number of features that could be examined, automated feature selection is an option for use in this further investigation. EEG cordance and some topological measures have been computed for the current dataset. Although these results remain unpublished as yet, they may also be useful in guiding feature studies.



Furthermore, particular attention could be paid to entropy measures, whether in the time, frequency or spatial domain, as well as wavelet-based entropy using different entropy estimators, such as discrete wavelet entropy or permutation entropy. These entropy measures could potentially provide useful insights into the effects of different frequencies of TEAS on the brain, by quantifying the changes in the degree of disorder or uncertainty in the EEG signal.



Furthermore, future research protocols (1) could use EEG with a greater numbers of electrodes, (2) should ensure that ‘sham’ treatment is genuinely sham, and (3) could make use of further methods of data augmentation to strengthen effects. There is therefore scope for new research, such as that published here, that explores the effects of the frequency of TEAS on EEG using AI methods, with the most obvious place to start being a hybrid CNN-LSTM model. WPD also appears potentially suitable as a feature extraction method that could be used in conjunction with this type of DL model, if required (although, of course, one of the advantages of CNN is that feature extraction is performed by the algorithm itself, without prior handcrafting of features).









Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/app13042703/s1, S1. A brief overview of AI: machine learning (ML) and deep learning (DL) in EEG analysis: S1.1. A rough sketch of ML methods used for EEG data analysis; S1.2. Input and output in ML methods used for EEG data analysis; S1.3. Algorithm hyperparameters in ML; S1.4. A rough sketch of DL methods used for EEG data analysis; S1.5. Input and output in DL methods used for EEG data analysis; S1.6. Algorithm hyperparameters in DL. S2. The CNN-LSTM hybrid model: S2.1. A brief description of CNN; S2.2. A brief description of LSTM. Refs. [57,58,59,60,61,62,63,64,65,66,67,68,69,70,71,72,73,74,75,76,77,78,79,80,81,82,83,84,85,86,87,88,89,90,91,92,93,94,95,96,97,98,99,100,101,102,103,104,105,106,107,108,109,110,111,112,113,114,115,116,117,118,119,120,121,122,123,124,125,126,127,128,129,130,131,132,133,134,135,136,137,138,139,140,141,142,143,144,145,146,147,148,149,150,151,152,153,154,155,156,157,158,159,160,161,162,163,164,165,166,167,168,169,170,171,172,173,174,175,176,177,178,179,180,181] are cited in the supplementary materials.





Author Contributions


Conceptualisation, Ç.U., D.M., T.S. and T.W.; methodology, Ç.U., D.M., T.S. and T.W.; software, Ç.U. and T.S.; formal analysis, Ç.U.; investigation, Ç.U., D.M. and T.S.; resources, Ç.U., D.M. and T.W.; data curation, Ç.U., D.M., T.S. and T.W.; writing—original draft preparation, D.M. and Ç.U.; writing—review and editing, D.B. and D.M.; visualisation, D.M., T.S. and Ç.U.; supervision, D.B.; project administration, D.M., T.W. and D.B.; funding acquisition, D.M. and D.B. All authors were involved in revising the final version. All authors have read and agreed to the published version of the manuscript.




Funding


A Small Project Grant for computer hardware was awarded (to D.M.) by the Acupuncture Association of Chartered Physiotherapists (UK) to enable processing of the EEG and other data collected in our original study (22 February 2017). Publishing costs were part-funded by an Open University Synergy grant to D.B. This study was otherwise unfunded.




Institutional Review Board Statement


The University of Hertfordshire ethics review procedure was followed, according to the principles of the Helsinki declaration, with approval granted by the Health and Human Sciences Ethics Committee with Delegated Authority for the School of Health and Social Work, reference HSK/SF/UH/00124 (17 August, 30 September and 29 October 2015, and 2 June 2016).




Informed Consent Statement


Informed consent was obtained from all participants involved in the study. Participants were informed about the study and signed a consent form with the explicit agreement that their anonymised data would be retained for further analysis by the research team, and also shared with the ongoing Human Brain Indices (HBI) reference database.




Data Availability Statement


The EEG data presented in this study will thus soon be freely available in the ongoing Human Brain Indices (HBI) reference database (https://www.hbimed.com) (accessed on 13 December 2022), and in Open Research Data Online (ORDO), The Open University’s searchable research data repository at https://ordo.open.ac.uk/ (accessed on 13 December 2022).




Acknowledgments


We thank the University of Hertfordshire for permitting us to conduct this study and for facilitating recruitment; Lidia Zaleczna and Aiste Noreikaite for the hours they spent carefully collecting the EEG data; and Paul Steinfath for his invaluable assistance with pre-processing the EEG data. We also thank our volunteers for their participation; to our families and partners for their continued patience and support; and many other colleagues for their discussions and other input that helped to shape the study, in particular, Neil Spencer (Professor of Applied Statistics) and Iosif Mporas (Reader in Signal Processing and Machine Learning) at the University of Hertfordshire. Finally, we thank the Acupuncture Association of Chartered Physiotherapists (AACP) and DM’s patients, whose financial support indirectly made this study possible.




Conflicts of Interest


The authors declare no conflict of interest. The Acupuncture Association of Chartered Physiotherapists had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or in the decision to publish the results.




Abbreviations




	AACP
	Acupuncture Association of Chartered Physiotherapists



	Ac or Acup
	Acupuncture



	Adam
	Adaptive momentum estimation



	AE
	Auto-encoder



	AI
	Artificial intelligence



	ANN
	Artificial Neural Network



	API
	Application Programming Interface



	AUC
	Area under the curve



	b
	Bias parameter in a Neural Network



	C
	Complexity



	CNN
	Convolutional Neural Network



	CNN-LSTM
	Hybrid model



	Conv1D
	1-dimensional convolution layer



	CPU
	Central Processing Unit



	DA
	Data augmentation



	DBN
	Deep Belief Network



	DL
	Deep learning



	DNN
	Deep Neural Network



	DT
	Decision tree



	DWT
	Discrete wavelet transform



	EA
	Electroacupuncture



	EEG
	Electroencephalography



	FB
	Frequency band



	FCN
	Fully convolutional network



	FFNN
	Feed-Forward Neural Network



	FFT
	Fast Fourier transform



	GAN
	Generative adversarial network



	GD
	Gradient descent



	GPU
	Graphics Processing Unit



	HBI
	Human brain indices



	ICA
	Independent Component Analysis



	Keras
	An Application Programming Interface (API)



	LDA
	Linear Discriminant Analysis



	LORETA
	Low-resolution brain electromagnetic tomography
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	TENS
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	Tensor Processing Unit
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Figure 1. Timelines of research on deep learning (DL), machine learning (ML), acupuncture (Acup), electroacupuncture (EA), transcutaneous electrical nerve stimulation (TENS) and transcutaneous electroacupuncture stimulation (TEAS), 2000–2021. Based on PubMed searches, 6 December 2021. 
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Figure 2. Timeline of the experiment. 
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Figure 3. TEAS—stimulation details. (a) The Equinox stimulator and its output. (b) Sensors and electrodes in place, showing fingertip PPG sensor, one ECG electrode on right forearm, and TENS (transcutaneous electrical nerve stimulation) electrodes at LI4 and on the ulnar border of the hands. ECG electrodes on the left forearm are not visible (the thermistor on left middle finger is hidden by the PPG sensor). 
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Figure 4. The data collection and pre-processing pipeline. 
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Figure 5. Model architecture for Phase 3. 
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Figure 6. Phase 1—Model 13 of 16 models: sham, Slot 1 vs. Slot 5. Graphs of (a) model accuracy and (b) loss over 100 epochs, with (c) the associated confusion matrix and (d) the receiver operating characteristic (ROC) curve. For this model, the train-to-test ratio was 9:1, with kappa = 0.488, area under the ROC curve (AUC) = 0.75 and F-measure (harmonic mean of ‘precision’ and ‘recall’) = 0.488. Here, macro- and micro-average AUC are the same (the former computes the metric independently for each class, and then, takes the overall average, while the latter aggregates contributions from all classes). 
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Figure 7. Phase 2—Model 4 of 21 models: 80 pps, Alpha, Slots 1 vs. 2–5 vs. 6–8 (pre-stim-post). For this model, the train-to-test ratio was again 9:1, with kappa = 0.906, area under the ROC curve (AUC) = 0.943 and F-measure = 0.938. 
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Figure 8. Phase 3—Model 10 of 12 models: 2.5 pps, post-stimulation (Slots 6–8), comparing five classes (EEG Delta, Theta, Alpha, Beta and Gamma bands). For this model, the train-to-test ratio was approximately 5:1, with kappa = 0.718, area under the ROC curve (AUC) = 0.786 and F-measure = 0.777. 
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Figure 9. Phase 4—Model 7 of 12 models: 10 pps, stimulation (Slots 2–5), comparing five classes (EEG Delta, Theta, Alpha, Beta and Gamma bands). For this model, the train-to-test ratio was 4:1, with kappa = 0.990, area under the ROC curve (AUC) = 0.998 and F-measure = 0.992. 
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Table 1. Combinations and comparisons of ML and DL algorithms (A) located in PubMed-indexed papers using the search terms ‘EEG AND [ML A] AND [DL A].’ Combination and comparison counts were taken from study abstracts. Where this classification was not obvious, counts are included in the ‘Other/Unclear’ column. Abbreviations used: CNN: Convolutional Neural Network; DNN: Deep Neural Network; LDA: Linear Discriminant Analysis; LR: Logistic Regression; LSTM: Long Short-Term Memory; PCA: Principal Component Analysis; RNN: Recurrent Neural Network; SVM: Support Vector Machine. These terms are explained in more detail in the online Supplementary Materials (SM1).
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DL Algorithm

	
ML Algorithm

	
Counts (All)

	
Combinations

	
Comparisons

	
Other/Unclear






	
CNN

	
SVM

	
29

	
9

	
20

	
0




	
RF

	
17

	
4

	
10

	
3




	
LDA

	
7

	
0

	
0

	
0




	
LR

	
5

	
1

	
0

	
1




	
Clustering

	
10

	
3

	
0

	
6




	
PCA

	
1

	
0

	
0

	
0




	
Sum

	

	
69

	
17

	
30

	
10




	
LSTM

	
SVM

	
15

	
5

	
10

	
0




	
RF

	
7

	
1

	
6

	
0




	
LDA

	
3

	
1

	
2

	
0




	
LR

	
0

	
0

	
0

	
0




	
Clustering

	
2

	
n/a

	
n/a

	
2




	
PCA

	
2

	
1

	
1

	
0




	
Sum

	

	
29

	
8

	
19

	
2




	
RNN

	
SVM

	
6

	
1

	
3

	
2




	
RF

	
5

	
1

	
3

	
1




	
LDA

	
1

	
0

	
1

	
0




	
LR

	
0

	
0

	
0

	
0




	
Clustering

	
1

	
n/a

	
n/a

	
1




	
PCA

	
0

	
0

	
0

	
0




	
Sum

	

	
14

	
2

	
7

	
4




	
DNN

	
SVM

	
6

	
4

	
2

	
0




	
RF

	
2

	
1

	
1

	
0




	
LDA

	
2

	
1

	
1

	
0




	
LR

	
0

	
0

	
0

	
0




	
Clustering

	
2

	
2

	
0

	
0




	
PCA

	
0

	
0

	
0

	
0




	
Sum

	

	
11

	
8

	
4

	
0




	

	
SVM

	
56

	
19

	
35

	
2




	
RF

	
31

	
7

	
20

	
4




	
LDA

	
13

	
2

	
11

	
0




	
LR

	
5

	
1

	
3

	
1




	
Clustering

	
15

	
5

	
1

	
9




	
PCA

	
3

	
1

	
2

	
0








Note: Clustering (or obvious synonyms) did not appear in some papers located in PubMed when using the search term ‘cluster*,’ while in some papers that did include clustering, it did not appear to be used as an ML method. For Logistic Regression (LR), one study did not provide results for either the combination or comparison of methods [16] NB: Not all (non-feature-based) DL methods outperformed (feature-based) ML methods (see some of the Support Vector Machine vs. Convolutional Neural Network (SVM vs. CNN) studies, for example).
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Table 2. Results of PubMed searches for combinations or comparisons of two DL algorithms (for abbreviations, see caption of previous table).
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DL Algorithm

	
ML Algorithm

	
Counts (All)

	
Combinations

	
Comparisons/Other






	
CNN

	
[CNN]

	

	

	




	
LSTM

	
44

	
14

	
30




	
RNN

	
13

	
4

	
9




	
DNN

	
11

	
0

	
11




	
Sum

	

	
68

	
18

	
50




	
LSTM

	
CNN

	
44

	
2

	
42




	
[LSTM]

	

	

	




	
RNN

	
17

	
4

	
13




	
DNN

	
7

	
0

	
7




	
Sum

	

	
68

	
6

	
62




	
RNN

	
CNN

	
13

	
0

	
13




	
LSTM

	
17

	
1

	
16




	
[RNN]

	

	

	




	
DNN

	
1

	
1

	
0




	
Sum

	

	
31

	
2

	
29




	
DNN

	
CNN

	

	

	




	
LSTM

	
11

	
0

	
11




	
RNN

	
7

	
0

	
7




	
[DNN]

	
1

	
1

	
0




	
Sum

	

	
19

	
1

	
18
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Table 3. Numbers of studies located on 5 December 2021 in PubMed, SCOPUS and CNKI on machine learning (ML), Support Vector Machines (SVM), deep learning (DL) or Convolutional Neural Networks (CNN) and electroencephalography (EEG), acupuncture (Ac) or electroacupuncture (EA).
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PubMed

	
SCOPUS

	
CNKI




	

	
ALL

	
EEG

	
Ac

	
EA

	
ALL

	
EEG

	
Ac

	
EA

	
ALL

	
EEG

	
Ac

	
EA






	
Machine learning 机器学习

	
60,085

	
1711

	
30

	
1

	
315,567

	
3957

	
38

	
3

	
290,855

	
1516

	
34

	
2




	
Support Vector Machine 支持向量机

	
18,367

	
1277

	
15

	
0

	
145,475

	
4617

	
37

	
2

	
114,018

	
583

	
14

	
2




	
Deep learning 深度学习

	
25,456

	
627

	
5

	
0

	
165,435

	
1982

	
2

	
1

	
213,990

	
786

	
28

	
7




	
Convolutional Neural Network 卷积神经网络

	
13,580

	
480

	
4

	
0

	
102,937

	
1659

	
5

	
2

	
125,390

	
676

	
8

	
0




	
Acupuncture 针刺

	
34,611

	
309

	

	

	
50,417

	
288

	

	

	
194,603

	
463

	

	




	
Electroacupuncture 电针

	
6350

	
69

	

	

	
9267

	
62

	

	

	
44,088

	
122
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Table 4. Model summary for Phase 1, including two 1-dimensional convolutional layers and two stacked LSTM layers, two Dropout layers and a final Dense layer. Terms are explained in the online Supplementary Materials. The Output Shape defines the size of the output matrix. ‘None’ is a placeholder for the size of the dataset so that it is not fixed but can be varied; the following numbers within parentheses indicate the batch size and time steps used. The number of parameters required for each layer is also shown.
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Test–Train Data Shape




	
Train Data Shape

	
[10,800, 25/50, 19]

	




	
Test Data Shape

	
[1200, 25/50, 19]

	




	
Train Label Shape

	
[10,800, 2]

	




	
Test Label Shape

	
[1200, 2]

	




	
Model Architecture




	
Model: “sequential”

	

	




	
Layer (type)

	
Output Shape

	
Parameters




	
Conv1d_1

	
(None, 17, 32)

	
2464




	
Dropout_1

	
(None, 17, 32)

	
0




	
Conv1d_2

	
(None, 14, 16)

	
2064




	
Dropout_2

	
(None, 14, 16)

	
0




	
LSTM_1

	
(None, 14, 25)

	
4200




	
LSTM_2

	
(None, 5)

	
620




	
Dense

	
(None, 2)

	
12




	
Total parameters:

	
9360

	




	
Trainable parameters:

	
9360

	




	
Non-trainable parameters:

	
0

	




	
Model Specifications




	
Conv1d

	
activation: relu, padding: valid, l2 regularization: 0.001

	




	
LSTM

	
activation: tanh, recurrent_activation: tanh, dropout: 0.2, recurrent_dropout: 0.2

	




	
Dense

	
activation: sigmoid

	




	
Compiler

	
number of epochs: 100, batch_size: 32, loss: binary_crossentropy, optimizer: adam
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Table 5. Model summary for Phase 2. Note that 3-fold cross-validation was used, and SoftMax was used rather than the Sigmoid activation function in Phase 1, with a far greater number of parameters for each layer than before (these terms are explained in the online Supplementary Materials).
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Model Architecture




	
Model: “sequential”

	

	




	
Layer (type)

	
Output Shape

	
Parameters




	
Conv1d_1

	
(None, 125, 128)

	
9856




	
Conv1d_2

	
(None, 122, 64)

	
32,832




	
Conv1d_3

	
(None, 119, 32)

	
8224




	
LSTM_1

	
(None, 119, 250)

	
283,000




	
LSTM_2

	
(None, 119, 100)

	
140,400




	
LSTM_3

	
(None, 50)

	
30,200




	
Dense

	
(None, 3)

	
153




	
Total parameters:

	
504,665

	




	
Trainable parameters:

	
504,665

	




	
Non-trainable parameters:

	
0

	




	
Model Specifications




	
Conv1d

	
activation: relu, padding: valid, l2 regularization: 0.001

	




	
LSTM

	
activation: tanh, recurrent_activation: tanh, dropout: 0.2, recurrent_dropout: 0.2

	




	
Dense

	
activation: softmax

	




	
Compiler

	
number of epochs: 50, batch_size: 128, loss: categorical_crossentropy, optimizer: adam, 3-fold cross-validated
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Table 6. Confusion matrix results (kappa) for the 16 models in Phase 1. Values in bold are in the upper quartile of all 16 values, and those in red in the lower quartile.
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	Change from Slot 1
	Sham
	10 pps
	2.5 pps
	80 pps





	Slot 2
	0.439 (Model 1)
	0.413 (Model 2)
	0.409 (Model 3)
	0.462 (Model 4)



	Slot 3
	0.480 (Model 5)
	0.327 (Model 6)
	0.367 (Model 7)
	0.478 (Model 8)



	Slot 4
	0.465 (Model 9)
	0.339 (Model 10)
	0.332 (Model 11)
	0.437 (Model 12)



	Slot 5
	0.485 (Model 13)
	0.360 (Model 14)
	0.464 (Model 15)
	0.440 (Model 16)
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Table 7. Confusion matrix results (kappa) for the 20 models in Phase 2. Values in bold are in the upper quartile of all 16 values, and those in red in the lower quartile (‘ns’ indicates mean overall accuracy < 0.33).
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	Band
	Sham
	10 pps
	2.5 pps
	80 pps





	Alpha
	0.563 (Model 1)
	0.165 (Model 2)
	0.763 (Model 3)
	0.906 (Model 4)



	Beta
	0.180 (Model 5)
	0.281 (Model 6)
	0.474 (Model 7)
	0.496 (Model 8)



	Delta
	ns (Model 9)
	0.352 (Model 10)
	0.316 (Model 11)
	0.296 (Model 12)



	Gamma
	ns (Model 13)
	ns (Model 14)
	0.803 (Model 15)
	ns (Model 16)



	Theta
	0.457 (Model 17)
	0.748 (Model 18)
	0.789 (Model 19)
	0.508 (Model 20)
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Table 8. Confusion matrix results (kappa) for the 12 models in Phase 3. Values in bold are in the upper quartile of all 16 values, and those in  red in the lower quartile.
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	Time
	Sham
	2.5 pps
	10 pps
	80 pps





	Baseline (Slot 1)
	0.698 (Model 1)
	0.680 (Model 2)
	0.679 (Model 3)
	0.658 (Model 4)



	Stim (Slots 2–5)
	0.667 (Model 5)
	0.642 (Model 6)
	0.639 (Model 7)
	0.666 (Model 8)



	Post (Slots 6–8)
	0.666 (Model 9)
	0.718 (Model 10)
	0.634 (Model 11)
	0.577 (Model 12)
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Table 9. Confusion matrix results (kappa) for the 12 models in Phase 4. Values in bold are in the upper quartile of all 16 values, and those in red in the lower quartile.






Table 9. Confusion matrix results (kappa) for the 12 models in Phase 4. Values in bold are in the upper quartile of all 16 values, and those in red in the lower quartile.





	Time
	Sham
	2.5 pps
	10 pps
	80 pps





	Baseline (Slot 1)
	0.868 (Model 1)
	0.969 (Model 2)
	0.847 (Model 3)
	0.912 (Model 4)



	Stim (Slots 2–5)
	0.765 (Model 5)
	0.739 (Model 6)
	0.990 (Model 7)
	0.945 (Model 8)



	Post (Slots 6–8)
	0.862 (Model 9)
	0.683 (Model 10)
	0.650 (Model 11)
	0.968 (Model 12)
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