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Abstract

:

Pain is a complex term that describes various sensations that create discomfort in various ways or types inside the human body. Generally, pain has consequences that range from mild to severe in different organs of the body and will depend on the way it is caused, which could be an injury, illness or medical procedures including testing, surgeries or therapies, etc. With recent advances in artificial-intelligence (AI) systems associated in biomedical and healthcare settings, the contiguity of physician, clinician and patient has shortened. AI, however, has more scope to interpret the pain associated in patients with various conditions by using any physiological or behavioral changes. Facial expressions are considered to give much information that relates with emotions and pain, so clinicians consider these changes with high importance for assessing pain. This has been achieved in recent times with different machine-learning and deep-learning models. To accentuate the future scope and importance of AI in medical field, this study reviews the explainable AI (XAI) as increased attention is given to an automatic assessment of pain. This review discusses how these approaches are applied for different pain types.






Keywords:


pain; healthcare; neural networks; artificial intelligence; explainable AI












1. Introduction


Artificial intelligence (AI) has been a great opportunity for the progress of the economy, with its ability for solving problems that cannot be solved precisely in a short time using human intelligence. In recent years, the utilization of computer-assisted approaches in every domain, especially in healthcare, has increased with advancements in AI incorporated by reducing and optimizing the cost, time, workforce required for assessing, testing and completing the tasks performed by humans and increasing the quality of healthcare. However, there will be some challenges to overcome with the availability and development of clinical facilities using AI systems, equipment and trained professionals, etc. [1,2]. The availability of AI for use in healthcare and in different domains has already achieved great heights and has much influence on the present generation of mankind. Investing in AI has increased tremendously, from over 37.5 billion USD in the year 2019 to nearly 97.9 billion USD by 2023 [1,2,3].



For improving health-associated records of individual patients’ Electronic Health Records (EHR) [4], National Health Insurance (NHI) [5,6,7,8] for developing the Health Information Technology (HIT) [8], along with the deployment of some assistive tools, has made AI more reachable to people for easy access and more convenient healthcare [3,4,5,6,7,8]. However, the treatment and diagnosis of patients is a challenging task with machine-learning or AI models, as they are not necessarily sufficient in and of themselves, which is further endorsed by medical staff [9]. The artificial-intelligence approach for storing the health status of individuals in an Electronic Medical Record (EMR) gives the possibility for physicians to know the patient’s disease history, diagnosis, planned or unplanned treatments, severity and reoccurrence, medications used, test results of laboratory, etc. This information in one click makes the physician’s analysis about the patient more accurate and faster [10,11,12]. Rather than chart reviews, these data are well-organized and easy to access. The chip card, which has an electromagnetic chip inside, will render the data useful for the physician within no time once it is scanned, and give a scope to analyze the condition of the patient for diagnosis and treatment [12]. The drawback when progress is made in this is that the medical and health data are noisy, which when sampled irregularly makes it difficult to combine the data from different sources [10].



The inclusion of these advancements in technology in medicine and healthcare improves digitization and informatization [13]. Even with the boom in machine learning (ML) and AI, failure of the automated system dysfunction leads to losses of human lives. Diagnosis and treatment of patients at an early stage is key for technology utilization and minimizing the risk of the disease advancing. Some diseases require long treatments such as cancer, chronic pain, diabetes, etc. There should be accountability and transparency in medical data. Thus, the questions to be answered are: (1) who can be accountable if something goes wrong? (2) Can we explain why things are going wrong? (3) How do we leverage them if they go well? Many studies have suggested different methods and ideas that focused on interpretability, and furthermore, in explainable artificial intelligence (XAI) [14].



The explanations of AI models are more practically applied to global AI processes but should be careful while with individual decisions. There should be thorough validation before applying explainable artificial intelligence [15]. According to [15], the explanations of ML decisions have been categorized as inherent explainability and post hoc explainability. Inherent explainability means the clear, understandable and limited complex data by which the simple input and output can quantify their relation. The very simple way to understand is a calculation of a car’s fuel efficiency versus the weight of the car, using regression. It is understandable by explaining how a kilogram increase in weight changes the fuel efficiency on an average. On the other hand, post hoc explainability is where the data and models are difficult in complexity and high-dimensional to understand. This can be seen in medical-image analysis. Papers [15,16] describe examples of heat-map images for diagnosing pneumonia. The data, which contain useful and non-useful information after localizing the region, do not reveal exactly what in that area that the model considers useful. It is hard for clinicians to know if the model appropriately established that the presence of an airspace opacity was important in the decision, if the shapes of the heart border or left pulmonary artery were the deciding factor, or if the model had relied on an inhuman feature, such as a particular pixel value or texture that might have more to do with the image-acquisition process than the underlying disease [15]. XAI applied in diagnosis of some diseases is explained, such as Chronic, Ophthalmic, etc.



Interpretability is significant for AI models, by which the user knows the reason for the decision of the model as optimistic compared with the others [17]. If the data is high-dimensional [15], it leads to a lack of good explainability, and also may not create trustworthiness and transparency in usage [17]. Paper [18] explains how explainability techniques are used on a heart-disease dataset. The model created by [18] was used for the detection of explaining 13 attributes from the Heart Disease Cleveland UC Irvine dataset. Some of the feature-based techniques include Local Interpretable Model-Agnostic Explanations (LIME) and SHapley Additive exPlanations (SHAP), in which LIME is capable for local explanations and SHAP can explain globally as well as locally. Local explanations are limited to individual predictions, whereas global explanations are for the whole model, although global explanations can be used for individual predictions but are less accurate [3,18].



Retinal diseases such as glaucoma turn severe when they are untreated. In some cases, they cause irreversible vison loss. Even though there is an emergence of many deep-learning methods for use in diagnosing retinal diseases, their practical implementation is limited, with drawbacks with trust in the models in providing optimal and accurate decisions. The work reported [19] includes the quantitative analysis of the attribution methods using multiple measures, including robustness, runtime and sensitivity [19]. As explained before, the decisions are more transparent and explainable for users. These are the ethical and legal challenges for the model to be used [19] before taking decisions.



AI is also applied to the diagnosing of many other diseases that will end up with pain that lasts for a shorter period or even more after treatment ends. Pain is subjective in nature and cannot be same with two persons and for the same illness [20]. As explained in [20], pain cannot be concluded with one experiment or analysis for an individual. It needs to be observed, or experiments need to be conducted, numerous times. In olden times there was no alternative to mitigate pain rather than to accept it, but with the invention of first anesthetic drug named ether, the scenario was altered. Now, unpleasant pain is mitigated by injecting anesthetics. This was invented to be used for certain situations where tolerance of pain is not acceptable, and the patient needs to take it to reducing its severity [20]. This review focuses on pain types and XAI approaches applied in the pain model, and how helpful it can be in pain detection.




2. Scope of Review


This review is solely related to pain-scaling approaches and machine learning or deep learning, by further extending the machine-learning model’s decision of classifying by explainability. Pain is experienced due to different factors, for different ages, for different genders, differing from one another with no common standard that can be relied on. A person with different conditions of medical illness will experience pain that cannot be treated with same medication dosage [20]. For instance, patients under surgery are given anesthesia drugs, while people with headache pain are given a dosage of medicine, and for some others, pain opioids are used, which when misused or addicted to lead to other chronic complications. To allow the AI model to predict the associated pain, using XAI is discussed. Furthermore, the difficulties involved while assessing pain by clinicians and AI models and the bridge between these two is discussed.




3. Pain Measurement and Variation


The measurement of pain catches eyes as it is not reliable even today, after many advancements in science and technology. It received attention when different researchers approached it in different ways with ML and AI models, despite the outcome not being trustworthy.



3.1. Pain Measurement


The treatment of pain after the invention of anesthetic drugs (ether) became more trouble-free, and the mortality rate during surgeries reduced significantly. The treatment of postoperative pain remained unsophisticated and largely opioid-based, receiving scant attention in the literature. The invention of anesthesia in 1846 and the advancements in the anesthetic agent’s research for hundred years after it led to the foundation for the measurement of pain in 1940. There was a group of students from Connell University named James Hardy, Harold Wolff and Helen Goodell, who began working on a method to measure the intensity of pain. The study group, first assuming pain as the end of any overstimulation of recognized sensory mechanisms, found that pain had its own neurological pathways and was most likely to have its peripheral receptors and cerebral centers. They later devised a dolorimeter, a device that focused light on a blackened area of skin, and exhibited a painful stimulus at 45 °C or 113 °F [20,21,22]. This led them to devise a scoring system to record the intensity of pain experienced: “Twenty-one discriminable intensities of pain were observed between the threshold pain and the ceiling pain, a scale of pain intensity is proposed, the unit of which is called a ‘dol’.” In year 1951, the dolorimeter was used for the first time on patients in an attempt to assess the effectiveness of analgesia during labor. [21,22]. Two years later, a group of anesthetists evaluated the dolorimeter as an instrument for assessing pain, principally in pain-clinic patients. They conducted over a hundred hours of testing on themselves and reported. Their conclusion was that the dolorimeter might have an application as a tool for evaluating analgesic drugs, but felt it had little application as a measuring tool in patients [22].



The main critic of the dolorimeter is Henry Beecher, who is a Professor and Chair of the Department of Anesthesia at Massachusetts General Hospital. He insisted that pain research could have been carried out only by studying real pain in patients, taking into account all the subjective, emotional overlays that accompanied the origins of the pain. Thus, his work on the measuring of pain became extensive and it was one of the many areas where he tried to quantify subjective responses. His randomized, blinded trials involved the use of placebos—then a very new concept—and a crossover design where the patients served as their own controls, receiving two or more analgesics during a given painful episode. He measured a single response, the presence of a 50% reduction in pain. Beecher’s meticulous methodology became the foundation for future research into clinical pain management and analgesic efficacy [21,22]. Hence, pain is subjective, individually centered and usually measured by the self-report taken from the suffering person. There are a number of tools for measuring pain, which include the Visual Analogue scale (VAS), Verbal Rating scale (VRS) and some multidimensional tools. These scalings were developed for pain assessment after many experiments and clinical trials, which found them to be cost effective and robust. However, the patient’s self-report, which is the quantification of the pain experienced, is reported when talking with the clinician [20,23,24]. It can be interpreted by a clinician, although it can be taken as a standard for treating the patient even today. There is no skill involved for assessing pain [24]. Among those, the automatic detection of facial expression in particular is of high importance due to its applications in many fields such as in biometrics, forensics, medical diagnosis, monitoring, defense and surveillance, etc. It is not a continuous experience; pain varies and intensifies with time and cannot be predicted.




3.2. Pain Variation


Pain in some surgeries and injuries last long, thus making it difficult for the patient to conclude the cause. For example, pain could have been caused by other factors that are related to the musculoskeletal system. On the other hand, surgical pain is severe as it involves a loss of blood [20]. Hence, it received much attention from all the researchers to assess the pain using some AI models. There has been a lot of work carried out to automatically detect the pain from ML to deep learning (DL) [25,26,27,28,29].



In [20], the mechanism of pain is discussed elaborately; the nerve fibers A-delta and C fibers are sensitive to sharp and dull pain sensations, respectively. As pain is sensitive to the environment, distress and emotional conditions, people can experience it with no such remarks observed on the face. The influence of social, economic and cultural factors may also include people observing pain differently from one another [20,26,27,28,29,30,31,32,33,34,35].



In anesthetics, pain is the key parameter to deal with and regulate smoothly during the process of surgical operations on the patient. For this, preoperative and postoperative monitoring of pain is of high importance on different types of surgeries, including eyes, heart, brain or other organs [28]. Additionally, pain from patients sometimes cannot be verbally communicated, as they are under anesthesia for a long time, children, dementia patients, noncooperative, etc. In such cases, the above-mentioned measurement of pain using self-reports is not useful. The variation of pain with such patients cannot be dealt with easily [29,30,31,32,33,34].





4. Explainability in Pain Models


In [36], the concept of human–computer Interaction that has roots in cognitive science, particularly on the intelligence of humans and knowledge discovery/data mining in computer science with AI, is discussed. The definition of intelligence is with human intelligence in cognitive science and AI in computer science. In these two cases, the intelligence should be usable, and the factors that are needed are prior data, knowledge, generalization of data, dimensionality and its explanatory factors. In the medical sector, with pain, the raw data are available, and the problem lies with the generalization of data to different pain types and a lack of explanation factors. To date, the misuse of the interpretability and exploitability in many contexts leads to the model being perceived as ineffective by humans. The sense of a model to a human end observer is called interpretability; in other words, ‘transparency’ [37,38]. Depending on the transparency, the models can be simulated, decomposable models and algorithmically transparent models, wherein if the model is understandable to humans, it is called an explainable model [38]. Table 1 gives some explainable features related to different pain types. Chest pain in most cases is related with the heart and is also caused sometimes by problems with the lungs, esophagus, muscles, ribs or nerves. In most chest-pain cases, the doctor needs to evaluate the electrocardiogram (ECG), vital signs, past medical history of the patient (PMHx), the patient’s symptoms (Sx) and heart-rate variability (HRV), which is the peak-to-peak variation of the time interval. The explainable features mentioned in Table 1 are of high variable importance, as those are the features that the researchers are using for the detection of pain using machine-learning or deep-learning methods.



Back pain has many features, such that research implemented AI to model features such as electromyography (EMG), HRV, pelvic incidence, tilt, slope or direct tilt, etc., which is explained in Section 5.2. Shoulder pain and headache pain have common features that are used for detection using AI, which are facial images and facial landmarks. However, for headache pain, some other features such as age and visual analog scale (VAS) readings are taken into consideration to determine the cause. Surgical pain is a critical pain for the patient in operation theatre. The electroencephlogram (EEG) signal gives more relevant data for the anesthesiologists in surgical/postoperative types of pain.



4.1. Chest Pain


Physiological signs that are used for modeling pain are the only data that are trustworthy; the data from the behavioral signs will have low levels of reliability. In chest pain, there is a risk of evaluation involved of vital signs without involving any new variable [39]. Patients with chest pain at the emergency department (ED) constitute a greater logistic challenge as the majority have noncardiac-related symptoms and often benign disorders that do not need emergency treatment or hospitalization. Acute chest pain, which comes under primary cardiovascular disease, ranges from severe to no pain, from acute coronary syndromes to harmless conditions. Chest pain constitutes the most emergency department cases and is diagnosed using the HEART (history, EEG, age, risk factors, troponin) score in Table 2. Acute coronary syndrome-related mortality is more common in patients presented to the emergency department. Hence, the need of the emergency physician to assess the diagnosis of myocardial ischemia, including unstable angina, non-ST elevation myocardial infarction (NSTEMI) and ST elevation myocardial infarction (STEMI) [39,40,41,42,43]. The patient history, i.e., past medical history (PMHx) including smoking, drugs, medication, etc., and examination of the patient physically for vital-sign changes may not be reliable for the determination of treatment in emergency care by physicians [41]. Therefore, the data will be an input to the computer algorithm. The risk due to the disease can be predicted using an AI model only after the time when the patient’s health condition is stable and transferred to the general ward from the emergency department. This means the risk is less with the condition that the pain may be a chronic cause of the criticality. Chest pain records in the patient’s historical information are critical in determining the underlying cause. Treatment and clinical assessment of the patient is determined by many factors, including data such as age, history of medication and surgeries, therapies, physiological signs, etc. [42,43,44,45].




4.2. Back Pain


Lower back pain remains the most possible musculoskeletal disorder in the whole world, with the population at risk from different conditions. A common back pain can transform into more stressed chronic back pain when not diagnosed for a long time. This type is more common in occupational workers. Even physicians cannot determine the cause of chronic back pain from MR (magnetic resonance) images. Due to numerous advances in medical image processing and AI, physicians are now able to optimize the time for their diagnosis and treatment. Around 60% to 80% of the population in the UK may have experienced back pain at any time in their life [46], and among chronic diseases worldwide, one-fourth of the population suffers back pain. Advances in AI have reduced the risk by having a fast diagnosis system, with early prevention of acute back pain becoming chronic back pain. Electromyography (EMG), heart-rate variability (HRV), pelvic incidence, pelvic tilt (Figure 1), lumbar lordosis angle, sacral slope, pelvic radius, degree spondylolisthesis, pelvic slope, direct tilt, thoracic slope, cervical tilt, sacrum angle and scoliosis slope, gait features, data from pressure sensors to assess sitting posture and erector spinae muscle activity are some explainable features for back pain diagnosis using AI [46,47,48,49,50,51].



Figure 1 indicates the pelvic tilt that is a feature to describe lower back pain (LBP), where PT represents pelvic tilt, PI represents pelvic incidence and SS represents sacral slope. PT is the angle between the vertical line from the midpoint of the two hip-joint centers and a line connecting the midpoint of the two hip-joint centers with the midpoint of the sacral end plate. PI is the angle that connects the midpoints of the two hip-joint centers with the midpoint of the sacral end plate with the line perpendicular to the center of the sacral end plate. SS is the angle between the horizontal line and the sacral end plate.




4.3. Shoulder Pain


The shoulder joint has bones packed in contact with the muscles, tendons and ligaments. Usually, pain is caused due to the rotator-cuff tendons that are packed under the bony area of the shoulder. For most of the shoulder pain research, the labeled faces were taken for assessing the level of the pain as one of three classes, namely no pain, medium pain and high pain, or even more. Patients with shoulder pain underwent some physical tests on the abnormal shoulder, and appropriate levels of pain were considered from relative expressions of the face [53]. Different motion tests were conducted on patients to know the level of pain by the physiotherapist. These included passive and active motion tests that are performed when the patient is resting in a supine position on the bed and in standing position, respectively. The passive test is achieved when the patient’s limb is rotated by a physiotherapist until the maximum range was achieved or the patient feels pain and asks to stop. The active test was performed before the passive test clinically [54]. The UNBC shoulder pain database has the publicly accessible data for pain research as of today, where most research related to pain is carried out. In [55], the UNBC database is tested for the ensemble deep-learning model (EDLM) and achieved good accuracy. In [56], the facial-muscle-based action units (AU) are used to assess the pain from UNBC shoulder-pain-archive facial images. Figure 2 shows the tendon torn or tearing as an example of having shoulder pain.




4.4. Headache Pain


Headache pain refers to pain that arises due to a sensation occurring in the nerve fibers of the brain. Headache is a neurological disorder that can be due to different stimulus caused within the head. The dynamics of headache pain differs with the severity. Types of headache-pain perception varies with the person, as explained in [20,57,58]. Pain caused due to damage of tissues or organs inside the human body will also cause the sensation of headache pain. The source of pain, severity, time period, etc., gives different types of headaches [57,58,59,60]. The most common type of headache classification is primary and secondary headaches, and is explained in the International Classification of Headache Disorders (ICHD), 3rd edition [61].



4.4.1. Primary Headaches


Primary headaches are caused with no medical illness or condition involved, meaning they have no known serious cause for stimulus of pain. These include cluster headaches, migraines, tension-type headaches and new daily persistent headaches (NDPH) [60], as explained in Table 3. Cluster headaches are triggered by nitroglycerin, histamine and alcohol consumption. This is usually accompanied by eye watering, nasal congestion and swelling around the eye on the affected side, while symptoms last from 15 min to 3 h. The attacks of clusters last for weeks or months [57,58]. Migraine headache pain is on one side of the head. Migraine with aura and without aura are the two subtypes of migraine. Aura is the sensation perceived by a patient that leads to a condition affecting the brain. Migraine with aura has been associated with an increased risk of ischemic stroke, and not much risk is associated with migraine without aura. The diagnosis of migraine with or without aura is greater than or equal to 5 to 60 min and 4 to 72 h, respectively. Tension-type headache is more common, with a lifetime prevalence in the general population, and impacts the socioeconomic life of an individual. NDPH lasts for 24 h and is persistent in some days from the day it starts [57,58,59,60,61,62].




4.4.2. Secondary Headaches


Secondary headaches occur in response to other conditions that cause headache. It is classified in ICHD, which states that secondary headache occurring in close temporal relation to a disorder known to cause headache should be considered secondary unless proved otherwise. Headache worsening or improvement depends on the causative disorder that has worsened or improved. Sometimes it can be mistreated as a primary headache. Essentially, headaches last for 3 to 6 months depending on the severity of the cause [63,64,65]. As explained in [20], according to the duration of the pain and acuteness, chronic pain, it is associated with each headache pain.





4.5. Surgical/Postoperative Pain


Surgical pain has many risks that may lead to death. The diagnosis of pain is highly important when undergoing surgery or after surgical operation. To reduce the pain as explained in [20,21,22,23,66,67,68,69], general anesthesia is a safe and fundamental component for performing surgeries. Pain is monitored by anesthesiologists and a proper dosage of anesthesia is recommended according to the patients’ health, age and type of surgery. Hence, it becomes a difficult task for anesthesiologists to maintain the levels of anesthesia. The pain relates to the brain dynamics, and thus provides potential to trace differences in the brain’s activity under different anesthetics. In [66,67,68,69], work was carried out on how to access the depth of anesthesia (DoA) levels using different signals from the brain, and how to relate it with the bispectral index (BIS) value to make a more convenient and easy way for the surgical operation to continue, as the patient will experience pain if they become awake.





5. Explainable AI Models


Medical AI is used in performing clinical diagnosis and treatment suggestions. The application of DL in many biomedical fields from genomic applications such as gene expression, public medical health management and epidemic prevention have much importance. Explainable artificial intelligence (XAI) models are needed to relate the context-based explanations with the decisions made by machines in clinical decision making. Depending on the application domain, the decision made by the machines is to be explained. AI models with their broad application in all fields of science or in technology are usually skill-based decisions made from the datasets that the model is trained in or tested on, which means a clear understanding of the AI model-made decision is acceptable. In medicine, there are two distinct types of areas: one is the science of medicine, and the other is clinical medicine. Clinical medicine normally focuses on the patient at bedside. The physician’s communication with the patient is common, and the physician’s medical advice to the patient and selecting the therapy required for the diagnosing is made by explainable AI models. The need for explanations in these decisions to the patients is to be communicated effectively in an understandable way, which is possible with XAI [37,70,71,72,73,74,75,76,77,78,79,80,81,82].



XAI models have an increased interest as they gain high importance, which gives an explainable output of the machine-learning algorithm. Reinforcement learning (RL) is one such type of algorithm in machine learning that uses a goal-directed learning. RL has an agent that is used to learn by interacting with the environment for achievement of the goal. Rewards are to be returned by the environment. The reinforcement learning in healthcare domain is well-explained in [83]. Pain is a critical area in medical diagnostics, especially with the headache pain that is almost not explainable. This paper aimed at giving the view of developing an XAI model to further achieve a true, unbiased result with diagnosis and treatment. To date, there are few deep-learning models that are explainable for pain diagnosis or treatment, as it is a subjective experience and varies with time and treatment. We can say that every treatment for illness will lead somehow to pain. The patient feels pain with the given dosage of medicine or with the mentioned cause of illness. This is one of the first papers to review the features of the different pain types with machine-learning and deep-learning models that are to be explainable to make the decisions of the algorithm to be understood by the end user [70,83,84]. In future, a detailed survey can be addressed in upcoming review papers in this field. This review paper turns the interest of the researchers to focus on the pain, and gives an idea of how advancements are making the patient’s pain an understandable feature to be implemented using AI that is explainable. The variable importance of the explainable features is mentioned in Table 4. The variable importance is based on the reviewed papers that used the variable to determine the pain.



5.1. AlexNet


AlexNet is a convolutional neural network (CNN) architecture that works with large datasets. The architecture consists of eight convolutions and three fully connected layers. As there are many parameters, there is a problem of overfitting, which is solved by data-augmentation and dropout methods [71]. In [72], the AlexNet model is used in the application of detecting the brain’s computer tomography (CT) hemorrhage from normal brain CT images. The long-term problem of classifying the normal and hemorrhage CT images of the brain is solved with the AlexNet model, which extracts more features with trained filters.




5.2. VGGNet


After AlexNet, CNN gained popularity via VGG, with 16 and 19 layers being used. This also presents the best performance on ImageNet, and reduces computing speed and accuracy. The depth of the network is increased by adding convolutional layers [73]. As we know, COVID diagnosis and treatment in early stages may help patients to survive with few complications. In [74], the authors concluded that the ultrasound images provide much more reliable data and superior detection accuracy compared with X-ray at 86% and CT scan with 84%. The ultrasound images are almost 100% accurate, as it is easy to assess for the patient at bedside.




5.3. ResNet


ResNet is a deeper neural network and is difficult to train the model. This was also trained on ImageNet data and achieved higher performance than VGG as this is 8x deeper than VGG. This also worked on COCO detection and segmentation. As can be seen in [75], 50-, 101- and 152-layer-deep ResNets are used, depending on the data. The color fundus images in diabetic retinopathy are classified in [76] using inception ResNet V2 as an application of AI in the biomedical field, with high accuracies over 80%.




5.4. DenseNet


Although CNN is introduced over two decades, improvements in hardware and network structure have recently allowed the training of truly deep CNNs. After the above discussed deep CNNs, which surpassed 100 layers, creating a problem of gradient when it passes through many layers may vanish and wash out by the time it reaches the end. DenseNet layers are very narrow (i.e., 12 filters per layer) [77]. In [78], the author proposed that the DenseNet-121 model reported a more accurate patient-recognition rate (PRR), and image-recognition rate (IRR) metrics improved by 2–8% and 2–9% with the VGG 16 and ResNet50 convolutional neural network models.





6. Discussion


Deep-learning methods are widely used in many applications related to healthcare. The utilization of AI in healthcare has reduced the burden on the system exclusively. The datasets available to train models have increased in time and have achieved good results with a small amount of medical data. The investment of AI in healthcare has increased tremendously in recent years, with surgical operations also being assisted by AI systems that detect and assess the health of patients instantly with the electroencephalogram (EEG), electromyogram (EMG), pulse rate and electrocardiogram (ECG).



Pain detection using these DL methods is a difficult task, as it cannot be accurate enough for diagnosing. For research purposes, datasets that are used for pain detection are developed, but the recorded pain cannot be constant and dynamic. It is a sensation caused due to some medical disorder; hence, it is highly difficult to predict as it can be with other medical conditions. Pain varies with time and is not evaluated using one’s facial image. Different research has been conducted with some publicly available datasets and has proved that headache pain is the most difficult to predict, among others. There was little research that went on to discuss headache pain. However, we achieved certain progress in detecting other types of pain as discussed above in this paper. Incorporating XAI models may increase the features that are explainable to a certain illness and what causes it, and feature the importance in diagnosis.




7. Conclusions


The different AI-based approaches to pain are reviewed, and the importance of explainable AI in health and medicine is explained. This review gives an overview of all the pains that are automatically diagnosed using facial emotions and expressions, vital signs, and other important signs for detecting pain from the available data. There is a gap between the engineering systems in real-time diagnosis of patients with pain; this should be filled using some AI approaches. Pain from different sources such as injury, illness and tissue damage are not the same sensations as each other. Pain is so persistent that it leads to stress [20]. The meaning of intelligence in explaining the features of pain that are studied is discussed. The pain scale, which is verbal or rated by the physician, is time-consuming and not reliable, with more stress on the health system. The application of AI models for healthcare-system improvement by diagnosing without any invasive methods gives much scope nowadays to every other disease prior to diagnosis. The features explainable for the diagnosis of pain, as described for each pain in Table 1, should be concentrated on as a solution.
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Figure 1. Pelvic tilt “Adapted from Ref. [52]. 
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Figure 2. Tendon torn/tear. 
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Table 1. Comparison of various pain for explainability of the features.
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	Pain Types
	Pain-Affected Organs
	AI/ML Techniques Used
	Explainable Features in the Pain





	Chest pain
	Heart
	Random forest (RF), support vector machine (SVM), artificial neural network (ANN), linear regression (LR), gradient boosting.
	ECG, Vitals, HEART Score, Troponin, Labs, Exam, PMHx, Sx, HRV



	
	
	
	



	Back pain
	Back bone
	K-nearest neighbor (K-NN), principal component analysis (PCA), random forest (RF), ANN, SVM, multilayer perceptron (MLP), LR, stochastic gradient boosting (SGM), naïve Bayes (NB).
	EMG, HRV, pelvic incidence, pelvic tilt, lumbar lordosis angle, sacral slope, direct tilt, pelvic radius, degree spondylolisthesis, pelvic slope, thoracic slope, cervical tilt, sacrum angle and scoliosis slope, gait features, data from pressure sensors to assess sitting posture, erector spine muscle activity.



	
	
	
	



	Shoulder pain
	Shoulder joint/muscle
	SVM, ResNet
	Facial images, landmarks.



	
	
	
	



	Headache pain
	Brain
	Random oracle model (ROM), linear neural network (LNN), SVM, K-NN, ANN
	Age, visual analog scale rating, duration of pain, facial images, landmarks.



	
	
	
	



	Surgical/post-operative pain
	Body cells
	AlexNet, VGGNet, CifarNet, ResNet, DenseNet
	Electroencephalogram (EEG)
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Table 2. Predicting chances of hospitalization using HEART score.
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	HEART Score Points
	MACE Occurrence
	Hospitalization





	0–3
	2.5%
	Not Necessary



	4–6
	20.3%
	Necessary



	≥7
	72.7%
	Immediate
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Table 3. Primary headache types.






Table 3. Primary headache types.





	Primary Headache Type
	Duration of Symptoms
	Occurrence





	Cluster-type
	15 min to 3 h
	Frequent



	Migraine with Aura
	≥5 min to 60 min
	Frequent



	Migraine without Aura
	4 to 72 h
	Rare



	NDPH
	24 h
	Rare
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Table 4. Variable importance of explainable features.






Table 4. Variable importance of explainable features.





	Pain Type
	High Variable Importance Features
	Less Variable Importance Features





	Chest pain
	ECG, Vitals, HEART Score, PMHx, Sx, HRV
	Troponin, Labs, Exam.



	Back pain
	Pelvic incidence, pelvic tilt, lumbar lordosis angle, sacral slope, direct tilt, pelvic radius, degree spondylolisthesis, pelvic slope, thoracic slope, cervical tilt, sacrum angle and scoliosis slope, gait features.
	EMG, HRV, data from pressure sensors to assess sitting posture, Erector spine muscle activity.



	Shoulder pain
	Facial images, landmarks.
	-



	Headache pain
	Facial images, landmarks.
	Age, visual analog scale rating, duration of pain.



	Surgical/postoperative pain
	Electroencephalogram (EEG)
	-
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