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Introduction: Effective clinical care for chronic pain requires accurate, comprehensive, meaningful pain assessment. This study investigated healthcare providers' perspectives on seven pain measurement indices for capturing pain intensity.

Methods: Semi-structured telephone interviews were conducted with a purposeful sample from four US regions of 20 healthcare providers who treat patients with chronic pain. The qualitative interview guide included open-ended questions to address perspectives on pain measurement, and included quantitative ratings of the importance of seven indices [average pain, worst pain, least pain, time in no/low pain, time in high pain, fluctuating pain, unpredictable pain]. Qualitative interview data were read, coded and analyzed for themes and final interpretation. Standard quantitative methods were used to analyze index importance ratings.

Results: Despite concerns regarding 10-point visual analog and numeric rating scales, almost all providers used them. Providers most commonly asked about average pain, although they expressed misgivings about patient reporting and the index's informational value. Some supplemented average with worst and least pain, and most believed pain intensity is best understood within the context of patient functioning. Worst pain received the highest mean importance rating (7.60), average pain the second lowest rating (5.65), and unpredictable pain the lowest rating (5.20).

Discussion: Assessing average pain intensity obviates obtaining clinical insight into daily contextual factors relating to pain and functioning. Pain index use, together with timing, functionality and disability, may be most effective for understanding the meaning to patients of high pain, how pain affects their life, how life affects their pain, and how pain changes and responds to treatment.

Keywords: pain intensity, pain measurement, mixed-methods research, qualitative research, provider interviews, chronic pain


INTRODUCTION

Effective clinical care for chronic pain requires accurate, comprehensive, and meaningful pain assessment. It is widely acknowledged that patients' pain experiences are multidimensional, including sensory, affective, and perceptual aspects (1–3). Of the different dimensions of pain assessment, pain intensity is a primary focus in clinical care and pain management to indicate the magnitude of pain, and is meant to describe pain level or intensity (4). Self-reports of pain intensity are typically collected during patient encounters and also represent the primary outcome in most clinical trials of pain disorders (1, 5, 6). Although patient self-report pain ratings using a 0–10 numeric rating scale or a 100-mm visual analog scale are commonly used in clinical practice, improving the degree to which pain assessments provide clinically useful information can facilitate optimal patient care.

Many instruments are available to measure pain intensity. They vary by type of response options, descriptors used to anchor pain ratings (e.g., “pain as bad as one can imagine”), and the reporting period specified (e.g., pain over the past week, past month) (5). A common feature of most pain measures is their focus on average level of pain over a period of time. However, a fundamental quality of the pain experience is that pain does not remain at the same level all of the time. Prominent recommendations for core outcome measures in chronic pain clinical trials emphasize the measurement of specific features of pain intensity over time, such as pain maxima, minima, and frequency (1), as secondary outcomes. Additionally, temporal patterns of pain (e.g., episodic, chronic recurrent, constant but fluctuating in intensity) have been described as important to classifying chronic pain (2).

Over the past decades, real-time data collection methods involving Experience Sampling or Ecological Momentary Assessment (EMA) have received increasing attention in pain research. Using EMA, patients rate their momentary pain intensity multiple times per day in their natural environment, which makes it possible to capture temporal features of patients' pain intensity in great detail (7–10). While assessments of specific aspects of pain intensity other than average pain are beginning to be acknowledged in research on chronic pain, to date, it is unclear which temporal indices of patients' pain intensity should be assessed to achieve the greatest utility. Of various pain indices, the worst (highest) and least (lowest) pain over time have received substantial attention in empirical research, and have been recommended as outcomes in clinical trials (1, 11–14). Additionally, empirical studies suggest that the amount of time patients spend in low pain or high pain represent distinctive features of the pain experience (15–17). Evidence from observational research and clinical trials also highlights the importance of examining pain fluctuation, which has been linked to psychosocial outcomes and assay sensitivity (18–23). Finally, studies have shown that the unpredictability of shifts in pain [e.g., whether pain occurs after a specific trigger or without warning] is associated with central nervous system performance and functional outcomes (24–26).

These findings suggest that, from an empirical perspective, alternative measures of pain intensity may augment understanding of patients' pain experience and how pain relates to functioning in daily life. However, we know very little about the applied clinical relevance of such assessments, that is, the extent to which they would also augment the information available to clinicians in routine pain practice outside of the research context. This is an important gap in the existing literature because the benefits of utilizing measures that capture alternative aspects of pain intensity levels in patient care depend upon whether they fit the needs and perspectives of those providing medical care to patients.

The present study aims to address this gap. Incorporating stakeholders such as healthcare providers in research to evaluate outcome measures has been strongly promoted by policy makers and regulatory agencies (27–31). In the present mixed-methods paper (which uses data from a larger study that included providers, patients, and regulators), we aimed to investigate providers' perspectives on and ratings of the utility of measures focusing on alternative aspects of pain intensity when evaluating treatment outcomes in chronic pain care. We included a quantitative rating exercise within a qualitative individual interview of healthcare providers. The primary research questions guiding the healthcare provider interviews were: How do providers evaluate the utility of pain intensity assessment in clinical practice? Which aspects of pain intensity are most useful to providers in managing their patients' chronic pain? How do providers value assessments that capture specific aspects of patients' pain levels in addition to (or as alternative to) average pain level?



MATERIALS AND METHODS


Eligibility, Recruitment, and Providers

Healthcare providers were recruited for interviews through the American Academy of Pain Medicine (AAPM) mailing list. Providers were selected randomly from the list based on geographic region by targeting zip codes, representing 13 US states and four geographic regions—Northeast, Midwest, South and West. A total of 81 males (56%) and 64 females (44%) across the country were sent participation invitation letters by postal mail. An initial batch of 100 invitation letters was sent; due to low initial response, we used the same method to send a second batch of 45 letters to a new set of providers. All providers were purposively selected based on sex and geographic region. Follow-up phone calls were made to anyone who did not respond to the letter. Eligibility included ability to read and speak English, willingness to provide verbal informed consent, and work role including more than 8 h per week of seeing patients with chronic pain. A threshold of 8 h per week was selected to allow for inclusion of providers who were not exclusively focused on treating patients with chronic pain and treat patients outside of pain specialty settings. The process we used is concordant with purposive sample creation (32) whereby a small sample is selected that includes the diverse characteristics desired in the sample, and recruitment and data collection ceases when data saturation is achieved (33, 34).



Data Collection
 
Procedures

The study was approved by the University of Southern California Institutional Review Board (UP-15-00228) and informed consent was obtained from all enrolled providers. Participants were sent a reminder email 2 days prior to their scheduled interview with an informed consent information sheet, and a pain index sheet containing seven pain indices and definitions: patients' average pain, worst pain, least pain, the amount of time patients spend in no pain or low pain, the amount of time patients spend in high pain, the extent to which pain fluctuates, and the unpredictability of shifts in pain (Table 1). The indices were selected based on the literature of basic temporal and distributional characteristics of pain that are commonly derived from EMA and other diary methods (7, 10, 35). We note that this list is by no means exhaustive, and more complex temporal features of pain such as the dominance in duration of high vs. low pain states (8) or the autocorrelation of pain intensity states (7) that have been examined as EMA-derived pain outcomes are not considered here. Interviews were conducted by the first author (REG). The semi-structured interviews were audio recorded, lasted between 30 and 45 min, and were professionally transcribed. The initial monetary incentive offered to providers was a $150 gift card, which was later increased to $200 to enhance participant recruitment.


Table 1. Pain indices and definitions presented to providers during the interviews.
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Interview

The interview question guide explored how healthcare providers typically collect information about their patients' pain levels; how they view each of the seven pain indices; and which indices might be most useful in their work with chronic pain patients, and why. Core questions were asked of all participants, supplemented by spontaneous probes and follow-up questions. Open-ended questions were followed by structured questions to explore providers' perspectives on and experiences with the seven different pain indices. During this latter part, the interviewer asked participants to talk about each index in terms of the most important/useful pain outcomes of pain treatment, and the most important/useful to them in their work with patients.

Next, the pain measurement concepts sheet was used for rank ordering and rating tasks intended to elucidate the subjective usefulness of each of these indices to providers for characterizing patients' pain (Results for the rank ordering task are presented elsewhere) (10). For the rating task, participants rated each of the indices independently for importance for measuring treatment response, where 0 = no importance and 10 = extremely important. Providers read their ratings aloud for the interviewer to document, and explained in their own words how they made their decisions.




Data Analysis

Standard quantitative methods were used to analyze the ratings of each of the indices. A repeated-measures ANOVA with one within-subjects factor (importance ratings) was performed to test the omnibus null hypothesis that all pain indices were rated as equally important. Pairwise post-hoc comparisons with Benjamini-Hochberg correction (36) to control for inflation of Type 1 error due to multiple (i.e., 21) comparisons were subsequently performed to test for differences in the mean importance ratings between individual indices.

Qualitative interview data were analyzed in iterative fashion, beginning as the transcripts became available and continued through and beyond data collection. In this way, the researchers were able to recognize when they reached data saturation such that no new content or concepts were appearing in the interview data, and data collection should stop. This process resulted in our ceasing data collection after 20 interviews were completed and analyzed.

First, the immersion/crystallization technique (37) for data analysis was used, which involved repeated readings of the transcripts with careful note-taking and team discussions about emerging patterns and themes. We constructed a saturation grid to track patterns as they emerged and to determine when no new information was obtained (33, 34). This process was supplemented with template organizing style analysis (38) where a codebook and coding dictionary were created based on topics and themes identified through individual immersion and discussion among the project team members. This was followed by independent line-by-line coding by two team members using NVivo software (39, 40). Inter-rater reliability was assessed as the coders repeatedly met throughout the coding process to compare and refine their use of codes. Transcripts and code reports were then read again, with discussions among team members to consider alternative interpretations of the data, reconcile conflicting interpretations, and to come to final presentation of results (41–43). COREQ guidelines for reporting qualitative research were consulted during the preparation of this article.




RESULTS

In this paper, we present findings from analysis of qualitative data from provider interviews, as well as quantitative results of a pain index importance rating exercise providers completed during the interview.


Participant Characteristics

The 20 provider participants were drawn from four broad regions of the US: Northeast (n = 5), South (n = 7), Midwest (n = 2), and West (n = 6). There were 15 MDs, 2 NPs, 1 PA, 1 PhD Psychologist, and 1 PhD Pharmacologist/Toxicologist; 13 males and 7 females, aged 31–65, with mean age of 43.8. Years in practice ranged from 1 to 30, with mean years of 14. The sample size used in this study is consistent with qualitative research design, and our iterative analysis process ensured that saturation was reached (42, 44).



Providers' Perceptions of the Validity of Standardized Pain Rating Scales

Regardless of which type of index providers in this study favored for use in routine clinical care to measure patients' perceptions of their pain, almost all asked patients to report their level of pain using a 10-point visual analog or numeric rating scale. Nevertheless, providers described multiple problems with this method. Many providers stated that, over time, even if other indicators demonstrated that the patient's pain had improved (e.g., increased function), some patients persisted in reporting their pain intensity at a consistent, high level on the scale. Providers attributed this inertia in pain reporting to a patient's long-established self-identification as a person with a high level of pain.

“And so, they really don't seem to move a lot on the number itself. And part of that is something I of course don't at all understand. But I think that it really has become just more of, ‘I'm an 8.' It's just one of those things.”

Other problems providers cited were patients' lack of literacy regarding use of scales, the idiosyncrasy with which the points on the scale are viewed from patient to patient, and patients' reluctance at times to even designate a point on the scale.

“I think there's a big problem with the scale. A lot of patients just don't understand what it means. Some people, they are in terrible pain, but they will still give you a lower number, and others may not seem to be in such terrible pain, but they always have higher numbers.”

“[Patients] get frustrated when you ask them, ‘What is the lowest pain?'. Sometimes people say, ‘Well, the lowest pain is I don't have pain sometimes at all. And sometimes I have it but it's really bad.' I think it's a very difficult question to answer.”

“They say the pain is higher than it really is, or they say the pain is a 12 or 15. They walk comfortably into the office, and they'll be sitting there breathing normally. So I find a lot of patients, no matter how hard I try to put it in context, don't really understand.”

Providers in this study observed that patients can more easily recall high pain than low pain. Therefore, participants believed that when patients are asked to recall their pain over a period of time up to the present, patients most often focus on the higher pain levels they experienced, regardless of what percentage of the time they endured high pain. In addition, many providers felt that patients tend to “catastrophize” their pain.

“So if they tell me that they have chronic 15- and 12-out-of-10 pain usually, and they're sitting there comfortably in front of me, then I'll kind of dig into it a little deeper and say, ‘Well, what's the worst pain you ever felt?”

Another variable inherent in the use of pain scales for interpreting patients' pain levels is the reason that individual patients are seeing the provider at that time.

“It varies on what they're here for. Are they here to get pain medications? Then they're going to be a 10 all the time. Are they here to get a procedure? Then they may be a little bit lower on the scale. It varies on what I see that they're looking for. So you can ask them where their pain is, but you haven't figured out how to put a meter on that yet.”

Some providers in this study noted that when patients are in pain at the moment of their medical visit, it can be difficult for them to focus on how the pain was different in the preceding period of time: “[Patients are] just trying to make it through the next hour until ‘I get my pills.” Further, many providers explained that patients with chronic pain over time come to relate to their pain as a significant element of their identity, which consciously or unconsciously, they become reluctant to relinquish for a variety of reasons.

“All of this pain and how they relate to it has become part of their story that they tell themselves. If they have been self-identifying as a pain patient in some way for a long period of time, I think simply that having to let that go and move on, in and of itself, is anxiety inducing. And so even if they're doing well they want to hedge their bets a little bit and they want to say, ‘Okay, I'm feeling a little bit better but I am not about ready to say that I'm all the way better or I'm getting better cause what if this goes away, what if this is only temporary? I've been burned in the past.”'



Providers' Strategies for Assessing Patients' Pain Intensity

Several themes emerged in response to the question about how providers typically collect information about their patients' pain levels. A few providers asserted that they do not start their pain and treatment efficacy assessment by asking about intensity, and instead ask questions such as, “Did your pain get better?” Most providers, however, stated they typically begin by asking patients what their level of pain is at the current moment. Most then ask what their patients' pain has been on average, over a past period of time, sometimes unspecified though usually the past 7 or 30 days. Some ask for pain levels on different specific days, or weekends vs. weekdays. Many said they end their inquiry about pain intensity there, although some next proceed to one or more additional pain indices, most often worst pain and/or least pain over the specified period. As one provider explained:

“When I ask people about low pain first before their worst pain, they don't even answer low pain. They would answer the worst pain. It's just because I think they think if they say the lowest pain first I would not ask about their worst pain. And they would not get the treatment they deserve or whatever. Now what I've started doing is I ask the worst pain first.”

One provider who predominantly provides injections and other pain-relieving procedures explained:

“Unfortunately, we try to boil everybody down into a little pot and it never works with pain because it's so multidimensional. But when we measure pain as one point, the FDA decided it wasn't pain intensity that was important. It was pain relief. So that a patient could say, ‘I feel relief' rather than ‘My pain is this.”'

Many participants stated that pain ratings alone are not sufficient for understanding the patients' experiences of pain. Some ask patients for descriptive words about the pain, and most ask about function and ability/disability in addition to pain ratings. Some providers explained that juxtaposing what a patient was doing at the time of having worst pain in the past 7 days with what the patient was doing at the time of having least pain is critical for assessing whether the treatment is working. Many provided examples such as if a patient's least pain occurs in conjunction with lying on a comfortable couch and worst pain occurs when doing a physical task, pain ratings are placed within the context of daily life and can inform treatment decisions. While overall, fluctuating pain was rated by providers as among the least useful indices, some said they used this index specifically to ask about context and activity, and then to educate patients about managing their high and low pain levels throughout the day.

Some providers said that when patients with chronic pain succumb to fluctuating pain by avoiding normal daily activities that increase the pain, they do themselves a disservice, and besides treatment “[it takes] a little bit of education. Because we know that it's going to fluctuate. Sometimes catastrophizing, and just fear that the pain's going to get worse if they do anything, and anytime it fluctuates a little bit, [they believe] it's getting worse.” Providers emphasized that however pain intensity is identified, effective treatment is predicated on their own good communication and listening skills.

“Something that I view more about the population [patients with chronic pain] overall is that they don't feel heard and they don't feel believed by people. And whether that's their peers, or they're walking around hurting and they don't have a broken arm, or they're not in a wheelchair. Their life is very difficult, but they look fine. And that's a very frustrating experience for them. So to me, [patients' pain reporting] is really about communication, like a way to say, ‘Things are really bad'. It's one of the only ways they think they have to express how bad things are for them because they feel very misunderstood and not heard.”

Some providers said they try to enhance the usefulness of the pain measurement scales by regularly engaging in educating patients about what the scales mean.

“When people think 10, I don't take them at face value, sometimes. I'll say, ‘So you barely got out of bed this morning 'cause you're at a 10?' ‘Oh, well, okay, maybe it's an 8.' So I really educate them on the numbers and the specificity of it. ‘When you say it's the worst pain of your life, explain to me.' So we have a lot of education in my practice and I really reinforce the patients to be involved and make it a team effort.”

Regardless of the pain indices providers preferred, most used these in an effort to gauge how the patient's pain has changed over time and in response to treatment. As one provider stated: “So it's something that we can look and see where they were at. It's not very reproducible between people, but for the same person it might be indicative of how they're doing today vs. how they've done in the past.” Ultimately, if the patient is receiving treatment for the pain, the goal is to “Look what pain does to disrupt life, and what is that treatment doing for that.”



Providers' Perspectives on the Pain Indices

Understanding how healthcare providers viewed the importance of the seven pain indices was an essential component of data collection. The individual provider ratings for each pain index are displayed in box-and-whisker plots in Figure 1. Table 2 provides summary statistics. Descriptively, worst pain received the highest mean importance rating. Unpredictable pain received the lowest rating. Average pain received the second lowest importance rating. It is notable that all seven pain indices received mean importance ratings above the midpoint of 5 on the 0–10 scale, suggesting that all indices were deemed somewhat important by providers. In addition, providers varied substantially in the importance ratings of each index, with standard deviations approaching or exceeding 2 scale points, suggesting there was limited consensus among providers about which indices are most and least important.


[image: Figure 1]
FIGURE 1. Box-and-whisker plots of provider ratings of importance/usefulness of the pain intensity indices. Blue diamonds represent the mean, red vertical lines represent the median, boxes represent the 25th and 75th percentile, whiskers represent the range of ratings, and green filled circles represent individual provider ratings for each pain index.



Table 2. Mean [SD] of provider ratings of importance/usefulness of individual pain intensity indices.

[image: Table 2]

In statistical analyses, a one-way repeated-measures ANOVA yielded a significant omnibus F-test, [F(6, 14) = 3.11, p = 0.007], indicating significant differences in the mean importance ratings. Post-hoc pairwise comparisons showed that worst pain was rated significantly more important than time in no/low pain (d = 0.64, p = 0.040) and unpredictable pain (d = 0.94, p = 0.01). In addition, least pain and fluctuating pain were rated significantly more important than unpredictable pain (d = 0.64, p = 0.040, and d = 0.59, p = 0.048, respectively).

In the qualitative interview component, providers claimed to use average pain exclusively or at least most often because they knew it to be the most commonly-used index in clinical care and clinical trials. Some admitted they had never considered other ways of measuring pain intensity until the six additional indices were outlined during the study interview. Despite their consistent use of average pain, providers described numerous problems with it which were reflected in the ratings. They stated that patients misconstrue the meaning of average to include the level of pain experienced most frequently (i.e., mode), rather than the arithmetic mean. Others asserted that since high pain is more memorable than low pain, the reported average will be pushed artificially higher. One provider explained how patients become irritated by the request to report average since patients see their pain as unique, not “average.” Other providers said patients insisted that their pain was far worse than “average.” These misconstrued ways of responding about average pain would corrupt the meaning and interpretation of this index if providers assumed patients were referencing the average pain level over the prescribed period.

Some providers explained that recall of specific pain levels during the designated time period was a problem even if patients knew how to calculate average. One provider tried to mitigate this problem by having patients keep pain logs: “And then we would go ahead and take their score, average it by the number of readings, and then we say, ‘See, your average pain is 5.' [And the patient would respond], ‘Oh no, it's got to be an 8'. So we stopped doing that.” Some providers who acknowledged the inadequacy of average pain ratings still felt that seeing how patients' reported averages went up or down over time is useful, no matter how the patients conceptualize the concept of average, and so the index is still in common use. As a provider claimed, “I've found most value in the average because I think it's taking out jagged edges. I find the average is something that is going to give you a better curve with less disturbance in it.” Some claimed that average pain may still be the best indicator of pain intensity over time, but not in the way it is currently used: “I think it would be education on the patients' part, my part, making sure we're all on the same page.”

Many providers said they valued the least pain, and to a lesser extent time in low pain, indices for the information these provide about how medication or behavioral treatment is working, and for the success and relief good values imply for the patient. A few providers stated this preference in terms of “putting a positive spin” on the patient's experience of chronic pain. In contrast, some noted that if a patient already has considerable time in low pain there is not much for the provider to do to help the patient, so the index is less useful. Many providers in the study stated that these two indices are difficult to use with patients. They attributed this evaluation to factors they have observed in their practice: patients' inherent bias toward remembering more clearly their worst pain and time in high pain; patients' tendencies to “catastrophize” their pain; the centrality in patients' minds of lowered functional capacity due to those times in high pain; and patients' reluctance to admit or talk about any lessening of their pain for fear that providers would become distracted from or not take seriously their reports of accompanying periods of high pain. Providers said they believed that the patients' primary goal is to keep their providers' “attention on the pain.” In addition, at the time of the interviews there was increasing media attention across the US about the burgeoning prescription opioid crisis, and providers speculated that the resulting environment of heightened pressure to decrease opioid prescribing may impact patients' urgency to justify continuation of medication: “In some cases they feel that if they don't continue to rate their pain high, maybe you're going to say, ‘You don't need all this medication.”'

“They are pretty wise about the number they need to give, for it to be noteworthy enough to a provider. So, that individual may be more likely to report a 7, an 8, a 9. I have many people that will say, ‘My 8's like anybody else's 20.' Everyone thinks that theirs is the worst.”

“I realize that there's that fear that if they say they're doing better, ‘Oh good, then it's time to reduce their pain meds.'. So they absolutely do come in with the worst pain, 9, and they're not looking like they're about to die. I suspect that's what they're concerned about, that we're going to take their pain medication away and they're going to be miserable and not able to work or function or have a good quality of life.”

Some providers offered that this reaction could backfire as patients who persist in reporting inflated pain levels may lead providers to reduce or completely de-prescribe seemingly ineffective medication.

“But when you sit down and say, ‘Look, this is not working for you. You've been seeing me for months and every time you come in here your pain's a 9 or a 10. That tells me that what we're doing is not working and now we need to reassess whether this is actually helping you. And being that it's so high all the time, I can't keep you on this medication.”'

Given providers' views that patients are averse to reporting least pain and time in no or low pain, some explained that they avoided these indices in clinical practice even though they themselves felt they were good indicators of pain intensity. Providers who supplemented average pain with other indices said they do use time in no or low pain to ascertain how a patient's ability to function (“what they can do”) has changed since the previous medical visit. Some said they felt that a patient's reporting of low pain is extremely significant since it is so much less memorable than high pain. However, given the difficulties of having patients focus on low pain, more providers used worst pain and time in high pain to understand what a patient can and cannot do, and they gave these two indices high importance ratings.

“If we are able to reduce the amount of time in high pain, I think that would be a useful measure, and even if we're not able to reduce the average pain but are able to reduce the amount of time in high pain I think that would give patients a better quality of life. And I think that would be a useful thing to follow, and especially if we were to show medical necessity for our treatment, that we're reducing the time in high pain and it's improving quality of life.”

Providers asserted that unpredictable pain is especially debilitating for patients, impedes patients in planning activities, and has a high emotional toll. However, providers explained they rated the index as least useful since they are unable to adequately treat these unexplainable onsets of pain.



Inextricability of Pain Intensity and Function

The importance of different pain indices for understanding patient functioning arose spontaneously throughout the interviews, with most providers stating that, ultimately, it is functionality that patients value and seek. Providers emphasized the importance of understanding the direct effect of pain intensity on the patient's functioning, and interpreting the meaning of each measurement in relation to what the person was doing at the time the measurement refers to. “It's more important to identify when the pain is at its worst and what's going on at that point, and when the pain is at its least and what's going on at that point. Sure, you can average those numbers, but I'm not quite sure if patients would think about it like that.” Providers emphasized that highlighting function is particularly critical for patients with chronic pain, because these patients will likely live with some level of pain into the future.

“When I talk to my patients about outcomes, I tell them that we are trying to improve function. We may not make it go away completely because most of the pains are chronic, they don't go away, but we are trying to improve the quality of life and improve the function. That's the goal.”

“I have a little graphic that I show people. You're trying to make life feel bigger so pain feels smaller by comparison. Your pain may not change at all, and that's just the truth.”

Providers, therefore, emphasized that the most reasonable treatment goal is to increase functioning, which necessitates educating patients so as to minimize their tendency to give in to the pain and decrease their activity.

“If the person has a memory of their pain coming down, that suggests that they're learning from what I'm trying to teach them. What I'm also trying to frame for them is that pain goes up and down. Increases and decreases in pain really have not a lot of meaning with respect to anything in a chronic pain patient being wrong. So, [I tell patients] ‘You should continue with your activity program. Continue with your therapy. Yes, your pain is gonna be from time to time worse, but that doesn't mean you're causing harm.”'




DISCUSSION

Accurate assessment of pain intensity is a basic necessity for gauging change in pain levels, providing adequate treatment, and communicating with patients about their pain (2, 45). Researchers have become increasingly interested in understanding pain intensity as a dynamic phenomenon (7, 8, 20). In fact, the ability to quantify, predict, and possibly influence dynamic aspects inherent in the ebb and flow of pain in patients' daily lives has been described as a paradigm shift in pain research (46). However, less is known about the extent to which assessments capturing specific temporal aspects of pain would augment the information available to clinicians in routine pain practice. This interview study with providers who care for patients with chronic pain found that, not surprisingly, average pain continues to be medical providers' most commonly-used index. Despite common usage, providers did not provide quantitatively high ratings of the importance or usefulness of the average pain index. Their reasons included patient confusion about the meaning of average and patients' inability to accurately recall pain levels.

Many participants complement their use of the average pain index with questions assessing worst pain and/or least pain, or time in high pain or low/no pain. There was little consensus among providers about which index is most useful or important, although overall, worst pain was rated highest among the seven indices, and unpredictable pain was rated lowest. As others have found (1, 2), worst and least pain are considered useful to better understand temporal fluctuations or to calculate an average. Interestingly, while least pain and time in low/no pain were believed to be important, providers found it challenging to focus patients' attention on these and so they may not be feasible indices to use in routine pain assessment.

Our finding that worst pain was rated as most important is interesting in view of the US Food and Drug Administration's (FDA) recommendation to use worst pain ratings as the primary outcome in drug clinical trials (14). It is possible that providers were aware of the FDA recommendation when making their importance ratings. Regardless, the perceived importance of worst pain was supported by this study, especially when coupled with information about patients' activities to better understand potential contributors to pain exacerbations.

The fluctuating pain index was rated as only moderately important. However, increasing empirical evidence supports the idea that identifying pain level variations may be an important clinical target. For example, momentary pain fluctuations have been found to relate to affective distress and activity limitations (47), and individuals with greater pain variability have shown higher depression levels and lower self-efficacy for pain management (20). Pain variability may hold promise for informing clinicians about potential barriers to successful adjustment and management (18, 21, 23, 48). Our participants recognized that unpredictable pain can be extremely distressing for patients. However, they were reluctant to ask about it because of their overall goal to control the pain, which is difficult for unpredictable shifts in pain when the reasons are not known.

Providers in our study also emphasized that the importance of different aspects of pain intensity must be understood in the context of its impact on patient functioning. This is in line with recommendations for “core outcome measures” for chronic pain by the Initiative on Methods, Measurement, and Pain Assessment in Clinical Trials (IMMPACT) (1). A survey of patient stakeholders showed that patients considered a variety of functioning domains [e.g., emotional well-being, enjoyment of life, fatigue] as highly important for evaluating the consequences of their chronic pain (49). Different aspects of pain intensity may have interactive or cumulative effects on specific facets of patient functioning. For example, in a recent study, we found that pain variability, worst pain levels, and the time chronic pain patients spent at high levels of pain uniquely related to patient physical and social functioning above the effects of average pain (9). The present study supports the importance of recognizing the pain-functioning linkage from a clinical pain management perspective.

Finally, patients' ability and willingness to properly use the pain rating scale was a consistent provider concern in our study. Prior qualitative (50) and quantitative (51) research with chronic pain patients showed that the ostensibly simple task of completing standardized pain ratings is often approached idiosyncratically. The task to provide recall pain ratings over extended periods of time further adds to the complexity of obtaining accurate pain summary ratings (52). Pain rating trainings (53), as well as clearer instructions and more precise descriptions of scale anchors and recall periods (52), might improve pain rating accuracy. Whether these could be implemented in routine clinical care should be explored.

This study has several limitations. Our sample consisted predominantly of MDs, and the results may be different across different professional backgrounds or areas of specialty. Even though the invitation letters were sent through the AAPM mailing list, invitations to participate in the study were unsolicited, and only 14% of providers responded, which may have biased the results due to self-selection effects. Nevertheless, our sample was geographically diverse and robust in that we were able to stop recruiting interviewees after having interviewed 20 providers because our iterative data analysis process allowed us to identify that we had reached data saturation. Furthermore, clinicians generally had been treating patients for a considerable amount of time (average = 14 years). Providers who are newer to the field may not hold the same views. Additionally, even though our sample size was consistent with prior qualitative work, it should be considered small for the quantitative analyses. Larger samples could examine the hierarchy of preferences for different pain measures and enable subgroup analyses to compare preferences based on clinicians' professional background, years in practice or area of specialty. Along similar lines, our sample consisted predominantly of health care providers with prescriptive authority; an interesting direction for future research would be to compare the preferences between providers with and without prescriptive authority. Finally, in future research, it would be valuable to compare the perspectives of healthcare providers with those of patients with chronic pain. Understanding how patients' perspectives might relate to providers' views could be particularly valuable when it comes to assessments of pain intensity because prior research has shown that patient and provider ratings of patient pain intensity do not necessarily correspond with one another (54–56). We note that we had originally attempted to compare the views of providers and patients as part of this study. Unfortunately, the patient interviews did not provide sufficiently detailed and nuanced information to pursue meaningful qualitative analysis in this group. It is well-possible that interview scripts that are specifically tailored to patients and their personal experiences with pain in daily life (rather than probing patients for their opinions about specific pain measures, as was attempted here to maximize comparability between interview scripts for patients and providers) would have yielded richer qualitative patient data.



CONCLUSIONS

The main goal of the present study was to examine whether specific aspects of patients' pain intensity other than average pain would be viewed as useful by providers. Most providers in our study agreed that inquiring about multiple aspects of pain intensity could augment patient evaluation in clinically relevant ways. They described how additional indices beyond or instead of average pain (particularly worst pain and least pain) would constitute a more effective strategy for pain measurement. Providers also mentioned the benefit of including contextual information about timing, function, and disability for enhancing understanding of patients' responses to treatment and for understanding the meaning to patients of high pain, how pain affects their life, how life affects their pain, and how pain changes and responds to treatment. Provider preferences are just one important aspect in a comprehensive effort to identify the relevance of alternative pain intensity measures. Future studies should therefore test the usefulness of soliciting different types of pain intensity information directly in clinic settings to evaluate the practical gains for routine care. Additionally, more research is needed to evaluate whether different aspects of pain intensity are differentially impacted by treatment, and whether assessment of multiple aspects of pain intensity could contribute to treatments that are more closely tailored to the needs of individual patients.
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Background: Assessment of pain largely relies on self-report. Hospitals routinely use pain scales, such as the Verbal Rating Scale (VRS), to record patients' pain, but such scales are unidimensional, concatenating pain intensity and other dimensions of pain with significant loss of clinical information. This study explored how inpatients understand and use the VRS in a hospital setting.

Methods: Forty five participants were interviewed, with data analysed by thematic analysis, and completed a task concerned with the VRS and communication of other dimensions of pain.

Results: Participants anchored their pain experience in the physical properties of pain, its tolerability, and its impact on functioning. Their relationship to analgesic medication, personal coping styles, and experiences of staff all influenced how they used the VRS to communicate their pain.

Conclusion: Participants grounded and explained their pain in semantically similar but idiosyncratic ways. The VRS was used to combine pain intensity with multiple other elements of pain and often as a way to request analgesic medication. Pain scores need to be explored and elaborated by patient and staff, content of which will imply access to non-pharmacological resources to manage pain.

Keywords: pain measurement, pain assessment, pain communication, scale interpretation, analgesics


INTRODUCTION

Both the original (1) and updated (2) definitions of pain make clear that the relationship between identifiable physical damage or pathology and the magnitude of pain is variable; pain cannot be directly observed or reliably estimated by clinicians. As a result, the preferred method of assessing pain in verbally competent patients is to use patient self-report. Thus, pain is “whatever the experiencing person says it is, existing whenever the experiencing person says it does” (3).

There are multiple methods used to assess pain; the most common are the numerical rating scale (4), the verbal rating scale (4), the visual analogue scale (5), and the McGill Pain Questionnaire (6, 7). None of the pain rating scales give instructions to indicate what pain phenomena are to be included, nor how they should be translated into the scale metric (8). They have different performance characteristics (9), with the former two more reliable than the latter (10). As they are accessible to verbal enquiry and response, they are therefore better suited to hospital settings (11). Despite superior reliability and validity of the numerical rating scale (12, 13), even in older patients (14), use of the verbal rating scale (VRS) is common. The VRS requires patients to rate their pain using ordinally-arranged adjectives describing pain intensity (e.g., no pain, mild pain etc.). Scores are assigned to the adjectives (e.g., no pain = 0, mild pain = 1 etc.), and are often treated as an interval or ratio scale (5) to enable quantitative description of pain and calculation of change with treatment.

However, treating verbal measures of pain in this way is controversial. Ordinal verbal categories provide no information about the distance between points on the scale (5) that would allow interval-level scoring, and the assumption that those distances are consistent across people in pain is untested. People vary considerably in how they convert their pain into verbal categories (15), and pain ratings are confounded by psychological and decisional processes that do not fit the linear structure necessary for equidistance (16). Further, single ratings do not separate the constructs of pain intensity, distress, and interference, when these are likely to be variably associated and idiosyncratically represented in a single term (17, 18). Of particular importance is the lack of separation of the sensory and affective components of pain (19, 20). Last, as noted by Fordyce (21), pain ratings are behaviours, so it is important to consider the context in which they are provided and the implications of the rating for both patient and receiver.

It can be advantageous to address pain intensity and pain distress separately in relation to clinical intervention (22), to avoid giving analgesic drugs for high pain ratings that in fact represent emotional distress (19). It is therefore helpful to understand how patients use the VRS to communicate their pain-related needs, and to use this to inform clinicians' responses. This study followed Uher's methodological guidelines (8) to explore how hospital inpatients translated their experience of pain into the VRS categories and how they communicated their pain needs to medical and nursing staff during routine pain assessments.



MATERIALS AND METHODS


Procedure

Participants were recruited from adult inpatient wards in a central London hospital. NHS ethical approval was obtained (ID: 16/YH/0417) and as part of this process, an external “expert by experience” was consulted whose advice was used to make changes in the information sheets and protocols.

The researcher (LB) obtained an honorary contract with the hospital's specialist pain team who liaised with ward managers across the hospital for permission for ward staff to be approached about the study. Five wards agreed. The researcher then explained the study to the nurse-in-charge for that shift and obtained permission to collect data; the nurse-in-charge was asked to identify, and ask staff to approach, suitable patients based on the inclusion criteria: (a) over 16 years of age, (b) able to communicate effectively in English, and (c) with capacity to consent and take part. Eligible patients were then approached by the researcher. Data were collected across a period of 4 months in 2016–2017, with the process of asking permission and identifying patients repeated each day of data collection and on each ward.

Forty-five participants took part in the study. We intended to recruit patients equally across three groups: acute pain, chronic pain (longer than 3 months), and chronic with acute pain. However, participants' descriptions of their pain did not fit well into these groups so data on pain chronicity are provided. The study consisted of two parts: a semi-structured interview and a personal pain scale task. Both parts were conducted at the participant's bedside with their informed consent; we did not want to limit recruitment to patients who could walk to a private room, and few private spaces were available. Interviews were audio-recorded. Verbatim instructions are provided in Supplementary Material.

This hospital used a five-point VRS as the routine pain assessment for adults, with the categories of No Pain, Mild, Moderate, Severe, and Very Severe pain. The VRS was required by the hospital to be completed at the same time as other routine observations, usually every 4 h. Participant characteristics were recorded as they appeared in their medical notes: age, gender, ethnicity, and primary diagnosis (i.e., the reason for admission to hospital). For the sake of simplicity, comorbid diagnoses were not recorded. Participants were asked verbally about the length of time they had experienced pain.



Interview Protocol

A semi-structured interview was developed to understand how inpatients used the VRS and the process by which they made their pain ratings. The interview started by asking participants to rate their current pain. The following questions broadly covered: (a) how participants understood the VRS categories, (b) how they selected a category, (c) how pain affected their emotions, (d) how they coped with their pain, (e) what they thought of the VRS, and (f) what else they would want to communicate to the hospital staff about their pain. Interviews consisted of nine core questions and the interviewer had the option to ask follow-up questions to elaborate or clarify on the above aims. Example questions from the interview protocol include: (a) For you, what are the main differences between mild and moderate pain? (b) What else would you like to tell the nurse or doctor about your pain? The full interview schedule and introduction can be found in the Supplementary Material.

The interview data were analysed using Thematic Analysis (23). The analysis was grounded in a critical realist epistemology in which the experience of pain was recognised as real and located in the body, but recognising that each individual constructed the experience in personal ways both in relation to him or herself and in communicating with others. This epistemological standpoint was chosen as it validated the participants' experiences as authentic, but recognised that communicating the experience is influenced by both individual differences and social processes. The iterative steps recommended by Braun et al. (23) were followed.


Transcription and Immersion of the Data

Each of the interviews was transcribed using Express Scribe Transcription Software. A total of 27 interviews were transcribed by the first author and the remaining 18 by a volunteer which were checked by the researcher against the audiotape for accuracy. The interviews were transcribed in accordance with recommendations in Barker et al. (24): verbatim speech content, but without information about the tone, loudness, speed etc. of speech. Aside from transcribing, all interview transcripts were re-read before beginning coding so the researcher would be familiar with the data.



Generating Initial Codes

The transcripts were uploaded into Nvivo, qualitative analysis software. The first author worked systematically through each of the transcripts, coding each unit of meaning found, and keeping as close to the original meaning as possible without implying any higher categorisation. All data were coded, without making assumptions of relevance to the research question to protect against the loss of potential themes or sub-themes at later stages.



Searching for Themes

The first author systematically worked through the codes of meaning to merge codes based on meta-level meanings from the explicit content of what the participant reported, rather than implicit or implied meaning. Previous theory also partly informed the type of codes that were chosen, in particular, that the pain experience can be divided into sensory, affective, and cognitive elements (4). For example, text coded as “stabbing,” “throbbing,” and “nagging” were coded under “Quality of Pain.” We also began to focus on the research aims and discarded some codes that were irrelevant to the study. For example, a participant who identified as an alcoholic was anxious that they would not be able to stop drinking.



Reviewing and Redefining Themes

We examined the developed themes against Patton's (25) criteria of internal homogeneity and external heterogeneity, in other words, whether the codes were sufficiently similar to constitute a wider theme, and whether the theme was different enough from other themes to be considered separately. For example, “Quality of Pain” was later absorbed into a broader theme of “Physical Properties of Pain.” This stage also involved credibility checks, described in the section below. Through this process the themes and subthemes evolved over several iterations before settling on the themes described in the Results section.




Quality Evaluation

In keeping with guidelines for qualitative research by Elliot et al. (26), we included: (a) a “reflexive statement” reporting the researcher's theoretical and personal orientation; (b) a wide range of participants, described in terms of their pain and length of hospital stay, to improve the likelihood of developing a broad understanding of the phenomenon; (c) multiple participant quotations to illustrate each theme; and (d) credibility checks by analytical auditing and testimonial validity. Analytical auditing required another researcher to code five randomly selected transcripts, blind to the first coder's decisions, for comparison on development of initial themes. Testimonial validity, in the form of “synthesised member checking” (27), involved asking the original participants for feedback on the accuracy of the analysis.


Reflexive Statement

A reflexive position was taken in order to make more transparent the researcher's biases in analysis and interpretation. The first author and lead researcher is a male in his early thirties who was training in clinical psychology. He is from a working class family that generally considered post-modern epistemologies as irrelevant, in reaction to which he developed an interest in constructionism, but with a strong preference for pragmatism. His training in cognitive behavioural therapy and systemic approaches both emphasised splitting experience into different elements and sequences, while also recognising the often bidirectional nature of cause and effect. He was drawn to the topic of pain assessment mainly through dissatisfaction with what he perceived as oversimplification, as well as a desire to produce research with real world application.




Personal Pain Scale Task

The purpose of this task was better understanding of how the VRS and elaborations of it described their experience of pain. Each participant was asked to elaborate their own personal pain scale using a horizontal line centred on a landscape A4 page as a template.

The general instructions to participants were to develop a scale that represented their pain. Participants were initially asked to record the VRS categories (No Pain, Mild, Moderate, Severe and Very Severe) on the line, spaced as made best sense to them, and then to add any terms they wished, located on the line. All terms were measured from No Pain (i.e., the left end of the line) and recorded in centimetres. Where participants did not indicate the exact position of a category on the line (e.g., they just wrote Mild above a section of the line), the position was calculated by the midpoint of the written word. During the task, participants were asked to “think out loud” and audio recorded in order to understand the method of development. The “thinking out loud” data were originally planned to be analysed in accordance with the method described under “Interview Protocol.” However, these data did not add any new substantial information in addition to the interview data, so were not included in this study.

We first examined whether participants placed the VRS categories in sufficiently similar positions to be considered a shared category, then examined the distances between categories, equidistance in particular, and finally we examined participants' additions and modifications to their scales.




RESULTS


Participants

Forty-five participants (Table 1) completed the semi-structured interview and, of these, 29 agreed to complete the Personal Scale. Participants had a total of 25 different diagnoses, with the most common being Coxarthrosis (n = 9), Crohn's disease (n = 6), and fractures (n = 5).


Table 1. Participant sample characteristics.
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Semi-Structured Interview

Analysis of the qualitative data from the semi-structured interviewed produced eight themes with three subthemes. These were grouped in three clusters: (a) how the pain experience was anchored, (b) relationship with analgesic drugs, and (c) relationship with staff. Figure 1 displays a map of the themes and relationships between them. The themes are explored below, highlighting similarities and differences between participants.


[image: Figure 1]
FIGURE 1. Theme map.




Cluster 1: How Pain Experience Was Anchored

This cluster of themes pertains to how participants operationalised their pain in order to anchor the VRS categories, and included the physical properties of pain, how pain impacted on their function, their ability to endure pain, and how they coped with pain.


Theme: Physical Properties of Pain

Unsurprisingly, many participants (n = 25) made reference to the physical sensations of pain when demarcating categories of the pain measure. This included the amount of pain, number of pains, the longevity, constancy, and qualities of pain. Generally, as the number of these properties increased, reported pain severity worsened. However, the precedence and concatenation of these properties varied across participants. For example, pain longevity and constancy were sometimes given more prominence than the amount of pain.

P14: I go back to the comparison with the broken leg and gastritis … Obviously, that hurt more than that … But this ultimately hurts more than that did because it's there all the time …

Similarly, some participants commented on how the number of pains had an additive effect on pain ratings.

P42: I don't just think of one pain I think of all my pain… and then amalgamate it according to how much, how much pain I'm in… if only one thing is hurting, then it will be a lower score than if my joints are very sore and I've got my pancreas kicking off, my bowels cramping…


Subtheme: Comparison to Other Pains

Many participants compared current pain with other experiences of pain for their pain categories (n = 17), and with hypothetical pains. The time frame of these comparisons also varied, from the previous day in hospital to distant occasions. There were references to “everyday” or “normal” pains, as well as more exceptional pain from the past.

P28: I'd compare [the current pain] to my kidney stones, I compare all my pain now to the worst pain I've ever experienced …

P12: … that would be stabbing pain I think. I mean I assume what you'd feel if you'd been shot …

Comparisons to other pains also had emotional meaning.

P45: today I'm feeling pretty good … but I feel a lot better because I was previously in quite severe pain.




Theme: Interference With Activities

The majority of participants (n = 34), and the most prevalent theme in this cluster, described pain severity by referencing how much pain interfered with important activities. This includes mental activities, such as concentration and maintaining attention, as well as conversing with others, sleep, movement, and coping strategies. Participants described both what they could and could not do to delineate the severity of their pain.

P44: I know [the pain is] there but I can also forget about it and focus on something else … I know I'm hurting but I know, I can do something else, you know, read, listen to something, the pain is not getting in the way of something else that I'm doing, that would be mild for me.

P2: ‘Mild', I can have a conversation with someone and completely focus on that conversation. ‘Moderate', my mind will start focusing slightly on the pain and I will lose the conversation slightly, or miss parts of what that person is saying, my concentration won't be as good. ‘Severe', I wouldn't be able to have a conversation.

Participants reported using a wide range of coping strategies, the most common being focusing away from pain (n = 10), interacting with other people (n = 6), and physical activities such as going for walks (n = 6). With greater pain, participants reported being unable to use these strategies due to insufficient physical and mental resources, and hoped by reporting higher levels of pain to be given analgesics to help cope with it.

P42: Normally I'm very good at distraction, mindfulness, that sort of thing … and if I can't use them, all I want is my medication.



Theme: Capacity to Endure Pain

In addition to the physical qualities of pain and how it interfered with activities, participants also spoke about the tolerability of pain (n = 15). As pain became less bearable, severity of pain ratings increased.

P1: Mild is something you can actually deal with …

P28: [Moderate pain is] probably stuck in bed but [I] can tolerate it …

The Very Severe category was often described more elaborately compared to the other categories of the VRS. The words used often represented the limits of capacity, such as unbearable (n = 3), agony (n = 4), and excruciating (n = 1). Some participants reserved the Very Severe category for only the worst occasions and used it rarely (n = 7).

P29: Oh, very severe is all-consuming, you can't think of anything, and when it gets like that yes I will, I do start crying and screaming … it is hell.

P10: whilst I'm in [very severe pain] I actually wish to die which is like, shocked me because normally I never do …

Many participants commented on the emotional impact of being in pain. This included feeling low (n = 14), angry (n = 7), and anxious (n = 4) as a result of pain. The hospital environment also contributed to these emotions, with some participants stating that their usual coping mechanisms were constrained by the ward environment.

P29: So yeah, [pain] controls everything with my emotions … When I'm having a bad time it turns me into a nasty, snappy, aggressive, horrible person and that's not who I am.

Some participants described how emotions in turn affected how tolerable the pain was. Generally, negative moods exacerbated pain and reduced capacity to tolerate pain.

P38: if you're getting a bit anxious and down with the pain then it's getting up to that severe level and you're having to ask for pain medication …


Subtheme: Whether to Take Analgesics

One subtheme of this theme addressed whether participants would use analgesics (n = 27). In this sense, the VRS was used as a communication to nurses that the patient required analgesics. Some participants described a threshold at which they would begin to consider analgesics, mostly Moderate (n = 7) or Severe (n = 4). This consideration was related to the “Personal Coping Theme” in the “Relationship to Analgesics” cluster, in that the participant's approach to managing pain affected when they would use analgesics.

P31: moderate pain is something that you kind of live with. Severe pain I guess you'd ring the call bell and say can I have [analgesic] please.

This subtheme was also expressed as the effects of analgesics, in that pain became more tolerable.

P38: I've always got a pain but [analgesics] will bring it down to a manageable level.




Cluster 2: Relationship to Analgesics

The second cluster concerns participants' mixed relationship with analgesics: welcoming help to cope with pain when other coping methods were not enough, but disliking the sense of dependence on analgesics or concerns about possible long-term effects of use. The need for analgesics strongly influenced how the VRS was used.


Theme: Dislike Taking Analgesics

Although all participants who reported pain said that they took some form of analgesic, many described aspects of analgesics that they disliked (n = 10), for reasons including side-effects, the build-up of tolerance, and fears of long-term damage.

P2: I wonder, if everyone actually understood the severity of use, overusing painkillers and what it does to their body, if they would necessarily do that all the time.

For those with chronic pain (n = 36), especially those with Crohn's Disease (n = 6) there was often conflict between adequate analgesia and sedation that impaired everyday life.

P8: it may dissociate me from the pain but it doesn't help the pain itself … and I don't rate dissociation as help because I still want to be able to do what I want to do.

P2: it's got rid of my pain but I haven't gained anything from that, I've still lost my day.

Another reason for disliking analgesics was the fear that analgesia prevented patients from checking their pain levels (n = 3), a concern they addressed by periodically stopping or refusing analgesics.

P23: I need to know how bad the pain is, so if I'm junked up with painkillers I don't know.

P43: I am the type of person who from time-to-time will stop taking painkillers in order just to check [my pain]




Theme: Personal Coping Style

Participants varied in their strategies for managing their pain and reporting pain levels to staff. Some participants had an uncomplicated approach to reporting their pain, preferring to give accurate responses when asked, and describing a straightforward relationship between their pain and the use of analgesics.

P19: When it's there it's there, I always say it … I won't try to hide it.

P13: I'm in pain and I don't want to have a conversation about it, they're here and they know what to do and that's it.


Subtheme: Misrepresented Pain

The VRS was widely understood as a way to communicate need for analgesia, but some participants described deliberately over- or under-reporting pain in order to influence the offer of analgesics. Many (n = 20) described under-reporting pain in the belief that they had a higher pain tolerance (n = 12), or in order to avoid making a negative impression on staff by appearing “soft,” a “nuisance” or a “wimp.” Two participants described how these attitudes developed from their families of origin.

P11: I think potentially it could be cultural or generational as to why I don't think it's the done thing to say that I'm in pain … I grew up single parent family, mother who was extremely hard working and never complained a day … so it would for me feel wrong, I feel as though I'm moaning if I'm complaining …

Some participants described a preference for handling pain using their own emotional coping methods, so under-reported pain in order to avoid discussions about analgesics.

P8: I know that painkillers at that point aren't going to help, and my own techniques are going to be far superior so it's a lot easier to say I'm in no pain and get on with what I do.

Deliberately over-reporting pain was much less frequently described (n = 4); participants described this as goal-orientated, most commonly to take control of when and what analgesics they received.

P30: because by the time they actually go get the pain relief, they were only going to give me moderate pain relief like, it would have already turned into severe

P42: I can feel when my pain is progressing, and I like to pre-empt it before it gets to, before it gets too high. Because when it gets too high, it's then very very difficult to get back down again … So I might give a slightly higher pain score.




Cluster 3: Relationship With Staff

The themes in this cluster concern using the measure as a communication tool in an ongoing relationship with hospital staff. Participants discussed the difficulties of communicating their pain, as well as the positive effects of attentive staff.


Theme: Perceptions of Negative Staff Attitudes to Pain

Many participants described negative experiences with staff about their pain (n = 20), often suggesting disapproval of the use of analgesics or the report of pain. For example, participants related that some staff did not act on requests for analgesics, failed to pass on key information to other staff, or in one case directly refused to give prescribed analgesics. Several participants also described fears of being negatively evaluated by staff when asking for analgesics.

P26: sometimes in the morning the doctors go ‘I gather you had a really good night' and you're like well, no, I told them I was in severe pain and that, so I don't think things get passed to the doctors unless they're really serious things.

Int: And do you think pain is taken seriously?

P26: Not really, no …

Several participants described the problems caused by staff members' assumptions about what indicated pain (n = 5); this was a particularly prominent concern for participants with chronic pain problems, who noted that they do not always display their pain.

P42: [The staff] criteria for severe is in tears, can't really communicate, asking for medication, and being kind of, having a face of, pulling a face … Making noises, that sort of thing, and if you're completely absent of that and you give an answer of severe then, I've had plenty of times where someone has said, but you look, you don't look like you're in severe pain, or they've kind of raised an eyebrow to sort of say, oh, oh yeah, course …

P8: You can't have pain if you're smiling, that would be a very good [laughs] assumption, if you're doing a crossword and listening to music you can't be in pain, when in fact that's exactly what I do when I am in pain.

Many participants reported that staff used incorrect presentation of the VRS, using numbers instead of categories, or recording their own estimated pain levels without asking the participant.

P42: quite often people will write down a score, but they haven't asked you. They haven't asked you what your pain is … I was finding that I was getting marks of, that said no pain, or moderate pain, or low pain … which isn't, isn't right

P8: my pain [has been] assessed in at least five different ways … I've been nought to four, one way, and nought to four the other way. Er, one to ten, ten to one, and the mild, moderate, severe but, again, on the ward I've never been asked until you said it if my pain was very severe. That's the first time I realised that was on the scale is when you said it …




Theme: Difficulties Communicating Pain

Many participants remarked on the difficulties of communicating pain to staff, with or without the VRS (n = 27). On the VRS some participants struggled to distinguish between adjacent categories (n = 5). Participants also described the difficulty of converting the pain experience into scale categories.

P14: I would just tell [staff asking on the VRS] I was completely unable to give an answer because I find the entire thing ridiculous … I don't think you can quantify pain when pain can mean so many different things …

Two participants reflected on how difficult it was for staff to understand pain using medical knowledge and training; others commented more on the inadequacy of the scale in portraying pain. There was, nevertheless, some recognition of the subjective nature of pain and the difficulty for staff in understanding how people used the pain scale.

P30: you think you know what pain is, like from what they teach in University, but it's nothing like that when you experience it yourself.

P28: so my pain to someone else's pain is going to be completely different, the way we rate it, so how is a nurse going to then be able to perceive that in terms on prescribing pain medication?



Theme: Positive Experiences of Staff

The final theme of this cluster consists of how patients used the VRS in relation to positive experiences of relationships with staff (n = 10). Participants described how consistent and responsive care for their pain enabled them to report their pain needs more easily. For a few participants, this helped them overcome their usual stoic style which served as a barrier to requesting analgesics.

P11: virtually everybody who I've come into contact with will ask me are you in pain? And they don't just ask are you in pain, they're asking using the scale, so you're getting used to the idea that it's not going to be a shock to say to somebody you're in pain

P15: people ask you, they ask very regular, that come and check on you, and they, they've very positive to you, you know, calling on the bell et cetera so you feel well cared … I wouldn't feel negative about saying well I am in pain.

Another positive experience of staff was their demonstration that they observed non-verbal signs indicating pain.

P29: But they know me well enough here that they can gauge my pain levels against what I'm doing …

Two participants described how the attentiveness of staff made them feel more reassured and relaxed, which helped them deal with their pain.

P17: I think that they know exactly what's going on with me, and, you know, where I should be and … I feel very sort of calm and relaxed about it …




Summary of Themes

How the VRS was used varied by participant across three main areas. Participants reified the categories in semantically similar but idiosyncratic ways. This included grounding the category demarcations using physical sensations, impact on functioning, and levels of tolerance. However, these demarcations also interacted with emotional state and current needs, such as sleep. The main use of the VRS reflected its use as communication, mainly expressing a need for analgesics. Individual participants' relationships to pain and analgesics played a key role in this communication, and positive and negative experiences of staff responses influenced this communication, enabling participants to communicate their pain needs or discouraging them from doing so.



Personal Scale Task

Of the 45 participants interviewed, 29 (64%) agreed to complete the personal scale task, and 16 participants declined or were unable (e.g., due to poor eyesight, fatigue after the interview section). The 21 participants who recorded all five original VRS categories were included in the following analyses. The positions of all terms were normalised, such that 0 and 100 represented the two ends of the horizontal line. For example, Severe placed 18 cm from the left on a 26.8 cm line would be recorded as 67.2. This section first determined where categories were positioned by participants on the scale, whether the categories were positioned similarly by participants, and then tested the assumption that categories were equidistant.

Figure 2 displays box plots for all four categories, Mild (M = 11.7, SD = 6.2), Moderate (M = 33.4, SD = 11.3), Severe (M = 63.9, SD = 14.6), and Very Severe (M = 84.6, SD = 15.6). All categories except Very Severe met assumptions for normal distribution. Very Severe was found to be significantly negatively skewed (z score = −3.34) and leptokurtic (z score = 3.16). Two scores in the Very Severe category were outliers (see Figure 2) with z scores > −2. Since the nature of this study was exploratory and did not assume normal distributions, these scores were retained and non-parametric tests used: a Kruskal–Wallis test and follow-up planned comparisons with Mann–Whitney tests. The four category positions were significantly different, H(3) = 69.79, p < 0.001. Mild was significantly different from Moderate, U = 20, z = −5.04, p < 0.001; Moderate was significantly different from Severe, U = 22, z = −4.99, p < 0.001; and Severe was significantly different from Very Severe, U = 62, z = −3.98, p < 0.001.
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FIGURE 2. Box Plots of VRS mild, moderate, severe, and very severe numerical values assigned by participants. X is mean; ——— is median.


To test the assumption of equidistance, the distance between each placed category on the scale was calculated for each participant who had recorded all five categories (n = 21). This created four distances: (1) No Pain to Mild, (2) Mild to Moderate, (3) Moderate to Severe, and (4) Severe to Very Severe. Distances were again normalised to 0 to 100 for comparison; for example, a distance Mild to Moderate of 6.6 cm on a 26.8 cm scale was recorded as 24.6.

No Pain to Mild was the smallest distance (M = 11.7, SD = 6.2), while Moderate to Severe was the largest (M = 30.5, SD = 10.1). Mild to Moderate (M = 21.7, SD = 9.6), and Severe to Very Severe (M = 20.7, SD = 8.6) were of similar size.

All four distances met assumptions for normality, so a one-way ANOVA was used to test the assumption of equidistance between adjacent categories. The overall result indicated significant differences: F(3, 80) = 16.08, p < 0.001, and all but two post-hoc comparisons were statistically significant (see Table 2) using a Bonferroni adjusted alpha level of 0.008 (0.05/6). Overall, the assumption that there are equal distances between pain categories was not supported. In particular, there is a large difference between Moderate and Severe.


Table 2. Category distance comparisons.
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Additions to and Modifications of the Scale

Of the 29 personal scales elaborated by participants, four had no changes or additions to the VRS. Four participants chose to expand the VRS categories but did not add any new ones. Sixteen participants added their own categories to the VRS, and two created a completely new set of categories. Three participants made major structural changes to the scale. Overall, every scale was unique in representing the participant's relationship with pain. Some representative examples of each type of change are displayed below (Figure 3).
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FIGURE 3. Five personal scales. Five personal scales: (A) P22's scale, (B) P42's scale, (C) P11's scale, (D) P20's scale, (E) P14's scale.


Figure 3A shows P22's scale (Very Severe has been shortened to “Very”). This participant had a very short recent experience of pain and chose not to make any additions or changes to the scale. In contrast, P42 (Figure 3B) reported a longer experience of pain and had used of the scale over many years. This participant's personal scale was superimposed over the Severe and Very Severe categories in the form of a numerical scale, converted back to VRS terms when answering medical staff. P11 (Figure 3C) also chose to expand on the existing categories, but by adding interventions that might be required and personal experience or evaluation of that pain. P20 (Figure 3D) altered the scale completely by adding a y axis of “Intensity/Heat” to represent the partial independence of these aspects in their nerve pain; they also used the two-dimensional space to map different pain locations, as pain often varied across their body. Last, P14 (Figure 3E) replaced the VRS categories that did not describe their experience of pain with their own descriptions of feelings and experiences of pain.




DISCUSSION

This study explored how hospital inpatients understood and used a VRS pain scale, presented routinely for monitoring. Overall, participants described a rich variety of meanings in their communication of pain, and reporting pain was heavily influenced not only by social and emotional factors but also specifically by participants' perceived need for analgesics and likelihood of the staff providing them. A large proportion of the interviews were spent discussing analgesic medication, despite there only being one question in the interview protocol. The results from this study support assertions that patients combined pain affect with other pain elements in their ratings on unidimensional pain scales (19, 22), and made comparisons with previous pain experiences and reported pain in idiosyncratic ways (17) in a complex decision process (16). Two themes in particular are similar to those described by Robinson-Papp et al. (18) with outpatients: the multiple influences on pain rating, and the individuality of referents for the anchor points. The distances between categories, derived from representing the verbal descriptors in spatial terms, corroborate previous findings that categories are not equidistant (4), as they would be were the VRS an interval scale.

Consistent with other research about low adherence to pain management protocols (28, 29), this study also found that participants reported multiple instances of improper use of the pain scale by staff, such as completing it without consulting the patient. This may reflect poor training, weak adherence or inadequate implementation of assessment policies (30), or other organisational or practical issues that influence use of the scale by staff (31, 32). Since this study did not sample staff experience, explanations can only be speculative. Nonetheless, the findings reported here extend the known difficulties with pain management protocols by describing some of the impact these behaviours have on patients. These included a reluctance to report pain due to a fear of being adversely judged as a person, with overall detriment to clinician understanding of the patient. It was encouraging to obtain accounts of positive experiences, of feeling “cared for,” enabling participants to report their pain and, to some extent, to manage it themselves. Similarly, staff should be aware of the different ways that pain can be expressed, especially in chronic pain patients, and not believe that it can be determined simply by global impression of behaviour, mood or facial expression.

This research elaborated on the way that pain ratings from unidimensional pain scales such as the VRS, but also including numerical rating scales and visual analogue scales, combine multiple elements of the pain experience, including pain affect, disability, coping and magnitude, in an ordinal but non-linear and idiosyncratic fashion. To turn to analgesics for all of these, expressed in high pain ratings, is clearly ineffective. While there are more detailed pain measures, such as the McGill Pain Questionnaire (7) that attempt to segregate the various components of pain, they are not practical for routine hospital care. High ratings on a verbal or numerical scale should instead invite further questions to determine what intervention or support would be most helpful. Repeated and consistent use of the unidimensional scale with a follow-up exploration of support options would allow staff and patients to develop expertise in managing pain.

The finding of uneven distances between categories of the verbal rating scale means that interval-level scoring is inappropriate, and some categories, particularly “Moderate,” may represent a wide span of intensities, overlapping with adjacent categories. In clinical settings this may mean that some changes are more meaningful than others. For example, a pain rating increase of moderate to severe could represent a greater increase than mild to moderate. Although numerical and spatial scales avoid this problem, change on any unidimensional scale may represent increase or decrease in pain severity or improvement or deterioration in other functions such as mood, mobility, or sleep.

Participants incorporated their capacity to endure pain in the categories they chose, but that capacity was fluid, varying with context and emotional states. Addressing the emotional needs of patients is likely to be a more useful intervention than analgesics when emotional contexts make pain difficult to manage. In particular, feeling low and anxious were the most frequently reported emotional consequences of pain, and these may respond to support for coping, clarifying expectations of pain, providing information about pain, validating pain and providing reassurance. Likewise, consistent and responsive care by staff helped patients cope with the anxiety-provoking nature of pain and the hospital environment.

Similarly, some of the VRS use was goal-orientated. For example, people reported higher pain levels at night, when pain might interfere with sleep, in order to request analgesics. Staff should be aware that if pain is interfering with a valued activity, pain levels are likely to be rated higher. It may be useful to explore this with the patient, aiming for problem-solving. Equally, participants often described keeping occupied as a way to cope with pain, and providing the means to do so, such as liberal visiting hours, can help them to use this strategy.

A strength of this study was the examination of the VRS in an ecologically valid setting. It showed that when staff requested a pain rating, it was often perceived by patients to be a question about whether they required analgesia. This may be a feature of the ward environment and system; the measure is probably used rather differently in a research setting.


Limitations

The study has several limitations. Interviews took place at the bedside in open wards, without confidentiality, and this may have discouraged participants from disclosing sensitive issues, such as distress or loneliness. Second, there are limits to the accuracy with which people can describe their decision-making processes, being unaware of unconscious biases and subject to self-presentation to the researcher as an honest witness. Third, potential participants were identified by the nurse-in-charge as suitable, in order not to disturb those who were too ill or cognitively impaired to consent or participate, but this may have skewed selection toward more articulate or amenable patients, or those more likely to give a good account of their interactions with staff. The participant group was mainly white British and female, and so may underrepresent male viewpoints or those associated with particular ethnic groups. This may be particularly relevant in the approach to coping with pain, where culture and gender roles influence social expectations and norms, and affect preferences. However, the study has strengths in representing a range of patient diagnoses, time in pain, and ages.



Conclusion

Inpatients using the VRS combined multiple dimensions of pain in idiosyncratic ways, including sensory, affective, cognitive and functional dimensions. Each participant made sense of each VRS category, and the distances between categories, in unique ways. The VRS was widely used as a tool to express need for analgesics, and scores were adjusted according to the participant's wish for analgesia and expectations of staff. These results have implications for staff training in using the pain scale and interpreting scores, and in involving patients in this process. Pain scale ratings should not be assumed to represent simple pain intensity and need further investigation in setting such as this where they are widely used for monitoring care.
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Pain relief, or a decrease in self-reported pain intensity, is frequently the primary outcome of pain clinical trials. Investigators commonly report pain relief in one of two ways: using raw units (additive) or using percentage units (multiplicative). However, additive and multiplicative scales have different assumptions and are incompatible with one another. In this work, we describe the assumptions and corollaries of additive and multiplicative models of pain relief to illuminate the issue from statistical and clinical perspectives. First, we explain the math underlying each model and illustrate these points using simulations, for which readers are assumed to have an understanding of linear regression. Next, we connect this math to clinical interpretations, stressing the importance of statistical models that accurately represent the underlying data; for example, how using percent pain relief can mislead clinicians if the data are actually additive. These theoretical discussions are supported by empirical data from four longitudinal studies of patients with subacute and chronic pain. Finally, we discuss self-reported pain intensity as a measurement construct, including its philosophical limitations and how clinical pain differs from acute pain measured during psychophysics experiments. This work has broad implications for clinical pain research, ranging from statistical modeling of trial data to the use of minimal clinically important differences and patient-clinician communication.

Keywords: pain, clinical trials, treatment effects, statistical models, ANCOVA


1. INTRODUCTION

Pain is highly prevalent, burdensome, and a common reason for doctor visits (1–4). In an attempt to understand the severity of patients' pain, doctors and researchers ask patients about the intensity of the their pain, requiring patients to condense and transmute their subjective experience to a single number. Despite its abstract and reductionist nature, self-reports of pain intensity are moderately-to-strongly correlated with several patient-reported outcome variables, including quality of life, disability, and more (5, 6). Moreover, self-reports of pain intensity are remarkably easy and inexpensive to collect. These pragmatic and measurement properties make a reduction in self-reported pain, which we define as pain relief, the gold standard for assessing pain improvement.

Clinical studies of pain commonly quantify pain relief as the primary outcome. However, how pain relief is quantified and reported roughly falls into one of two categories: absolute reductions in pain and relative (or percent) reductions in pain. For example, studies that report absolute reduction may state that a drug decreased pain by 2/10 numerical rating scale (NRS) units or 23/100 visual analog scale (VAS) units. Alternatively, studies that report relative reductions may state that pain decreased by 13% units more in the drug group relative to the placebo group. Although both approaches to reporting pain reductions are common, they are conceptually incompatible (unless baseline pain is perfectly homogeneous; see section 2). Their incompatibility begs the question as to whether one approach is more appropriate than the other.

In this paper, we aim to illuminate the issue of absolute vs. relative pain relief1. We rely on statistical theory to provide researchers and statistically-minded clinicians with the background necessary to understand these measurement models, for which readers are assumed to be familiar with linear regression. In addition, we empirically analyze four datasets to reinforce and make tangible our conceptual discussion.



2. STATISTICAL BACKGROUND

Whenever one uses data to make a calculation, they are building a model. Every model has assumptions, but still, models should accurately reflect the data they are intending to simplify and thus represent. With regards to modeling pain relief, when reporting absolute changes in pain, one is assuming the process is additive. Alternatively, when reporting percent changes in pain, one is assuming the process is multiplicative. These assumptions have corollaries that prima facie may be unclear. In this section, we aim to explain the processes that would generate each of these models and the theoretical implications of these measurement and modeling assumptions.


2.1. Additive Model

The additive model and its implications are best understood by defining a data-generating process. This involves creating a mathematical model that reflects how one thinks the data are created. Because longitudinal pain relief is of interest, there is commonly at least one pain rating at the beginning of the study (xi) and at least one or more follow-up ratings (yi) for each subject i. The additive model of pain relief uses the simple difference between these pain ratings to calculate absolute pain relief (δi = yi−xi), where negative δi's indicate relief and positive δi's indicate worsening of pain. Although straightforward, this is a gross oversimplification.

In reality, pain data are messy. For one, between-patient heterogeneity is appreciable—pain ratings at intake will often range from the minimum required for study entry (e.g., 4/10 NRS) to the scale's maximum (e.g., 10/10 NRS). In addition, patients' pain fluctuates from minute-to-minute, hour-to-hour, day-to-day, and so on. To complicate matters further, the process of converting a qualia to a number is undoubtedly fuzzy, meaning the pain ratings themselves will have noise associated with them. Thus, there are two sources of variance to consider: between patients and within patients. These sources of variance can be thought of hierarchically (Figure 1).


[image: Figure 1]
FIGURE 1. Graphical illustration of the hierarchical model from which patients' pain scores are sampled. The broad yellow (light gray) distribution is the between-patient distribution (level 2), from which each patient's mean pain score is sampled. Each red (dark gray) distribution is a within-patient distribution (level 1), from which single measurements are sampled.


Between-patient heterogeneity is a natural place to start. The entire sample of patients will have a mean pain score μ. Each patient's mean at baseline, αi, will be dispersed around this group mean according to the between-subject variance τ2. We can say that patient means are distributed

[image: image]

This distribution of patient means is illustrated in yellow in Figure 1.

The notion of within-patient heterogeneity implies there will be variance around each patient's mean pain. When we “sample” a patient's pain rating, we do not observe αi; rather, we obtain a value αi ± σ. These within-patient distributions are illustrated in red in Figure 1. Together, the within- and between-patient models form a hierarchical model (Appendix A1).

Because the patient's pre- and post-intervention pain ratings have variability associated with them, the observed difference scores are subject to regression toward the mean (RTM). RTM is a statistical phenomenon whereby higher initial scores are likely to be followed by lower measurements, and similarly, lower initial scores are likely to followed by higher measurements. For example, suppose someone's diastolic blood pressure is normally around 70 mmHg. If a doctor measures that individual's blood pressure and finds it to be 90 mmHg, it is highly probable that the next time it is measured, it will be lower than 90 mmHg. Individuals whose measurements deviate more from their mean will thus appear to undergo greater changes. In the case of a pain study, those who start off with greater pain levels will regress toward the mean, in turn creating larger change scores. This is depicted graphically in Figure 2B, which shows that those who have greater pre-intervention pain scores (x-axis) have smaller change scores (y-axis). Importantly, this phenomenon is purely statistical and can be explained by the reliability of the measurement.


[image: Figure 2]
FIGURE 2. Properties of additive and multiplicative data. We simulated data with additive (left) and multiplicative (right) assumptions. (A) Relationships between pre- and post-intervention pain scores when improvements are additive (left) and multiplicative (right). Note the additive post-intervention scores are relatively homoscedastic, while the variance of multiplicative post-intervention scores increases with increasing pre-intervention scores. (B) Negative relationships between change scores and pre-intervention scores. Gray areas in (B) represent regions where points are not possible due to measurement constraints; that is, because a change score cannot be >|100|.


Measurement reliability is commonly quantified using the intraclass correlation coefficient (ICC). The simplest version of the ICC is the ratio of the between-patient variance to the total variance,

[image: image]

where τ2 is the between-patient variance and σ2 is the within-patient variance. Since σ2 defines the variance between individual measurements from a single patient, the ICC can be improved by using the mean of several measurements from a single patient rather than a single measurement. Doing so allows us to substitute σ2 with the variance of the sample mean, [image: image], giving us an ICC that is a function of the number of data points sampled from each patient,

[image: image]

Note, this quantity approaches 1 (perfect reliability) as n → ∞.

Importantly, the above concepts generalize to post-intervention scores as well. If we assume τ2 and σ2 do not change, and instead, there is a simple shift in mean scores without ceiling and floor effects, then the ICC also defines the Pearson correlation between pre- and post-intervention scores. The Pearson correlation is useful because it gives us direct insight into RTM—the slope between the pre-intervention scores and change scores approaches zero as the correlation between pre- and post-intervention scores approaches 1 (Figure 3).


[image: Figure 3]
FIGURE 3. Simulations of additive and multiplicative changes reveal the effect of different intraclass correlation coefficients on the slope between change scores and pre-intervention scores. Additive effects have slopes that trend toward zero with increasing ICC's, while multiplicative effects always have a negative slope no matter their ICC.


All of these properties come together and should be considered when statistically modeling pain relief and the effect of an intervention.



2.2. Multiplicative Model

The multiplicative model is still mathematically simple but its implications are more complex. If pain relief is multiplicative, then it can be modeled as a relative reduction; i.e., [image: image]. This would imply that each person's post-intervention pain (yi) is a fraction of their starting pain (xi); i.e., yi = (ϕ + 1)xi. However, ratios and relative reductions have unfavorable statistical properties. Instead, it is preferable to work on the log scale (7–9). In particular, recall [image: image], enabling us to linearize the multiplicative process. Similarly, from this, one may realize that it is natural to model multiplicative effects as being generated from log-normal distributions rather than normal distributions (Appendix A2).

The implications of the log-normal distribution and its multiplicative properties are shown and described in Figures 2, 3. Note that the multiplicative pain reductions follow a different distribution than additive effects owing to their errors compounding rather than adding. This results in a “fanning” (or heteroscedasticity) of post-intervention scores as a function of greater pre-intervention scores (Figure 2A). This is a hallmark of multiplicative processes that can be evaluated empirically. In addition to this fanning, it is quickly apparent that even with zero measurement error (Figure 3), multiplicative effects can look like RTM since greater pre-intervention scores will result in greater decreases in pain (Figure 2B). However, as opposed to additive processes in which greater pre-intervention scores are attributable to RTM (i.e., measurement error), this relationship is indeed “real” for multiplicative processes.

The multiplicative nature does not only apply to the relationship between pre- and post-intervention pain, but also the effect of a treatment. This is described in further detail in the next subsection.



2.3. Statistical Models of Pain Relief

Randomized controlled clinical trials aim to compare pain between two groups. To do so, investigators commonly compare the absolute or percent pain relief itself (e.g., a t-test on the change scores). However, such analyses are ill-conceived. Instead, especially for studies that record one or few follow-up measures (as opposed to time-series), it is recommended that the data-generating process be modeled using an analysis of covariance (ANCOVA) with pre-intervention scores as a covariate (8, 10). The reasons for this are manifold:

1. The response variable in a statistical model should be the result of an experiment. Because patients enter studies with their baseline score, it is not the result of the experiment so it should not be treated as a dependent variable (e.g., like in a group × time analysis of variance).

2. Accounting for RTM. Instead of a group × time analysis of variance, one could perform a simple t-test on the change scores. However, such an analysis ignores RTM, and, especially in the case of baseline imbalances, can produce biased estimates. ANCOVA can adjust for such effects.

3. Improving statistical efficiency. ANCOVA has greater statistical efficiency, resulting in greater power and more precise intervals.

4. Post-intervention scores are arguably more interesting than change scores. Patients must live with the pain following the intervention, not the change in pain. However, regressing post-intervention pain or change in pain produces the same group effect (8).

These statistical and philosophical advantages are well-established in the biostatistics literature (8, 10–14). Note, the benefits of ANCOVA primarily apply to randomized studies, as ANCOVA may produce biased estimates in non-randomized studies depending on the allocation mechanism (15).

For the additive case, the ANCOVA model takes the form

[image: image]

where [image: image] and gi is dummy-coded for group (e.g., 0 = placebo and 1 = drug). β2 is the effect of interest: the average difference in post-intervention pain scores between groups after adjusting for pre-intervention scores. β1 will typically be < 1, indicative of RTM, and the intercept may be nonsensical unless xi is mean-centered. Of course, like any regression, one can add more covariates, especially those with prognostic value, which will further increase statistical efficiency.

The ANCOVA can also be generalized to the multiplicative case. Since multiplicative effects can be linearized by taking the log-transform, we can write the model as

[image: image]
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This model reveals a few things. First, in (1), residuals will compound with increasing values of the predicted yi (i.e., ŷi). Indeed, this is consistent with what we observed in the simulations above, so this functional form can capture the compounding error. Second, in (3), both yi and xi are logged, so when β1 = 1, it is equivalent to modeling the percent change; however, when β1 ≠ 1, there is a scaling to account for nonlinearities and RTM. Finally, B2 is a multiplicative effect: when B2 = 1, both groups are expected to have the same post-intervention score for a given pre-intervention score; when B2 > 1, the experimental group is expected to have a greater post-intervention score for a given pre-intervention score; and so on. Since we are fitting β2 rather than B2, the fit coefficient will be on the log scale, so exponentiating the coefficient will make it more interpretable despite the log scale having nicer mathematical properties. Note, even this multiplicative ANCOVA is more efficient than analyzing percent changes (12).




3. EMPIRICAL DATA

As a proof of principle, we assessed the properties of four separate datasets. Two of the datasets were collected in patients with subacute back pain and the other two consist of patients with chronic back pain. Ideally, data are analyzed using intention-to-treat. However, here, we included individuals for whom we had enough ratings to complete our analyses as the data are being used for illustrative purposes and we are not looking to draw inferences.


3.1. Datasets


3.1.1. Placebo I (Chronic Back Pain)


3.1.1.1. Overview

The purpose of this study was to investigate factors associated with placebo analgesia in chronic pain patients (16). This was the first trial designed to study chronic pain patients receiving placebo vs. no treatment. The total duration of the study lasted ~15 months. Protocol and informed consent forms were approved by Northwestern University IRB and the study was conducted at Northwestern University (Chicago, IL, USA).



3.1.1.2. Participants

To meet inclusion criteria, individuals had to be 18 years or older with a history of lower back pain for at least 6 months. This pain should have been neuropathic (radiculopathy confirmed by physical examination was required), with no evidence of additional comorbid chronic pain, neurological, or psychiatric conditions. Individuals had to agree to stop any concomitant pain medications and had to be able to use a smartphone or computer to monitor pain twice a day. Additionally, the enrolled patients had to report a pain level of at least 5/10 during the screening interview, and their averaged pain level from the smartphone app needed to be higher than 4/10 during the baseline rating period before they were randomized into a treatment group. A total of 82 patients were randomized. Here, we include 18 participants from the no treatment group and 42 participants from the placebo group for whom we had complete rating data [cf. Supplementary Figure 1 in (16)].



3.1.1.3. Pain Data

Data were collected using a custom pain rating phone app through which patients could rate their pain (0–10 NRS). Patients were asked to enter their pain 2 times/day over the course of the entire study. For the purposes of demonstration, here we averaged pain ratings within a single day.




3.1.2. Placebo II (Chronic Back Pain)


3.1.2.1. Overview

The purpose of this study was to validate a prognostic model for classifying chronic pain patients based on their predicted improvement with placebo (17). Protocol and informed consent forms were approved by Northwestern University IRB and the study was conducted at Northwestern University (Chicago IL, USA).



3.1.2.2. Participants

Individuals with chronic low back pain were recruited for this study. Patients must have had low back pain for at least 6 months, with or without symptoms of radiculopathy, a minimum VAS score of 5/10 at the screening visit and a minimum average pain of 4/10 over a 2-week period prior to their first visit. A total of 94 patients were randomized to no treatment, placebo, or naproxen. Here, we include 12 participants from the no treatment group, 33 participants from the placebo group, and 35 participants from the naproxen group for whom we had complete rating data [cf. Figure 1 in (17)].



3.1.2.3. Pain Data

Data were collected using a custom pain rating phone app through which patients could rate their pain (0–10 NRS), as in Placebo I. Patients were asked to enter their pain 2 times/day over the course of the entire study. For the purposes of demonstration, here we averaged pain ratings within a single day.




3.1.3. Levodopa Trial (Subacute Back Pain)


3.1.3.1. Overview

The purpose of this trial was to investigate whether levodopa (l-DOPA) can block patients' transition from subacute to chronic back pain (18). This 24-week double-blind parallel group randomized controlled trial was conducted at Northwestern University (Chicago, IL, USA). Protocol and informed consent form were approved by Northwestern University IRB as well as NIDCR/NIH. All enrolled participants provided written informed consent. The trial was registered on ClinicalTrials.gov, under registry NCT01951105.



3.1.3.2. Participants

Individuals with a recent onset of low back pain were recruited. Criteria for enrollment included history of low back pain with a duration between 4 and 20 weeks with signs and symptoms of radiculopathy and average reported pain intensity > 4 (on an NRS scale from 0 to 10) on the week before baseline assessments and the week preceding treatment start. Participants were randomized to one of three groups: no treatment (completed n = 10), naproxen + placebo (n = 28), naproxen + l-DOPA/c-DOPA (n = 21). Here, we will use data from 47 patients who had complete rating data (naproxen + placebo = 27; naproxen + l-DOPA/c-DOPA = 20) [cf. Figure 1B in (18)].



3.1.3.3. Pain Data

Data were collected using a custom pain rating phone app through which patients could rate their pain (0–10 NRS). Patients were asked to enter their pain 3 times/day over the course of the entire study (28 weeks). For the purposes of demonstration, here we averaged pain ratings within a single day.




3.1.4. Prospective Cohort (Subacute Back Pain)


3.1.4.1. Overview

The purpose of this study was to identify predictive biomarkers to identify individuals who will vs. will not recover from subacute back pain (19). Protocol and informed consent forms were approved by Northwestern University IRB as well as NIDCR/NIH, and the study was conducted at Northwestern University (Chicago, IL, USA). All enrolled participants provided written informed consent. All participants were right-handed and were diagnosed by a clinician for back pain. An additional list of criteria was imposed including: pain intensity > 40/100 on the visual analog scale (VAS) and duration < 16 weeks.



3.1.4.2. Participants

Eighty individuals with a recent onset (within 16 weeks) of lower back pain and an average reported pain intensity > 40/100 (on the VAS) who completed at least three follow-up visits (i.e., 30 weeks following the initial visit).



3.1.4.3. Pain Data

Data were collected at five separate visits using the short form of the McGill Pain Questionnaire (MPQ). The computed sensory and affective scores from the MPQ for each visit are used as individual pain scores for each subject.





3.2. Data Properties

To evaluate whether each dataset was more compatible with an additive or multiplicative process, we conducted the same analyses from the Statistical Background section (Figures 2–4) on these data. In particular, we investigated properties of the raw and log-transformed data, in addition to the properties of ANCOVAs fit to the data. To do so, all data were converted to a 0–100 scale. Before log-transforming, we added 1 to the raw scores to avoid log(0) = NaN. In doing so, we demonstrate how the aforementioned principles apply to real data.


[image: Figure 4]
FIGURE 4. Simulations of additive and multiplicative changes reveal differential residual behavior for raw and log-transformed ANCOVA models. (Left) data generated with have an additive structure have homoscedastic residuals when fit with a standard ANCOVA (top) but heteroscedastic residuals when fit with a log-transformed ANCOVA (bottom). (Right) data generated with a multiplicative structure have heteroscedastic residuals when fit on their raw scale (top) but homoscedastic residuals when log-transformed (bottom).


All datasets have positive relationships between pre- and post-intervention scores (Figure 5). Interestingly and in contrast to the other studies, the variance of the post-intervention scores in the levodopa trial appears to increase with greater pre-intervention scores, consistent with a multiplicative effect. Finally, with the exception of the prospective cohort study, there are negative relationships between changes in pain and pre-intervention scores. These negative relationships may be explained by multiplicative effects or RTM. Further examination is needed to ascertain the nature of these data.


[image: Figure 5]
FIGURE 5. Relationships between pre-intervention scores and change scores (top) and post-intervention scores (bottom). (Top) Relationship between pre-intervention scores and change scores. Note that most of the studies have a negative relationship. This could be explained by regression toward the mean or multiplicative effects, in addition to ceiling/floor effects. (Bottom) Relationship between pre-intervention and post-intervention pain scores across all studies. Each study shows a positive relationship between pre- and post-intervention scores; however, the Levodopa study appears to have greater variance in post-intervention scores with greater pre-intervention scores.


Including more points in the calculation of pre-intervention and post-intervention scores increases the ICC, thereby increasing the reliability and decreasing the effect of RTM (Figure 3). Since three of the four datasets contained ecological momentary assessments of pain, we were able to sample and average more than one point from the beginning and end of each study. We averaged an increasing number of a pre- and post-intervention points and recalculated the slope between change score and pre-intervention score (i.e., plot from Figure 5, top). If the slopes strongly trend toward zero by increasing the number of points, this indicates that the data have additive properties. Slopes that stay negative regardless of increasing reliability (number of points) indicate that the data may be multiplicative. For the studies included in this analysis (Placebo I, Placebo II, Levodopa Trial), Placebo I and Placebo II's slopes have slight upward trends: as the number of points in the calculation of pre-intervention and post-intervention scores increases, the negative slope due to RTM increases. In contrast, the Levodopa trial's negative slopes remain stable (Figure 6). This again hints at the notion that the levodopa trial's data may be multiplicative, while Placebo I and Placebo II may be additive.


[image: Figure 6]
FIGURE 6. Increasing the number of points used for each patient's pre- and post-intervention scores increases the slope between change scores and pre-intervention scores. Each patient's pre- and post-intervention scores were calculated using the mean of x points. By averaging over more points, we should increase the intraclass correlation coefficient. Negative slopes between change scores and pre-intervention scores are indicative of one of two things: (1) regression toward the mean or (2) multiplicative effects. In the datasets that show evidence of being additive, we see marked increases in slopes, indicating that we are decreasing regression toward the mean by including more points. However, because the Levodopa Trial displays multiplicative properties, it is only minimally affected by adding more points.


Perhaps the most direct assessment of additive vs. multiplicative properties is to model the data and assess the model fits. When assessing and utilizing a model, one should ensure that the model's assumptions are met and that the model captures salient features of the data. Because multiplicative data-generating processes lead to compounding residuals, we can observe these effects when fitting ANCOVAs. In Figure 7, we focus specifically on the variance observed in Figure 5, illustrating the relationship between fitted values (using the ANCOVA models from Figure 5) and the absolute value of the residuals. As shown in Figure 2, multiplicative relationships possess higher variance as pre-intervention scores increase, compared to additive relationships which are homoscedastic. For this reason, we should observe a null correlation between fitted values and absolute residual error for data that have exhibited additive properties (Placebo I, Placebo II, Prospective Cohort) thus far, and observe a positive correlation between fitted values and absolute residual error for data that have exhibited multiplicative properties (Levodopa Trial). As predicted, the Placebo I, Placebo II, and Prospective Cohort data all display this additive quality, as their residual error does not increase as fitted values increase. In contrast, the Levodopa Trial data display multiplicative properties, as its residual error increases as fitted values increase. The description and analyses of these data can be seen below (Figure 7).


[image: Figure 7]
FIGURE 7. Absolute values of residuals from additive ANCOVA models. We fit an ANCOVA to each dataset using pre-intervention score and group membership as covariates. From these models, we plotted the absolute values of the residuals as a function of the fitted value. Additive models should be homoscedastic, meaning the magnitudes of the residuals do not change as a function of the response variable. However, multiplicative models have compounding error, such that if you fit them using an additive model, greater predicted values will be associated with larger magnitudes of residual error. Placebo I, Placebo II, and the Prospective Cohort study all exhibit features of additive data. However, the Levodopa Trial exhibits multiplicative properties, as evidenced by the increasing error residual magnitude with increasing fitted values.


From these plots, it is clear that the Placebo I, Placebo II, Prospective Cohort demonstrate additive properties while the Levodopa Trial demonstrates multiplicative properties. An understanding of these concepts and model assumptions have real implications. In Table 1, we include the average absolute (additive) and log-transformed (multiplicative) change in pain scores for each dataset. As an example, the effect of naproxen relative to no treatment in Placebo II is −15 (−27, −3) for the additive model but 0.7 (0.4, 1.1) for the multiplicative model. The 95% CI is much wider for the multiplicative model since it is misspecified, which in turn may lead an investigator or clinician to be less certain conclusions about the treatment effect.


Table 1. Additive and multiplicative effects by dataset.
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4. DISCUSSION

Pain relief is a ubiquitous clinical trial outcome with direct treatment implications. Treatments that yield appreciable pain relief will be employed in the clinic, and findings from these trials may be communicated to patients. However, if data from trials are not properly modeled, then the resulting treatment effects may be both biased and highly variable, which in turn may mislead researchers, clinicians, and patients. In this theory-based paper, we have emphasized the difference between additive and multiplicative treatment effects from mathematical, statistical, and empirical perspectives. It is clear that the assumptions behind these effects are not interchangeable and thus should be more thoughtfully considered when planning and analyzing clinical trial data. Moreover, how pain relief is conceptualized will propagate into the interpretation of effects, which we briefly discuss herein.


4.1. Minimal Clinically Important Differences

Pain intensity ratings can be difficult to interpret—they are a reductionist, unidimensional measurement intended to capture a single aspect of a private, complex, incommunicable experience (20, 21). To help make sense of improvements, researchers and clinicians commonly rely on minimal clinically important differences (MCID). In clinical pain research, MCIDs are commonly derived by mapping changes in pain ratings onto a different scale, such as global impression of change (22). For example, what absolute change in NRS and relative change in NRS correspond to “much improved”? This mapping is then commonly used as a guidepost for interpreting other studies, and in some cases, individual patient changes (23).

Although commonly derived and used without justification, absolute and relative MCIDs are not interchangeable since they are mathematically incompatible with one another. Suppose patient A starts with an 8/10 pain and patient B starts with a 4/10 pain. If the treatment has an additive effect, both patients may improve by 2/10, but this would result in markedly different percent reductions: 25 and 50% for patients A and B, respectively. Farrar et al. (22) suggest that an MCID for pain relief is 2/10 NRS or 30%; here, these would yield two different conclusions since both patients achieved a 2/10 decrease but only one patient achieved a 30% decrease. Much attention has been and continues to be given to both additive and multiplicative MCIDs without considering the conceptual difference between the two. This conceptual incompatibility needs to be reconciled if MCIDs are to be used in a meaningful way. However, there are also larger issues that warrant addressing.

Across studies and ignoring the numerical nature of treatment effects, MCIDs have a linear relationship with baseline pain ratings, with an x-intercept corresponding to roughly 30/100 and a slope of 1 (i.e., MCID ≈ baseline − 30) (24). This relationship calls into question both absolute and relative MCIDs. If absolute MCIDs were valid, then we would expect the MCID to be constant across all baseline pain scores. If relative MCIDs were valid, then we would expect a y-intercept of 0 and a slope equal to the MCID. Rather, this relationship suggests MCIDs are more compatible with a post-intervention pain rather than a change score, and this post-intervention pain is equal to 30/100. In other words, the MCID is the change in pain needed to obtain a 30/100. If true, this would be consistent with the idea that it is a patient's pain, not change in pain, that is important.

More generally, MCIDs arguably represent a conflation of constructs. MCIDs typically involve dichotomizing a measurement by mapping it onto some other measurement using some loss function—a form of “dichotomania” (25). For example, researchers may threshold and dichotomize changes in VAS into improvement vs. non-improvement using the global impression of change scale (22). This dichotomization of pain scores is then applied to other studies. Yet, such an approach is curious—it implies we are actually interested in global impression of change but use pain scores as a noisy proxy. If a researcher is interested in global impression of change, they should measure global impression of change as an outcome in their sample. Further, the ontological basis for dichotomous change scores is arguably ill-conceived. The insipid use of MCIDs in pain research and practice deserves greater scrutiny. From this perspective, it has been argued that greater context is needed in deriving metrics of clinical importance (26, 27) for which decision theory may provide a rigorous foundation.

In addition to using MCIDs for interpreting findings, researchers have used MCIDs for “responder analysis.” For example, a researcher may split patients into groups of “responders” and “non-responders” based on whether their change in pain exceeded the MCID [see section 4.5 in (23)]. However, such analyses have undesirable properties on both the individual and group levels. On the individual level, inferences cannot be made regarding response magnitude for several reasons. First, individual counterfactuals are not observed in parallel group trials; for example, we do not know what an individual's pain would have been had they been randomized to the placebo group instead of the drug group. An individual's observed improvement or worsening may have been due to the intervention or alternatively, RTM, natural history, or some other unmeasured, stochastic process. Second, the individual may not reliably attain the same improvement each time the trial is performed; for example, 60% of individuals may respond 100% of the time or 100% of individuals may respond 60% of the time (or some mixture of the two). Third, this dichotomization assumes an improvement of, say, 30 and 100% are equivalent, and similarly, that an improvement of 29 and 0% are equivalent (assuming MCID = 30%) by treating improvements as a binary step function rather than continuous—such an assumption strains credulity. These issues have been previously discussed in great detail (28–31). On the group level, dichotomizing individual responses turns each patient's pain improvement into a 0 (“non-responder”) or 1 (“responder”), which discards information and, in turn, markedly decreases statistical efficiency and power (32, 33). Thus, the dichotomization of improvements is arguably unethical since it discards information, effectively decreasing the sample size (32) and, in turn, the ability to quantify (or rule out) meaningful intervention effects. Rather than being treated as an analytical tool, MCIDs are perhaps better viewed from an interpretive and decision-making perspective.

Notwithstanding MCID's limitations, it is perhaps most useful at the planning stage of clinical research. A clinically important difference is just one approach to justifying an effect size of interest for a study (34), which may be used for sample size calculations or stopping rules in adaptive trials. However, beyond planning, dichotomizing trial and especially individual patient outcomes using an MCID is a questionable practice that commonly ignores context and variability (9).



4.2. Scale Assumptions

Psychological measurement scales have a rich history across the fields of psychometrics and psychophysics (35). Anchors determine the extremes within which a participant must rate their experience, ultimately constraining the measurement construct and how accurately participants understand what they are rating (36). Bounded by these anchors, the measurements themselves can be on one of a number of scales: nominal, ordinal, interval, ratio, and absolute. Nominal scales assume a one-to-one mapping between the desired quantity x′ and the measured quantity x; ordinal scales assume a monotonic mapping; interval scales assume an affine mapping (x′ = ax + b); ratio scales assume a linear mapping with an absolute zero (x′ = ax); and absolute scales assume a perfect mapping (x′ = x) (37). Several renowned psychophysicists have argued—not without criticism (38, 39)—that perceptual ratings are or can easily be converted to ratio scale (35, 37). Importantly, the additive and multiplicative models rely on interval and ratio assumptions, respectively. Thus, the validity of these assumptions for clinical pain must be considered.

The numerical nature of clinical pain is an open, controversial, and perhaps unanswerable question. Early psychophysics work argues that VAS and NRS pain scales are ratio for both experimental and clinical pain. Price et al. (40) used cross-modality matching to argue that clinical pain, like heat pain, is a ratio scale. However, by mapping clinical pain onto heat pain, this finding is arguably tautological—they assessed whether clinical pain-matched heat pain follows the same power law as heat pain. Others have used item-response theory to argue that pain ratings are ordinal scale (nonlinear) rather than ratio or interval scale (41). Since the authors used unidimensional measures and a Rasch model, this conclusion is based on stationarity assumptions and ratings' reliability, which are not necessary conditions for interval or ratio scales. Although the perceptual ratings from psychophysics are undoubtedly related to clinical pain, assessing the measurement properties of clinical pain is much more complex since we cannot precisely control the sensory input. Thus, clinical pain measurement scale assumptions arguably cannot be rigorously evaluated, reinforcing that they are indeed assumptions. However, the strength of assumption varies, with interval scales (additive) having weaker assumptions than ratio scales (multiplicative). The assumptions a researcher makes directly affects the model they should choose.



4.3. Statistical Modeling and Applications

The choice of a statistical model can greatly affect the inferences drawn from the same dataset. Here, we observed that applying a multiplicative model to a dataset that exhibits additive properties can create wide CIs, making it difficult to interpret the results of an experiment (Table 1). This is consistent with the idea that a properly specified model will be more statistically efficient (12), and perhaps most importantly, it will better represent the underlying data.

We presented two ways of modeling data: additively and multiplicatively. Both rely on ANCOVA, with the former using raw pain scores and the latter using log-transformed pain scores. These models have different assumptions about the underlying data and, as a result, have different interpretations. If authors feel the linearity and ratio assumptions are too strict, there are other models that can be used; e.g., ordinal regression and semiparametric (or nonparametric) ANCOVA (42), in addition to intensive longitudinal and time-series analysis (43). Indeed, there are good examples in the pain literature of ANCOVA-type models being implemented with more complicated data structures [e.g., multiple study endpoints, see (44)]. In any case, researchers should be aware of the assumptions of their statistical models of the properties of their data, and of course, researchers are encouraged to collaborate with statisticians (45).



4.4. Recommendations

We have clearly demonstrated the mathematical, conceptual, and interpretive differences between additive and multiplicative effects. From this explication, there are tangible takeaways and recommendations for clinical researchers. Specifically, we suggest that researchers include and consider the following:

1. When deciding which metric to use—absolute pain decreases or percent pain decreases—use the data as a guide unless there is a principled reason to choose one or the other. Since it is unclear what influences the presence of additive or multiplicative characteristics in pain data, it is safer to use the metric that accurately represents the properties of the data. Table 2 summarizes the differences between additive and multiplicative properties. In time, we may develop a better understanding of pain conditions and improvements such that more general recommendations can be provided. We view this data-driven approach as being no different than checking statistical model assumptions.

2. When reporting descriptive statistics, use the arithmetic mean to calculate between-subject (average) intervention for additive data; conversely, use geometric mean for multiplicative data.

3. Ensure that patients' pre-intervention scores are heterogeneous for drawing conclusions about the nature of the data. By including a wide range of pre-intervention scores, it makes the additive or multiplicative properties more apparent. If the data are not heterogeneous, false conclusions may be made about the data's additive or multiplicative properties.


Table 2. Hallmarks of additive and multiplicative effects.
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5. CONCLUSION

The properties of changes in self-reported pain are commonly implicitly assumed to be additive, multiplicative, or are conflated. Ignoring the properties of pain relief can result in model mis-specification, in turn leading to bias and statistical inefficiency. These errors further propagate into metrics such as minimal clinically important differences. We contend that more attention should be paid to the statistical properties of pain relief to ensure model assumptions are met. By paying closer attention to these properties, we can gain more insight from and make better use of data from pain clinical trials.
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FOOTNOTES

1For simplicity, herein, we will refer to self-reported pain intensity simply as pain.
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APPENDIX



A. DATA GENERATING PROCESSES


A.1. Additive Model

The additive model can be conceptualized hierarchically. First, we will assume each individual's average pre-intervention pain, αi for patient i, is sampled from a larger population,

[image: image]

Since αi represents an individuals average pre-intervention pain, it is a latent construct and ignores measurement error and natural pain variability; for example, minute-to-minute, hour-to-hour, and day-to-day fluctuations in pain intensity. In actuality, an experiment will sample an individual's pain ratings and will be affected by measurement error. Thus, a given measurement of a patient's pre-intervention pain will be
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where [image: image] for measurement j from patient i, assuming all patients have the same within-patient variability (Figure 1). If we sample and average n measurements from patient i, we obtain

[image: image]

Similarly, assuming homogeneous improvement and treatment effects, the average post-intervention pain rating for patient i is

[image: image]

where δ is the improvement in the control group, θ the treatment effect of interest, and gi is a dummy variable for group (0 = control; 1 = intervention). Without loss of generality via the additive assumption of treatment effects, we will ignore treatment groups (θ) to simplify the problem and describe the properties of these distributions, giving us the simplified post-intervention pain distribution

[image: image]

For both the pre and post model, the intraclass correlation coefficient (ICC) is

[image: image]

which is also the correlation between pre- and post-intervention scores. Luckily, ICC is sensitive to the number of data points from which each patient's pre- and post-intervention mean pain scores are calculated,

[image: image]

With more data points, the slope attributable to RTM disappears. Since the ICC is equivalent to a Pearson's r in this case, we can write the joint pre-post distribution of averaged pain scores can be written as a multivariate normal,

[image: image]



A.2. Multiplicative Model

The log-normal distribution is an exponentiated normal distribution, meaning the log of the log-normal distribution is a normal distribution. Therefore, we have

[image: image]

And like the additive case, a single pre-intervention score j for patient i can be described as being centered around their individual mean,
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Similarly, a patient's post-intervention pain is scaled rather than shifted by the change in pain, δ,

[image: image]
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Aims: This study explores the association between subjective feeling of stress and pain experience in the context of the COVID-19 pandemic with a focus on characteristics known to trigger a physiological stress response [sense of low control, threat to ego, unpredictability and novelty (STUN)].

Methods: This exploratory longitudinal convergent mixed methods design consisted of online questionnaires over three time points (before, during and after the 1st wave of the COVID-19 pandemic) (N = 49) and qualitative interviews (N = 27) during the 1st wave of the pandemic on distinct samples of individuals living with chronic pain (CP). Both types of data sources were mixed upon integration using joint display.

Results: Mean pain intensity scores remained stable across time points, while pain unpleasantness and pain interference scores significantly improved. Global impression of change scores measured during the first wave of the pandemic do not entirely concord with pain scores evolution. Two thirds of participants reported a global deterioration of their pain condition at the beginning of the pandemic. Stress and pain catastrophizing before the pandemic were associated with pain scores throughout the pandemic; while most specific measures of stress due to the novel, uncontrollable, unpredictable and threatening nature of the pandemic were not. Qualitative data demonstrated that the deterioration reported in pain status reflected additional dimensions, including spatial expansion of the painful area, reduced access to treatments and challenges in adapting pain management strategies.

Conclusions: Helping individuals to negotiate stressful aspects of the pandemic might help offset the negative impacts of stress on pain status in this context or other important life events.

Keywords: chronic pain (MeSH), stress, COVID-19, pandemic, mixed methods, control, unpredictability


INTRODUCTION

The SARS-CoV-2 was identified in January 2020 as the cause of the coronavirus disease 2019 (COVID-19). Since then, this pandemic has been associated with more than 3 million deaths and 235 million confirmed cases as of October 7th 2021, more than 20 months after the first case was detected (1). In the province of Quebec, Canada, almost 1,000 cases and 150 deaths due to COVID-19 were reported daily during the first wave, for a population of 8.1 million inhabitants. The province of Quebec enforced lockdown of schools, office buildings, sports installations, restaurants, shopping malls in addition to postponing most non-urgent medical appointments. Notably, reopening was announced and postponed several times, until the end of May. The Quebec context during that specific time offered a unique opportunity to study the interaction between stress and chronic pain.

These effects constitute potential sources of stress that might have a particularly devastating impact on individuals living with chronic pain (2). Pain might deteriorate during the COVID-19 lockdown because of the direct impact of stress on pain (3, 4), or through indirect effects such as unpredictable access to pain care and management facilities, increased social isolation, and poor sleep (2, 5–10).

A multitude of studies have documented the complex associations between stress and pain, varying from stress-induced analgesia to stress-induced hyperalgesia (11–14). Furthermore, stress has also been identified as an important factor that could increase risks of comorbid psychological distress such as depression in this population (15, 16). Not every individual react the same way to sources of stress however, and understanding how individual appraisal of the threat and challenges posed by a new stressor such as the pandemic, as well as identifying vulnerability and resilience factors can help better understand the experience of individuals and its impact on pain evolution and its management (17, 18).

To better understand stress reactions, it is necessary to understand what stress is and how it triggers a physiological response (body's response to the detection of a threat—i.e., secretion of cortisol, noradrenaline). Decades of research have shown that when individuals perceive being in a situation over which they have a sense of low control (S), that poses a social-evaluative threat (T), is unpredictable (U) and/or is novel (N)—[thereby referred to the STUN characteristics], this will activate the hypothalamic-pituitary-adrenal axis and produce a stress response (19–21). The STUN framework appears to be an interesting and comprehensive approach to understanding the associations between stress and chronic pain, especially considering that they are not traditionally explored together within a comprehensive framework (22). Being able to characterize individuals' pain, stress and psychological characteristics and understand how these factors change once they are simultaneously exposed to a world-wide outbreak presents a unique opportunity to further our understanding of how and for whom stress has a significant impact on pain and psychological distress.



OBJECTIVES

The overall study goal was to explore the evolution of pain experiences among individuals living with chronic pain before and during the first wave of the COVID-19 pandemic in the province of Quebec, Canada, and understand how individual appraisal of the threats and challenges posed by the pandemic, influence this evolution. The specific quantitative (Study 1), qualitative (Study 2) and mixed methods (MM) goals were as follow:

Study 1—Quantitative examination:

(1) Examine the evolution of pain intensity, unpleasantness and interference scores at baseline, during and after the first wave of the pandemic.

(2) Document individuals' perceived global impression of change in pain status, and psychological distress during and after the first wave of the COVID-19 pandemic.

(3) Identify pre-pandemic stress-related indices (STUN characteristics, global perceived stress and pain catastrophizing) associated with the evolution of pain and psychological distress (anxiety and depressive symptoms) across the first wave of the COVID-19 pandemic.

Study 2 – Qualitative inquiry:

(4) Explore the dynamic impact of stress on the pain experience during the first wave of the COVID-19 pandemic from the perspective of people with chronic pain; and

Mixed Methods Integration:

(5) Obtain a more comprehensive understanding of the relationship between stress and pain experience during the COVID-19 pandemic by exploring convergence and divergence of the quantitative and qualitative findings.

The purpose of mixed methods in this study was thus to provide complementary and more comprehensive views of the phenomena under study and to take into account the diversity of perspectives on the experience (23).



OVERALL STUDY DESIGN

This study adopted a longitudinal convergent design with triangulation in which quantitative (Study 1) and qualitative (Study 2) data were collected in parallel using different samples and integrated using previously described methods (24, 25). Figure 1 shows the timeline of the QUAN and QUAL studies, overlapping with the progression of the COVID-19 pandemic.


[image: Figure 1]
FIGURE 1. Timing of baseline and follow-up measures in relation to the evolution of the COVID-19 pandemic in Quebec, Canada. The shaded gray zones refer to the periods during which participants completed the time point measures or interviews.


The study was approved by the research ethics board of the Center hospitalier de l' Université de Montréal (18.368-YP) and written consent was obtained from study participants. Here we first present the methodology, results and brief discussion of Study 1 and Study 2 separately, and finally the methods and results of the mixed methods integration. Samples were independent for Study 1 and Study 2.



STUDY 1—QUANTITATIVE STRESS AND PAIN INVESTIGATION


Materials and Methods
 
Study Design

The quantitative study adopted a longitudinal, prospective study design with three distinct time points: T0 (before the pandemic), T1 (during the first wave of the pandemic), and T2 (after the first wave of the pandemic).



Participants

Participants were initially recruited through an ad sent electronically in November 2019 to all members (approximately 9,000 individuals) of a community-based organization for individuals living with chronic pain for one of three studies exploring the associations between stress characteristics and chronic pain. Out of more than 600 individuals who manifested interest in the study, 54 were enrolled in this particular project until February 2020. At that time enrollment stopped because of the potentially confounding impact of the pandemic. When COVID-19 pandemic began and after obtaining ethics approval, participants who had already completed the study were solicited to participate in additional follow-up measurements to capture the impact of the pandemic on stress and pain. Eligibility criteria were assessed by phone and included having non-cancer pain of more than 3 months duration and of moderate to severe intensity (>3 on a 0–10 point scale), living in the province of Quebec, being fluent in written and spoken French, being aged 18 years or older, and having access to the Internet. Participants were excluded if they had a cognitive or physical impairment that made it impossible to complete self-reported questionnaires.



Procedures

Baseline (T0): After providing written consent electronically, participants completed an online battery of questionnaires documenting their overall stress, pain-related stress, pain characteristics and quality of life. They also completed a 1-week electronic diary that aimed to explore optimal methodological approaches to collect daily information on stress and pain, but the results are not presented as part of this study.

T1 and T2: During the first wave of the COVID-19 pandemic, all participants were re-contacted and invited to participate in a follow-up study to re-examine the associations between stress and pain during the pandemic. Forty-nine out of the 54 participants agreed to participate in these additional time points [during (T1) and after (T2) the first wave of the pandemic]. They followed the same procedure established for the baseline assessment to document stress related to the pandemic, overall stress, and pain characteristics using online questionnaires and electronic diary. Participants were compensated a total of $60 for the study.



Measures

Measures were selected to assess general and pain-specific stress and psychological responses to pain that might influence pain and psychological distress during the pandemic.

The following measures were administered across all three time points:

The Brief Pain Inventory [BPI (26)] is a measure of the impact of pain on daily function, pain location, pain medication, and amount of pain relief over 24-h period. Seven items, each rated on a 0–10 scale, document the extent to which pain impacts on daily function. This composite score had good reliability and validity in various chronic pain populations (27). In this study, α = 0.78–0.85 at T0–T2.

The Patient Health Questionnaire-4 [PHQ-4 (28)] is a brief measure of psychological distress with the following classification: normal (0–2), mild (3–5), moderate (6–8) and severe (9–12). Two items are drawn from the Patient Health Questionnaire-9 and evaluates depressive symptoms and two items are drawn from the Generalized Anxiety Disorder-7 scale and evaluates anxious symptoms. The PHQ-4 had good validity and adequate reliability (28). In this study, α = 0.70–0.78 at T0–T2.

The Perceived Stress Scale-4 [PSS4 (29)] is a 4-item self-reported measure that assesses the extent to which individuals perceive their life as being unpredictable, uncontrollable and overloaded over the previous month. The scale had excellent validity and internal consistency (29). In this study, α = 0.74–0.83 at T0–T2.

The following measures were administered at baseline only:

The Pain Catastrophizing Scale [PCS (30)] measures the extent to which individuals ruminate, feel helpless, and magnify their pain experience. Each item is rated on a scale from 0 to 4, and items are summed to create a total score that ranges from 0 to 52. The PCS has been shown to have adequate internal consistency, reliability and sensitivity to change over time (31). In this study, α = 0.93 at T0.

The Stress Characteristics Questionnaire [SCQ; (32)] measures one's sensitivity to each of the four characteristics associated with a physiological response to stress (19), namely Sense of low control, Threat to ego (one's personality), Unpredictability, and Novelty. Each dimension is measured by summing 5 Likert-type items that ask participants to rate on a scale from 0 (not stressful at all) to 10 (extremely stressful) the extent to which they would find each situation described as stressful. Higher scores indicate higher stress responsivity. In this study, α = 0.64 for control subscale, α = 0.72 for the ego subscale, α = 0.76 for unpredictability subscale, and α = 0.80 for the novelty subscale at T0. The psychometric properties of the original questionnaire have not yet been published. As such, the validity of the questionnaire is unknown.

Additional pain characteristics were measured, including pain duration. Pain intensity (mean, and worst pain intensity) and pain unpleasantness over the past 7 days were assessed using a Numeric Rating Scale (33, 34) (NRS, duration).

The following measures were administered at T1 and T2:

A series of questions on Stress related to the COVID-19 pandemic were administered on a 0–10 scale to assess the extent to which individuals found the pandemic to be stressful. Two questions aimed to measure overall stress related to the pandemic: “To what extent do you find the COVID-19 pandemic stressful,” and “To what extent do you find the lockdown measures associated with the COVID-19 pandemic stressful”. Four questions aimed to measure the four dimensions of the STUN model (Ego: “My behaviors and emotions about the COVID-19 pandemic have a negative impact on the opinion I have of myself;” Control: “The feeling of having no control over the evolution of the pandemic causes me stress,” Novelty: The novelty of the current pandemic causes me stress;” Unpredictability: “The unpredictable evolution of the pandemic causes me stress”). These questions were developed by expert consensus (i.e., authors and other researchers with expertise in pain and/or stress research) at the beginning of the pandemic.

The Patient Global Impression of Change scale [PGIC (35)] was administered to document whether participants perceived a change in their pain status since the beginning of the pandemic on a scale ranging from 1 (completely deteriorated) to 7 (completely improved); a score between 1 and 3 indicates some deterioration; a score of 4 indicates no change and a score above 4 indicates some improvement. An open-ended question was also included that asked participants to describe how and why their pain status had changed. The PGIC has been recommended by the Initiative on Methods, Measurement and Pain Assessment in Clinical Trials (IMMPACT) group (33) and has been shown to mediate individual differences in a number of chronic pain outcomes associated with expectations (36).



Data Analysis

Descriptive statistics (frequencies, percentages, means and standard errors) were used to characterize the study sample and follow the evolution of pain and stress over time.

Objective 1 examined the evolution of pain and psychological distress across the first wave of the pandemic using linear mixed effect analysis. Models included a linear and a quadratic time trend, and a random effect of participant with a restricted maximum likelihood estimation used to determine whether scores on pain intensity (NRS pain intensity), pain unpleasantness (NRS pain unpleasantness), pain interference (BPI) or psychological distress (PHQ-4 total score) significantly changed across time. If quadratic term was significant it was retained in the model for Obj. 2, otherwise it was not included. Box plots were also used to compare changes in NRS pain intensity scores between T0 and T1, and between T1 and T2 according to participants' global impression of change in their pain status at T1 and T2, respectively.

Objective 2 examined characteristics associated with evolution of pain and psychological distress using linear mixed effect analysis. Models were used to identify baseline stress-related characteristics (pain catastrophizing, perceived stress (PSS-4) and scores on each of the four dimensions of the SCQ) associated with (a) pain intensity (NRS pain intensity), (b) pain interference (BPI), and (c) psychological distress (PHQ-4) across the first wave of the pandemic. Intercept was included as a random effect.

Alpha was set at 0.05. No correction was applied for multiple comparisons given that it further contributes to reducing statistical power, increases risks of Type II errors, and contributes to negative publication bias (37). Information regarding the clinical meaningfulness of statistically significant results is provided when relevant. Sensibility analyses were also conducted to examine the unique contribution of the SCQ variables alone. The linear mixed effect models were thus re-run to exclude the PCS and PSS.



Results

Out of 54 individuals initially recruited, 49 completed at least one of the follow-ups and thus were included in the quantitative analyses. Participants' characteristics are shown in Table 1. Three quarters of participants identified as female (n = 36; 75.0%). More than half of participants (n = 26; 57.1%) were not working due to disability and the average pain duration was 15.11 years (sd = 11.3; min = 2, max = 43). Average pain intensity scores varied by <10% across the three time points, which is considered to be below what is considered as clinically meaningful (38).


Table 1. Socio-demographic, pain, stress and psychological characteristics of individuals living with chronic pain before, during and after the first wave of the COVID-19 pandemic.
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Obj 1. Evolution of Pain and Psychological Distress. There were no significant linear or quadratic effect of time for pain intensity or psychological distress across the first wave of the pandemic (p > 0.05). There were significant linear (β = −1.93, p = 0.010) and quadratic (β = 0.37, p = 0.042) effects of time on levels of pain interference (BPI). Finally, there was a significant linear effect of time for pain unpleasantness (β = −2.17, p = 0.036). Results of the linear mixed effects models are shown in Table 2.


Table 2. Linear mixed effects models examining the within-person evolution of pain and psychological distress (N = 49).

[image: Table 2]

As shown in Table 1, 32 participants reported deteriorated pain during the first wave of the COVID-19 pandemic using the Patient Global Impression of Change Scale. Reasons reported by participants for this deterioration included stress (n = 19/32; 59.8%), postponed pain treatments (n = 5/32; 15.6%), ergonomic issues associated with working from home (n = 2/32; 6.3%), and sleep difficulties (n = 2/32; 6.3%). Thirteen reported unchanged pain. Only three participants reported improved pain that they attributed to a slower pace during the pandemic (e.g., less scheduled activities, not having to commute to work). Twenty-two participants (out of 46; 47.8%) reported that their pain deteriorated after the first wave (T2) compared to during the first wave (T1) of the pandemic.

In Figure 2, boxplots are displayed that show the differences in participants' report of pain intensity scores at the different time points and their corresponding reports of pain status change based on participants' global impression of change in their pain status.


[image: Figure 2]
FIGURE 2. Box plots of pain changes between the first wave of the pandemic (T1) and pre-pandemic pain levels (left graph) and between the end of the first wave (T2) and during the first wave (T1) of the pandemic (right graph). Row (A) represents changes in pain intensity scores, row (B) represents changes in pain unpleasantness scores, and row (C) represents changes in pain interference scores. Each box represents the first (Q1) and third (Q3) quartile and the middle line represent the median. The whiskers represent the minimum and maximum (Q1 or Q3–1.5*interquartile range) of the score distribution, with circles representing outliers. A score above zero on the y-axis indicates an increase in pain/interference scores (i.e., pain deterioration) from baseline to T1 (left graph) or from T1 to T2 (right graph), while a score below zero on the y-axis represents a decrease in pain/interference (i.e., pain relief). The x-axis represents individuals' global impression of change in pain status.


Obj 2. Baseline stress characteristics associated with evolution of pain and psychological distress. Results of the linear mixed effects models are shown in Table 3. Higher levels of pain catastrophizing (β = 0.04, p = 0.028) at baseline were associated with higher pain intensity levels throughout the pandemic. Higher levels of pain catastrophizing (β = 0.05, p = 0.031) and perceived stress (β = 0.07, p = 0.048), and lower degree of vulnerability to perceived social-evaluative threat (β = −0.08, p = 0.032) were associated with higher levels of pain unpleasantness throughout the pandemic. Higher levels of perceived stress (β = 0.10, p = 0.012) and lower degree of vulnerability to unpredictability (β = −0.09, p = 0.037) were associated with higher levels of pain interference throughout the pandemic. Finally, higher levels of baseline perceived stress (β = 0.14, p = 0.002) and pain catastrophizing (β = 0.09, p < 0.001) were associated with higher levels of psychological distress throughout the pandemic.


Table 3. Linear mixed effects models examining the within-person evolution of pain and psychological distress taking into account baseline stress characteristics (N = 49).
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Sensibility analyses did not show any significant effects of the individual STUN components (when examined in a model without the PCS and PSS or in models where SCQ subscales were examined individually with the PCS and PSS), all p > 0.05.




Discussion Study 1

This study has investigated the experience of pain and stress among individuals living with chronic pain during the COVID-19 pandemic. Pain intensity scores on the NRS for the overall sample varied by <10% throughout the pandemic and pain unpleasantness and pain interference scores have improved. However, two-thirds of individuals reported that their pain status deteriorated during its first wave using the PGIC scale. Many studies report a high degree of concordance in individuals' pain intensity ratings and global impressions of change (39). However, a study of patients recruited from multidisciplinary pain clinics showed an overall subjective deterioration in pain but failed to show a significant difference in pain intensity ratings before and during the pandemic (40). Such discrepancy between pain scores and global impression of change in pain experience likely reflects the multidimensional and complex nature of the pain experience that goes beyond its intensity.

Stress was identified by more than half of participants with deteriorated pain as an important contributor to changes in pain status during the pandemic. The present study showed that individuals' tendency to ruminate, feel helpless, and magnify their pain experience, and those with higher levels of perceived stress are more likely to report higher levels of pain and psychological distress throughout the pandemic compared to those reporting lower levels at baseline.

Study results also show a small protective effect of social-evaluative threat on pain unpleasantness. This might be because the pandemic had sheltered us from social interactions and indirectly decreased the likelihood of encountering events that pose a social-evaluative threat. As such, those individuals most vulnerable to this type of stress experienced the largest benefits on pain unpleasantness. In addition, study results showed a small protective effect of sensitivity to unpredictable events on levels of pain interference. It is possible that those vulnerable to unpredictable situation react to this vulnerability by being more proactive in their environment in an attempt to reduce as much as possible sources of uncertainties. This attitude might in turn lead to increased levels of engagement in daily activities and thus reducing pain interference.

Global and multifactorial measures of stress (PCS and PSS) seem to have a stronger impact on pain outcomes however, compared to individual components of the STUN model. Perhaps given the magnitude of the pandemic, a global measure that captures many dimensions of stress would capture more variance in pain outcomes compared to individual components of the STUN framework. Many scales are now available to measure stress specifically in the context of the pandemic, such as the COVID Stress Scales (41) and the COVID-19 Phobia Scale (42).




STUDY 2—QUALITATIVE EXPLORATION OF STRESS AND PAIN DURING THE PANDEMIC


Material and Methods
 
Design of the QUAL Study

Semi- structured one-on-one interviews were carried out between March and May 2020 to explore the associations between stress and chronic pain in a pandemic context among individuals living with chronic pain. These individuals were recruited among a sample of 41 individuals who had participated in a focus group about stress and pain in 2019 (22). Given the different objectives of these two phases and content of the interview guides, these data are not analyzed jointly and here we focus only on the semi-structured interview data.



Participants

Out of 41 eligible individuals, 32 participants (16 women and 16 men) were randomly contacted by phone to inform them of the project until optimal sample size was achieved. Twenty-seven participants agreed to take part in an online interview and provided written consent electronically. Those participants were 18 years of age or older and living in the province of Quebec, fluent in spoken French, and living with chronic pain (>3 months) of moderate to severe intensity (>3/10). Final sample size was determined based on a number of factors, including timeline (interviews had to be conducted over the shortest time period possible in order to have the most homogeneous public health restrictions in place when participants were interviewed) (43) and methodological considerations for thematic analysis, including data saturation and thematic prevalence (44), narrow study aim, moderate sample specificity, and case analysis strategy (45).

Characteristics of participants involved in this qualitative part of the study are shown in Table 4. Information on participants' ethno-racial background was not collected in this study. None of the participants had been diagnosed with COVID-19 but 3 reported symptoms at the time of the interview.


Table 4. Participant characteristics of the qualitative study (N = 27).
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Procedure

Participants completed a sociodemographic questionnaire online prior to engaging in an individual interview online via the platform Zoom that lasted between 30 and 80 min. Interviews were conducted using a semi-structured guide. Interview topics included overall stress experience in the context of the pandemic, the impact of stress related to the pandemic on their pain condition and its treatment and management and coping with stress and pain during the pandemic. Conversations were audio-recorded and transcribed verbatim.

Interviews were conducted by one of two interviewers (MP or ÉD). MP is a female clinical psychologist and pain researcher trained in qualitative and mixed methods. ÉD is a female sociologist trained in qualitative research. Participants were informed about the study goals, i.e., to revisit the relationship between stress and pain but this time in the context of the COVID-19 pandemic. All interviews were conducted in French and data analysis was also conducted in that language in line with recommendations for qualitative analysis and result dissemination in a different language than the one of data collection (46). Final themes and selected quotes were translated into English by a professional translator.



Data Analysis

Reflexive thematic analysis was used as the primary data analysis method, using patterns of shared meaning (47, 48). An inductive approach was mainly used to explore specifically characteristics of stress and pain present in the data. Contextualization of these characteristics within the broader lived experience of participants in the context of the COVID-19 pandemic was then explored. While the STUN framework helped to interpret results from the analysis, it was not used to identify theme or classify types of stress experienced by participants. Attempts were made however, to evaluate whether the STUN characteristics are relevant to the experience of stress during the pandemic.

The lead analyst and two other team members established a preliminary and evolving codebook (49); frequent meetings were held to arrive at a common codebook. Process and open codes through a line-by-line analysis were used to move toward an interpretive level of analysis and the generation of themes (50). An iterative approach moving several times between raw data and ongoing interpretation and reflections on participants' experiences was used. Several team meetings took place to construct themes. Member checking and audit trails were used to enhance trustworthiness of the data (51). NVivo-12 (52) was used to code data into domain summaries.




Qualitative Results (QUAL)

Data analysis aimed to explore the dynamic impact of stress on the pain experience during the first wave of the COVID-19 pandemic. The experiences of participants were heterogeneous, with some reporting little to no impact of the pandemic on their stress, pain or daily routine, while others described feeling heavily the bidirectional effects of the pandemic and pain conditions. Five themes were identified: (1) status quo: between philosophy and stability of life and health stages; (2) pain management in socially exposed and disrupted environments; (3) further complicating access to pain care: adding insult to injury; (4) avoidance as a stress response to an invisible threat; and (5) silver lining: regaining control of pain during an uncontrollable pandemic.


Status Quo: Between Philosophy and Stability of Life and Health Stages

A few participants reported minimal disruptions to their daily life during the ongoing pandemic. These individuals described having well-established pain care plans that were not disrupted by the lockdown measures, or their work and social statuses were less likely to be disrupted because they were retired for example.

“How is my stress… well yesterday we baked bread! (laughs) And so we don't have food problems anymore. And me and my spouse we have been married for 46 years, so we get along very well…. We talk, we do things together…. Things are going well. And on top of that, there are less people coming over for dinner! And we don't go to other people's places for diner! So there is less going back and forth and that suits me very well!” (P.13, M, 64 years old)

Beyond the stability of one's life and health stage, one's philosophy also helped minimize the impact of the pandemic on their pain and stress levels. Those individuals tended to focus on aspects that they could control, and on the present moment. By doing so they were able to reduce the perceived lack of control and unpredictability of the pandemic.

“I often say that nowadays: I don't accept my pain, but I'm learning to live with it. It'll be the same thing with the pandemic. I don't accept the virus, but I've got no choice but to learn to live with it! And learn to live differently! It's the same as with my pain!” (P.11, M, 78 years old)

For others however, the absence of added stress from the pandemic came rather from the perspective that one's situation was already so poor that it could not further deteriorate.

“The pandemic hasn't had any particular impact, because I was already all destroyed, or almost. This is normal as health problems like this one play out. It can go as far as social isolation! You can no longer have a social life with people in the same way!” (P.20, M, 58 years old)



Pain Management in Socially Exposed and Disrupted Environments

Managing pain during a pandemic was difficult for many participants who struggled with the increased cognitive and physical workload brought on by the pandemic in their personal and/or professional lives. This translated for some into increased difficulties to apply pain management strategies.

“[My pain] has completely increased… It is hard to manage right now. We have so many other things to manage, other things to think about. As stress increases, pain management becomes more difficult.” (P.6, F, 34 years old)

Furthermore, the altered social environment, such as all family members suddenly staying home, exposed people's pain to broad daylight, making it much more challenging to hide it. This confinement decreased their ability to manage pain and hide it from others, thus threatening their ego.

“Then, on top of it, they see the pain I've got. Normally they don't see it so much. They'd see it in the evening, but now when you're with somebody all day long and then the person… you see that they're in pain all the time. [.] It's like showing your family another part of the pain, so it's harder.” (P.6, F, 34 years old)

The constant tension between needing to engage in self-care or pain management and caring for the needs of others (e.g., having to care for children who are at home) was highly stressful and led to a vicious cycle of increased pain that then fed their stress. This was particularly discussed by younger participants. At times, this vicious cycle led to an under-utilization of non-pharmacological means to manage pain and increased pain medication intake.

“Before, since I was all alone during the day, I'd take a nap and often in the afternoon I'd feel better… I was able to do things to reduce the pain. And now, since the kids are here all the time and they're asking for things, they keep asking, asking!. So, I just can't manage my pain like I used to. Now I'm managing my kids. So, my pain, I manage it more with meds now.” (P.12, F, 39 years old)



Further Complicating Access to Pain Care: Adding Insult to Injury

Many participants feared that unstable access to pain management because of postponed or canceled appointments would lead (or had already led) to significant deterioration of their pain condition. This was also the case for physical and psychological pain management strategies. In this case, the threat was not only a worsening of their pain condition, but also of their social and psychological well-being.

“When they closed the gyms that was a big deal for me. Because it's the only physical exercise I can do. It's good for the. it allows circulation in what I've got left. I'm afraid I'm going to lose this arm [the right arm] at some point. This arm [the left arm] is starting to get cold. I'm afraid that algodystrophy will get into it. It's a bit of a drag. Going to the gym has psychological benefits. It's like you took away my pub, by doing that. They've taken away my social club. By closing the gym, they took a lot away from me. It's a big deal.” (P.18, M 57 years old)

During the pandemic, there has been new solutions, such as online care and activities, to provide social interactions and meet the self-care needs of the general population. However, for those who needed health care services, these solutions seemed to increase one's frustration and stress.

“We're told: be creative! Do some meditation at home. Do some painting, and all the rest. It's all very well to do some painting. Instead of just making life livable for that person, to say: to forget your misery, you can… make paper-maché sculptures! Well I don't want paper-maché, I want massage therapy. They make me do paper-maché to help me forget that I don't have any services, that my life is just poop. But (laughs) at one point, it's NO! That's enough!” (P.27, F, 48 years old)



Avoidance as a Stress Response to an Invisible Threat

The virus posed an invisible threat for many individuals who perceived themselves as being at higher risks of dying should they get infected. Many individuals perceived their health as fragile in part because of chronic pain.

“I already have so much difficulties trying to be the woman I used to be. I will never be that woman again. But if I catch [the virus] on top of it, I don't think I'll be able to get through this. Just sometimes I cough let‘s say because I have a dry throat. It pulls, it really hurts, I am writhing in pain. If I should catch something like this virus, I won't survive.” (P.6, F, 34 years old)

The novelty of the virus and lack of knowledge about modes of transmissions, the unpredictability of one's chance of surviving if they get infected, and the lack of control over the situation were important sources of stress. This perceived threat had a significant impact on their behaviors, including increased hesitation at seeking medical care for pain.

“I would not want to end up in the hospital… We don't want pain to increase, but we don't want to end up in the health care system for COVID-19.” (P.21, M, 59 years old)



Silver Lining: Regaining Control of Pain During an Uncontrollable Pandemic

The stability of one's pain condition and ongoing treatment prior to the COVID-19 pandemic had a large impact on an individuals' stress appraisal of the pandemic. For some, the pandemic had positive impacts on their pain management opportunities by providing them with more time to devote to their pain care.

“And I take advantage of it because I'm slower in my personal activities. So, I take at least two breaks each day, for my treatments [TENS]. And I can only have this treatment when the pain isn't too intense, because when it is, I can't take these electric shocks.” (P3, M, 78 years old)

This was also the case for those who perceived the pandemic as a break from having to push the limits of their physical capacities in order to meet their basic needs and as a temporary protection against the threat of pain on one's sense of identity.

“It's less confrontational not to have to do something than it is to have to do it and tell you, well, right now I'm dragging a 40-pound load, the stairs in the subway are out of order, I have two huge landings, and no one's stopping to help me… So now it's more like “don't take public transit!” So now what you're doing to me, is that I don't have to suffer, and I don't have to be humiliated? Cool!” (P27, F, 48 years old)




Discussion Study 2

This study explored the dynamic impact of stress on the pain experience during the first wave of the COVID-19 pandemic. Stress and pain responses to the pandemic were heterogeneous and seemed influenced by many factors, such as one's life stage and social situation, pain condition and stability of ongoing treatments, degree of precariousness, and level of adaptability. While many reported negative impacts of the pandemic on their pain and overall well-being, others perceived opportunities to further adapt their pain management strategies or focus on elements that were within their control to minimize stress.

As mentioned previously, the STUN framework identifies four specific characteristics of situations that will trigger a physiological stress response: novelty, unpredictability, threat to the ego and sense of low control (19–21). Many of these characteristics could be observed in participants' narratives. Those perceiving having little control over an unpredictable pandemic, pain condition, and access to pain care often felt overwhelmed, stressed and with increased pain levels. Few participants described that focusing on aspects over which they had control, such as strictly following public health safety recommendations, served as a buffer against potentially stressful situations. Threat to the ego was also discussed in the context of increased in-home social interactions, making it more difficult to hide their pain. For others however, this social threat of pain was decreased because they either lived alone or had significantly less interactions with the outer world. Among the four characteristics of the STUN framework, the novelty was the least discussed. This might be in part because chronic pain requires one to constantly navigate new challenges and as such the pandemic wasn‘t such a departure from their constant need for adaptation. This could also be in part because this pandemic was a novel experience for most of the world population and as such wasn't discussed specifically in the interviews focused on living with chronic pain.




MIXED METHODS INTEGRATION

Considering the quantitative findings, the mixed methods objective was to better understand how individuals' pain condition evolved throughout the first wave of the pandemic, and the extent to which stress played a role in this evolution. The integration process was particularly focused on obtaining a deeper understanding of the incongruent pain status and pain intensity reports in the quantitative finding, and how stress and other dimensions of pain could help better understand individual experiences. This was done by merging to two databases for analysis.


Methodology for Mixed Methods Integration

The quantitative data was given more weight in the integration, and qualitative data was mainly used to elucidate puzzling quantitative findings regarding discrepancies between scores on the global impression of change in pain status and pain intensity. The databases were examined contiguously, and then together to compare and contrast findings using primarily joint displays (53–55). Codes and themes obtained from the qualitative analysis were examined in the context of the quantitative results. More specifically, three frequently occurring types of quantitative profiles characterizing changes associated with the pandemic were identified in the data using a cross-tabulation: global impression of change worsened and pain increased (NRS score); global impression of change worsened and pain decreased; and global impression of change unchanged/improved and pain decreased. Then, participants of the qualitative study were also categorized based on change in their NRS pain score obtained before each interview as increased, unchanged or decreased pain intensity score before and during the first wave of the pandemic. Their qualitative data was then coded to capture their subjective impression on the evolution of their pain during the pandemic (e.g., how participants described their pain evolution since the beginning of the pandemic). This allowed to explore whether the quantitative profiles found in Study 1 were also present in Study 2 and whether other profiles could also be identified. This structure allows for exploration of conceptual similarities between the variables and themes and how they interact (55). This data integration was presented in the form of joint displays, which are visual integration of quantitative and qualitative findings that aim to generate new insights.



Integration of QUAN and QUAL Findings

Given that participants in the qualitative study were recruited from an earlier focus group study, their individual pain scores pre-pandemic were available and examined (see Table 4). Specific profiles of narratives offering a deeper understanding of the quantitative pain intensity and global pain status ratings are shown in the joint display in Figure 3. This display highlights the presence of three distinct profiles of individuals who participated in the quantitative study. The profiles were derived using a cross-tabulation using the change in NRS pain score from the first wave of the pandemic compared to their pre-pandemic score, and their global impression of change score related to their pain status since the beginning of the pandemic. The first profile represents individuals who report a worsened pain status on the PGIC and report an increased pain on the NRS-11 from pre- to during the pandemic. The second profile represents individuals who also report a worsened pain status on the PGIC but report a decreased pain on the NRS-11 from pre- to during the pandemic. Last, the third profile represents individuals who report an unchanged or improved pain status on the PGIC while reporting a decreased pain on the NRS-11 from pre- to during the pandemic. No individuals reported an unchanged/improved pain one the PIGC while reporting a deteriorated pain on the NRS-11 from pre- to during the pandemic. Participants in the qualitative study were also categorized based on their NRS-11 scores as having deteriorated or improved/unchanged. Their narrative were analyzed to understand their impression of pain evolution, in order to further our understanding of the quantitative profiles.


[image: Figure 3]
FIGURE 3. Quantitative reports of pain intensity (left graph), pain unpleasantness (middle graph) and pain interference (right graph) scores and global impression in pain status from the quantitative study and citations of qualitative study participants. For each graph, the x-axis represents individuals' global impression of change in pain status. The y-axis represents the difference in pain intensity, unpleasantness or interference scores from T1 minus T0. (A) Pain worsened consistent with a deterioration in the global impression of change in pain status. This was the case for 26 individuals for pain intensity, 18 individuals for pain unpleasantness, and 12 individuals for pain interference. (B) Pain improved but the global impression of change in pain status suggests a general deterioration reflecting other pain/stress-related factors. This was the case for 6 individuals for pain intensity, 14 individuals for pain unpleasantness, and 20 individuals for pain interference. (C) Pain improved and global impression of change in pain status suggests stability or some improvement. This was the case for 7 individuals for pain intensity, 9 individuals for pain unpleasantness, and 13 individuals for pain interference. The qualitative study allowed to identify similar profiles of participants that provide context to those ratings.



Increased Pain Intensity Ratings and Global Impression of Pain Deterioration

As shown in quadrant A in Figure 3, many individuals reported coherent ratings of pain deterioration in the measure of global impression of change combined with increased pain scores, reflecting struggles to adapt to the pandemic in terms of both stress and pain. The intensity of their pain itself increased, and this is to be understood in the context of a global deterioration of their physical condition, well-being, and often social environments.



Decreased Pain Intensity Ratings and Global Impression of Pain Deterioration

As shown in quadrant B in Figure 3, a few participants, despite reporting a decreased pain intensity score from baseline to the first wave of the pandemic, reported that their pain condition had deteriorated. Pain being a biopsychosocial experience, degradation of the psychological and social components of pain negatively impacted individuals' perception of their overall pain condition. For example, the fact that others were less emotionally available, having less access to a social network, increased level of suffering, and uncertainty about the resolution of the turmoil produced by the pandemic were discussed as being embedded in their overall pain experience.



Decreased Pain Intensity Ratings and Unchanged/Improved Global Impression of Change

As shown in quadrant C in Figure 3, approximately one-third of individuals in the quantitative study reported no change or in few instances an improvement of their pain condition and reported decreased pain intensity ratings during the first wave of the pandemic compared to baseline. These individuals tended to have relatively stable life circumstances (e.g., not being in the workforce), living with a partner, having a stable source of income, and having a well-established pain care plan unaffected by the lockdown measures. Adopting an empathic stance toward those affected more directly by the pandemic helped decrease the social threat posed by such novel event and turned the focus away from pain.





DISCUSSION

This research has investigated the experience of pain and stress among individuals living with chronic pain during the COVID-19 pandemic using a mixed methods approach. Several key findings emerged from this research.


Levels of Stress and Pain During the Pandemic

A significant proportion of individuals in this study reported a deterioration of their pain condition during the first wave of the pandemic, in agreement with another Canadian study (10). Results of linear models exploring pain scores over time showed however no change, or slight improvement in the case of pain unpleasantness and pain interference over time. This would be consistent with studies from the United States and Europe which found that most participants reported unchanged pain severity at the beginning of the pandemic (56, 57). One has to be careful when comparing data across countries, given differences in the local state of the pandemic during data collection, strictness of lockdown measures in place, and extent of disruption of the health care system. Nonetheless all studies identified subgroups of individuals who faired relatively well during the pandemic. As documented in another qualitative Canadian study, some individuals perceived an improved quality of life during the pandemic, either because the world had slowed down to a pace that is more compatible with their level of functioning (e.g., decreased requests for social outings) or because they had more time to focus on pain management (58). It is also possible that some individuals with chronic pain have developed a resilience to overcome challenges and obstacles and a flexibility to engage in new or alternative pain management strategies. Psychological flexibility has been identify in another study as an important contributor to individuals with chronic pain' psychological well-being and pain interference during the pandemic (59). The concept of resilience as facilitating adaptation to chronic pain has also been documented in other contexts (60).

Many studies have documented that stress is common (61–65). In the pain literature, while levels of stress are also generally more elevated during the pandemic, there is controversy regarding whether this increased stress leads to worsened pain (66, 67). Not all were equal in the face of stress, however. In the present study, those whose daily routine were disrupted or were in more precarious socioeconomic situations were more likely to face multiple stressors due to the pandemic. This is consistent with a European study that found that levels of economic vulnerability increased one's risk of experiencing anxiety, depression, and stress during the lockdown to control the spread of COVID-19 (68).



Multidimensional Impact of Stress on Pain

Sources of stress were numerous and diverse during the pandemic. For individuals living with chronic pain, this included environmental stressors of the pandemic itself (exposure to the virus, lockdown measures), but also pain-specific stressors (e.g., postponement of medical appointments, decreased help from others) (59, 69). Given individuals' vulnerabilities to stress, social context and pain condition, the impact of the pandemic on their pain journey was heterogeneous (58, 70, 71). Pain appeared to be affected by stress in multiple ways, including overwhelming cognitive load that made it more difficult to engage in pain management, decreased social contexts conducive to pain management, anxiety, fatigue and apathy that decreases one's ability to cope with pain (57). Given the observed heterogeneity in participants' contextual factors (e.g., stability of pain treatments, socioeconomic status, social support), the association between stress during the pandemic and pain outcomes remains complex and multifactorial.



Global Perceived Stress vs. Individual Components of the STUN Framework

Quantitative and qualitative studies identified individual components of the STUN framework associated with participants' experience of the pandemic and its impact on pain. For example, lack of control over and unpredictability of the pandemic and pain dynamics led some participants overwhelmed and feeling vulnerable to the escalation of both stress and pain. For others, focusing on controllable aspects of their day-to-day life seemed to decrease their levels of stress. Perceived control over time was identified in one study as an important factor associated with anxiety and fear of COVID-19 pandemic (72). The unpredictable evolution of the pandemic and its overall stress load were also identified as important determinants of burnout syndromes in different populations, such as healthcare workers (73). Quantitative results, however, suggest that general measures of stress and pain catastrophizing before the pandemic are associated with pain dimensions during the first wave of the pandemic, more so that one's vulnerability to individual components of the STUN model. This might be because the pandemic at is onset disrupts so many aspects of individuals' lives, including work, social relations, health care behaviors, and survival that not one single component will capture all these facets. As individuals learn to live in a pandemic and as specific pandemic-related issues emerge (e.g., polarization of opinions on confinement measures or vaccines), specific characteristics of the STUN model (e.g., social-evaluative threat) would have a larger influence on individuals' experiences.




STRENGTHS AND LIMITATIONS

One important strength of this study is the capture of stress and pain data at baseline, before the beginning of the pandemic. This provided a rare opportunity to explore how stress, pain and their associations evolved during and after a natural world-wide stress exposure. The use of mixed methods also added value to both quantitative and qualitative findings and provided new insights that would not have been possible without data integration. Nonetheless this study also has some limitations. The sample size of the quantitative component is relatively small, but it was not possible to increase sample size once the state of emergency had been declared in Canada due to its influence on baseline stress data. As a result, the number of independent variables examined was limited. The small sample size might have also introduced a selection bias, and limits generalizability of study findings to different chronic pain populations. Participants were recruited from a single province, namely the one reporting the highest number of COVID-19 cases during the first wave of the pandemic. As such, results might not be generalizable to individuals from other provinces or other countries. In addition, the level of education, particularly in the qualitative sample was high and might not reflect the situation of many individuals living with chronic pain. Also, some study questions, such as the Stress Characteristics Questionnaire, do not have published data on their psychometric properties and as a result their validity and reliability have not yet been demonstrated. Finally, both samples had socioeconomic diversity but lacked in ethnic diversity with participants being predominantly White in study 1 and this information was not captured in study 2.



CONCLUSIONS

Multiple sources of stress associated with the COVID-19 pandemic were identified among individuals with chronic pain. While some participants reported little impact of the pandemic on their stress and pain status, most identified significant difficulties in managing pain and stress in this context. For future COVID-19 waves and pandemics, it will be crucial to develop interventions (e.g., individual and/or family programs aimed at optimizing well-being, stress and pain management in the context of shifted routines and roles) and community support (e.g., programs adapted to the specific challenges faced during the pandemic) that are tailored to the needs and physical capacities of individuals living with chronic pain.
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Pain is often characterized as a fundamentally subjective phenomenon; however, all pain assessment reduces the experience to observables, with strengths and limitations. Most evidence about pain derives from observations of pain-related behavior. There has been considerable progress in articulating the properties of behavioral indices of pain; especially, but not exclusively those based on facial expression. An abundant literature shows that a limited subset of facial actions, with homologs in several non-human species, encode pain intensity across the lifespan. Unfortunately, acquiring such measures remains prohibitively impractical in many settings because it requires trained human observers and is laborious. The advent of the field of affective computing, which applies computer vision and machine learning (CVML) techniques to the recognition of behavior, raised the prospect that advanced technology might overcome some of the constraints limiting behavioral pain assessment in clinical and research settings. Studies have shown that it is indeed possible, through CVML, to develop systems that track facial expressions of pain. There has since been an explosion of research testing models for automated pain assessment. More recently, researchers have explored the feasibility of multimodal measurement of pain-related behaviors. Commercial products that purport to enable automatic, real-time measurement of pain expression have also appeared. Though progress has been made, this field remains in its infancy and there is risk of overpromising on what can be delivered. Insufficient adherence to conventional principles for developing valid measures and drawing appropriate generalizations to identifiable populations could lead to scientifically dubious and clinically risky claims. There is a particular need for the development of databases containing samples from various settings in which pain may or may not occur, meticulously annotated according to standards that would permit sharing, subject to international privacy standards. Researchers and users need to be sensitive to the limitations of the technology (for e.g., the potential reification of biases that are irrelevant to the assessment of pain) and its potentially problematic social implications.
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INTRODUCTION

The International Association for the Study of Pain's recent revision to the definition of pain [“an unpleasant sensory and emotional experience associated with, or resembling that associated with, actual or potential tissue damage;” (1)] added several contextualizing notes. First, pain is “always a personal experience, influenced…by personal, psychological, and social factors.” Second, “a person's report of an experience as pain should be respected.” Lastly, verbal description is only one of several behaviors to express pain.” The first and second recognize that the experience of pain is subjective and falls into the category of phenomena we call “feelings.” The second addresses the common temptation, when a phenomenon is subjective, to be skeptical about its reality or its potential to be interrogated scientifically. The third recognizes that evidence about pain exists in various types of behavior. While we can acknowledge that there is much in the experience of pain that is unique and individual, if we are interested in advancing understanding of pain, either from a purely scientific point of view or for utilitarian purposes of management and control, then we must achieve some consensus on the evidence we use to infer its presence and properties.

The experience of pain cannot be directly measured. Instead, there are two general categories of pain indicators. One consists of changes in the body, especially but not limited to the central nervous system, that are believed to mark and quantify pain and that can be measured more-or-less directly by some form of instrumentation. The other consists of behavior. The vast majority of pain indicators, including verbal descriptions, fall into this category. Other behavioral pain indicators include instrumental acts, such as withdrawal or avoidance and expressive acts, such as vocalizations or grimacing.

In recent years advances in technology, accompanied by expanding analytic tools in the area of computer vision and machine learning (CVML), have been applied to some behavioral pain indicators in efforts to improve on them for both scientific and practical reasons. Until recently, most progress has been made toward automatic assessment of facial expression of pain (2, 3). Although in everyday pain experience we encounter associations between body movement and pain, the communicative functions of body movements in relation to pain have been fairly unexplored in automatic pain assessment. Notable exceptions are to be found in the work of Aung et al. [(4), see also Egede et al. (5)] who found association between pain and certain bodily protective behaviors, such as guarding/stiffness and bracing/support.

In this article, we describe the advent of such approaches, as they relate to facial expressions of pain, beginning with the behavioral roots that gave rise to them. We articulate the prospects foreseen for such approaches, then describe early progress in the form of “demonstrations of concept.” We then go on to summarize key developments and address emergent applications of the work, including the development of commercial products. In the course of this narrative, we highlight emergent problems that, we believe, should qualify enthusiasm about the field.



VERBAL ASSESSMENT OF PAIN

While it is possible to gain insight about a subjective process, that insight often comes indirectly—by operationalizing it in the form of a measure. In the field of pain, operationalized verbal reports have become a standard—indeed it is common to see verbal report referred to as the “gold standard.” Verbal reports of pain can be obtained about different dimensions but pain intensity is overwhelmingly the most frequently assessed. The widely used visual analog scale (VAS), in which the respondent marks a spot on a line of finite length to characterize their pain, is a variation on verbal report. In clinical and population-based studies, verbal descriptor or VAS scales are commonly used to characterize certain pain states or as outcome measures in studies of interventions. The 0–10 numeric rating scale was advocated for and implemented widely in health-care settings as a fifth vital sign.


Limitations of Verbal Assessment of Pain

The fact that verbal report techniques are used ubiquitously is a testament to their utility. However, concerns about their potential shortcomings are common. One concern is epistemological, reflecting an underlying belief that scientific inquiry should be based in measurements of things that are objectively observable. But there are others. For one, verbal reports bear an uncertain relation to the underlying experience. They can be shown to behave in a way that should coarsely correspond to an underlying pain state, such as when people use lower numbers or words reflecting lesser pain to describe their pain after being administered a known analgesic. However, when a patient with low back pain who initially gave a rating of 8 to their pain now gives a rating of 4 after a rehabilitation program does that mean they are in half as much pain? In the historical debates about pain measurement, this issue was at the center of several attempts to develop psychophysical techniques with ratio-scale properties (6–8).

Even if it can be shown that verbal ratings vary according to expectations in experimental and clinical studies, it is not possible to be certain that all individuals use the scales in the same way. Some people are more sensitive to variations in the experience and more precise reporters than others. Williams et al. (9), for example, reported a lack of concordance between patients and consistency within patients in their use of visual analog and numeric rating scales as they actively interpreted the meaning of their experiences.

Often, variations in the operationalization reveal inconsistencies in the characterization. When different techniques are used to assess the painfulness of the same level of nociceptive stimulation in experimental studies, or the same patient at the same time in clinical studies, the evaluations are often incommensurate. For example, in one of our recent studies, participants were asked first to rate cold pressor pain using a VAS. Then, at the end of the study, they were asked to rate the maximum pain using the pain intensity rating (PIR) of the McGill Pain Questionnaire. Participants who gave the maximum pain rating according to the VAS—a rating corresponding to “worst pain imaginable” frequently gave a PIR rating implying pain of considerably lower intensity.

One of the most well-known features of verbal reports is their extraordinary malleability. This property has been known for a long time, featuring in Beecher's (10) classic Measurement of Subjective Responses in the form, among other things, of the placebo effect. Craig's early studies of the social modeling effect [e.g., (11)], showed that exposure to tolerant or intolerant social models could make participants rate electric shocks less or more painful, respectively. Such malleability may, of course, simply exemplify that pain is an extremely plastic phenomenon. On the other hand, recognizing that verbal report is under exquisite control of the perceiver raises concern whether what is being measured is instead the response to personal or social expectations embedded in the conditions of observation such as expectancy effects or demand characteristics, independent of any true effect on the pain experience itself. One example of the concern arose in studies of hypnosis that made use of the “hidden observer” technique (12). Participants under hypnosis were given suggestions that they would experience an analgesic state. They then rated the painfulness of cold in the cold-pressor test. Participants were also told that under hypnosis they would have access to the experience of their hidden observer—a part of them that would experience the pain as it was—and that they were to give the ratings of the hidden observer after they rated their own pain under hypnotic analgesia. The studies showed a dissociation between the ratings of the hypnotized subject and the same subject's hidden observer Spanos and Hewitt (13), however found that the hidden observer's ratings could be easily diverted by manipulations of what the participant expected that the researcher expected.

Similarly, self-presentation biases are likely to come into play and distort controlled verbal reports in a species as socially responsive as humans. A common self-presentation bias in the pain context is stoicism. When self-report is the criterion, studies (both clinical and experimental) routinely find, for example, that men report lower pain than women (14). It is, of course, possible that this reflects a true difference in pain sensitivity between the sexes, but there is an obvious socialization difference in which masculinity is equated with enduring pain that can also account for the difference.

A final shortcoming of verbal report in studies of pain is that there are important instances in which verbal reports cannot be obtained because the respondent is incapable of using words to describe their pain (for example, preverbal infants, people with profound verbal communication impairments and non-human animals), or people who, though capable of communicating verbally, are impaired in the ability to communicate reliably about pain (such as in types of dementia).




PHYSIOLOGICAL ASSESSMENT OF PAIN

There is a substantial history of search for alternatives to self-report. A diversity of physiological measures has been promoted over the years, including measures of autonomic responses such as electrodermal activity (15), oxygen saturation (16), heart-rate variability (17), and evoked potentials (18). With the advent of neuroimaging procedures measures of regional cerebral bloodflow have become ubiquitous in pain studies. Some have been promoted as true “central registers” of the pain experience, but none are widely recognized as such (19).


Limitations of Physiological Assessment of Pain

A physiological measure of pain has been a kind of “holy grail” among some researchers and clinicians. Physiological variables such as those noted are routinely deployed in both basic and clinical studies but have not achieved consensual status as measures of pain outcomes. Some, such as electrodermal activity or heart-rate variability, serve as indices of processes that are affected by pain, such as autonomic arousal. As measures of pain, they are sometimes overly responsive and therefore poorly discriminating of variations in pain states, sometimes insufficiently responsive and therefore also poorly discriminating, and sometimes covary with other affect states with which pain is correlated, such as fear. Neuroimaging procedures have identified various brain regions in which activation varies in accordance with other evidence of pain; however, they are distributed across networks in a manner that does not lend itself to simple interpretation as pain indicators. Most physiological assessment techniques are at least modestly invasive, involving special instrumentation and sometimes highly specialized laboratory environments and therefore do not lend themselves to study in ecologically normative conditions.




PAIN ASSESSMENT BASED ON FINE-GRAINED FACIAL OBSERVATION

The insight that behavior is fundamental to the understanding of pain gained currency with the development of behavioral approaches to pain management. As Fordyce (20) observed, a person has to do something for it to be known that they are in pain. The early behavioral approach was based in the learning theory of the day but did not make nuanced distinctions about the properties of pain-related behaviors that varied by topography.

The model brought an emphasis on observation and precise definition and assessment of behaviors that, curiously, dovetailed with the concerns of students of emotion.

The study of emotion had venerable roots in the work of Charles Darwin. In The expression of the emotions in man and animals, Darwin (21) argued that emotions are phylogenetically shared with other species. He described how various affective states, including pain, are represented in specific behavioral topographies, especially but not exclusively facial expression.

Interest in the role of the face in communication of affect revived in the late 1960's, reflecting in part the influence of studies supporting the idea that facial expressions of certain emotions are universal across human cultures (22). Subsequent refinements in methods for studying facial expressions laid the foundation for examining their role in communicating information about pain.

In 1978, Ekman and Friesen published the Facial Action Coding System (FACS). This is a system for deconstructing any facial movement into its constituent actions based on the changes that appear when an individual muscle or combination of muscles are activated. Observers trained to FACS proficiency then view facial expressions and describe their constituent actions in terms of 44 action units (AUs) or action descriptors (ADs). Most AUs can be described in terms of their intensity. Intensity coding for most AUs is on a 6-point A—E scale, where a code of A is assigned to a trace of an action, B to an action that meets minimum requirements for the action, E to an action that is as strong as it could be, and codes in between refer to gradations between meeting the minimum requirements and maximum intensity (note that, in quantitative analyses the alpha codes are transformed to numbers between 1 and 5; if the action has not occurred a code of 0 is assigned as default).

The system is thus anatomically based, atheoretical, and relatively objective (“relatively” because inferences are still involved; for example, when rating intensity). It is manualized such that, with intensive study, an observer can learn the system within about 100 h. Data quality when performed by observers who have established proficiency in the system by passing a proficiency test, is generally sufficient to meet conventional reliability standards and the system is generally considered to be the “gold standard” for assessing facial action.

The FACS has been applied extensively in studies to characterize the appearance of the face when a person is in pain. A systematic review of 37 studies (23) reported that, for both experimental and clinical pain, a subset of facial actions reliably discriminates between pain and no-pain conditions. These are: brow lowering (FACS AU 4), orbit tightening (AUs 6 or 7), levator tightening (AUs 9 or 10), and mouth opening (AUs 25, 26, or 27). Eyelid closing (AU 43) also consistently discriminates between pain and no pain in studies of clinical pain. The same actions discriminated pain from no pain independent of the participants' cognitive status (impaired vs. unimpaired).

Systems resembling FACS have been developed for studies of pain in children. The two systems that have been applied most widely are the Neonatal Facial Coding System [NFCS; (24)] and the Child Facial Coding System [CFCS; (25)]. Rather than being defined by the underlying facial musculature of the constituent actions, NFCS and CFCS codes are based on appearance changes. In both neonates and young children, the codes that have been found most consistently to discriminate pain from no pain conditions are homologous to the codes that distinguish pain from no pain conditions in adults, including seniors; namely, brow bulge (NFCS)/brow lower (CFCS), eye squeeze (both systems), nasolabial furrow /nose wrinkle (NFCS), nasolabial furrow, upper lip raiser (CFCS) (26). Various other facial actions have been associated with pain in neonates and children. Nevertheless, the smaller “core” subset appears with remarkable consistency across types of pain and the human life-span, including among the aged. There is also a noteworthy similarity with the facial actions reported to be associated with pain in non-human animals that have been studied to date [e.g., (27)].


Limitations of Fine-Grained Facial Observation of Pain

Somewhat remarkably, despite the substantial scientific literature documenting the properties of facial expressions of pain, the work has had little application in basic science or clinical studies of pain. The simple reason for this is that objective description of facial action by FACS or similar systems is burdensome. FACS is implemented by human observers who require training to render assessments that are sufficiently reliable for scientific purposes. Implementing FACS in scientific or clinical studies cannot be done practically in real-time because coding requires multiple observations of behavioral samples to identify the separate actions of separate muscle groups. Ordinarily it requires slow-motion and stop-action to settle on a final set of codes. This makes the coding process lengthy–a final code from a sample of behavior is typically estimated to require a coding time: real time ratio of around 100:1. Conducting studies with requisite numbers of participants and observations quickly becomes arduous and, for human observers, oppressive. Realistic application in clinical settings is impractical. Although some work has aimed at reducing training and coding time by focusing on only facial actions that have been empirically associated with pain (28), even modified procedures are problematically time-consuming. Further, the measurement rendered by human observers is insufficiently granular and continuous to render certain kinds of information that could provide the insights into pain processing that the face may be capable of; for example, temporal information about the onset and decay of certain facial actions that may be informative about such issues as the relative reflexivity or conscious modulation of the sufferer.

For these reasons, since the inception of fine-grained systems for measuring facial action, there has been an underlying question whether advances in information technology could render a technique as reliable and valid as facial coding by trained observers that would reduce the burden of observation, that would not be subject to human observers' susceptibility to fatigue and error, that might be more sensitive and better able to represent dynamic changes. Development of the field of affective computing appeared to address this prospect.




TOWARD AUTOMATED ASSESSMENT OF PAIN FROM NON-VERBAL BEHAVIOR

Affective computing has been defined as “computing that relates to, arises from, and deliberately influences emotion” (29, 30). It subsumes a wide range of topics and applications, one of which is the measurement and modeling of affective processes. Affective processes like pain have behavioral markers, including but not limited to facial expressions, that can be captured and stored by technology. Decoding their messages is a kind of pattern recognition. Advances in computer and data science enabled by the development of neural nets and machine learning, which had proved to be successful modeling pattern recognition, appeared to offer a technological solution to the burden associated with decoding facial expressions. Further potential benefits, such as rapid processing and the ability to render more precise information about movement dynamics than can be effectively obtained from human observers, appeared possible.

Some of the earliest demonstrations of the feasibility of such automated analysis of facial expression appeared in work by Bartlett et al. (31) and Cohn et al. (32). Bartlett et al. obtained images of FACS upper-face AUs varying in intensity from 20 people. Processed by a two-layer neural network, a hybrid classification system combining holistic spatial analysis, facial feature measurement, and analysis of motion flow fields was able to correctly classify 92% of the six facial actions [of which three (AUs 4, 6, 7) had been implicated in studies of pain], outperformed naïve human judges, and approximated the performance of human experts. Cohn et al. used video frames of 15 FACS AUs or AU combinations as training stimuli. After alignment, facial landmarks were marked and then automatically tracked using an algorithm to estimate optical flow across images. minant function analysis produced 92% or higher agreement with the classifications of a human coder in a training set and between 81 and 91% (depending on facial region) in a cross-validation set. These studies strongly suggested that advances in computer vision methods combined with advanced statistical analysis could, in principle, make automated analysis of facial expression possible.

The advent of techniques to automatically measure facial expressions naturally stimulated interest in extending the technology to the measurement of facial expressions of pain. Effective automated assessment held promise to overcome barriers to more widespread scientific and practical applications of facial expression measurement. In principle, it could reduce or eliminate the need for human coders thereby managing the problem of observer burden. Once tested sufficiently and validated, an automated system could potentially be more reliable than measurement by human observation because it could reduce variability and human error. Early work on automating measurement of human emotional expressions began to reveal properties of facial action that had been impractical to study. For example, using an automated facial analysis technique, Ambadar et al. (33) showed that different categories of smiling (polite, amused, embarrassed) differed in terms of velocity, duration, and association with head movements. From a scientific perspective, the prospect of an automated system opened the tantalizing possibility of measuring momentary dynamic changes in pain-related facial expressions to draw similar inferences about its meaning and underlying determinants. From a practical perspective, an automatic, objective, reliable, and efficient assay of the occurrence and intensity of pain could improve clinical pain assessment, allowing health-care personnel to provide better treatment to patients, with little to no increase in cost (2). It could also support pharmaceutical therapies by providing an objective quantitative tool for evaluating the efficacy of current and new analgesics and serve as an objective complement to self-reported pain measures in clinical trials of drug or device interventions to reduce pain.


Methodological Foundations

To learn the association between pain occurrence or intensity and facial behavior, recordings of participants responding to painful conditions are needed in order to train and test classifiers. Samples of sufficient size to estimate training parameters and perform validation analyses are necessary. The number of participants should be motivated by two factors. One is the number needed to achieve saturation in the performance of the predictive models (i.e., automatic classifiers). The other is the number needed to enable sufficient power in the statistical models for quantifying the contribution of the used variables in the predictive models. For instance, in prior work on a related problem (training automated classifiers for facial action units), it was found that automatic classifier performance saturates at about 60 participants in the training set (34). With 25 participants in the UNBC-McMaster Shoulder Pain Expression Archive Database, the number of available participants is far lower than that minimum number needed. Additionally, independent criteria for establishing the absence, presence, or intensity of pain (i.e., “ground truth”) must be present. Although they have not been as widely tested in pain studies, ground truth in automated pain assessment has mostly been derived from annotations by expert observers (using FACS or a variant of FACS) of video recordings of facial expression of pain. However, there must be sampling in conditions in which it is reasonable to assume that pain has occurred (such as during a clinical test, or during exposure to artificially induced painful conditions, such as noxious heat), and in conditions when pain is unlikely. As an alternative or supplement, judgment studies can be performed in which observers (who might vary in expertise) rate recordings on an appropriate scale of pain intensity. Another alternative that has only recently come to be explored is the subjective judgments of participants undergoing the potentially painful procedure. Finally, known conditions can serve as ground truth, such as when, in one experimental condition, a participant is exposed to a stimulus known to cause pain and in another, they are not. If ground truth is based on annotations or ratings by human observers, they must also meet criteria for acceptable reliability. Meeting the aforementioned criteria is a challenging task but has been achieved by several groups [(35–39)].

Because of the power requirements of machine learning and classification procedures, there is an issue related to the density and precision of annotations. Analyses are based on the recordings made in the aforementioned clinical or experimental conditions. A behavioral sample can be annotated at the level of the overall sequence using a single observation or a summary, which yields one measure per sequence. Alternatively, depending on the annotation method, it can be annotated at the level of the individual frame. Whereas, annotation at the level of the frame provides considerable amounts of data for training and validation purposes, annotation at the level of the sequence provides but one per participant and condition, with obvious implications for sampling in the pain recording phase of any study. In either case, but more particularly for studies in which annotation is frame-by-frame, at least in data collected to date, the distribution of pain intensities is problematic, with there usually being a much higher number of frames in which annotations suggest no pain than pain, with implications for training models.

In part because of the resources required to meet the forgoing criteria, but also because experimentation with different CVML methods benefits from comparison and calibration against extant work, databases that can be shared for model testing are desirable. The UNBC-McMaster Shoulder Pain Expression Archive Database [(40, 41)] was the first to address this need. The archive contains video recordings of people with shoulder pain taken during active abduction, flexion, internal and external rotation of their affected and unaffected shoulders (41). It comprises 200 video sequences from 25 different participants (66% female). For each sequence, the distribution includes 66 Active Appearance Model (AAM) tracked landmarks (fiducial points around the eyes, eyebrows, and mouth) at the frame level and per-frame and per-video pain score annotations. Expert labeled FACS codes were scored using a 0–5 ranking of the intensity of the facial actions in most cases. Intercoder agreement as calculated by the Ekman–Friesen formula (42) was 0.95. the participants' self-reported pain intensity and an independent observer's ratings of pain intensity (OPI) were annotated at the sequence level. Offline observer ratings were performed on a 6-point Likert-type scale that ranged from 0 (no pain) to 5 (strong pain). To assess inter-observer reliability of the OPI pain ratings, a second rater independently rated 210 randomly selected videos. The Pearson correlation between the observers' OPIs was 0.80, which represents high inter-observer reliability.

Since being made available to qualified researchers, the Pain Archive has been the most widely used dataset for exploring automatic pain assessment from facial expression, accounting for approximately 41% of the literature published in this field according to a 2019 systematic review (3).

A smaller number of studies (43–49) have made use of BioVid (50), a heat pain database. BioVid contains recordings of 87 people exposed to four intensities of experimental heat pain and a no pain baseline. Each intensity (including no pain) was presented 20 times in a random sequence. Each video excerpt has a duration of 5.5 s. Unlike the UNBC-McMaster Shoulder Pain Expression Archive Database, ground truth is based on stimulus intensity, rather than a measure of pain expression.

A third database, EmoPain (4) contains recordings from 22 adults with low back pain. The recordings were taken while the patients engaged in movements resembling common therapeutic tasks for back pain patients. Data streams include audio recordings, 3D motion capture, and electromyographic recordings from the paraspinal muscles in addition to facial expression. Measures available for ground truth include patient pain and anxiety ratings, and offline observer ratings using a joystick method. EmoPain has not yet been publicly released as had been planned.



Proof-of-Concept Studies

One of the earliest efforts to develop an automated system for measuring pain expression appeared in Ashraf et al. (51). The authors employed recordings from the UNBC-McMaster Shoulder Pain Expression Archive Database of shoulder-pain patients described above. They had been quantified at the level of the individual video frame by a FACS-based index of expressive intensity, dubbed the Prkachin Solomon Pain Index [PSPI; (41, 52)], and consisting of the summed scores of AUs that have consistently been associated with pain in observational studies. After transformations to optimize registration of the face, support vector machines (SVMs) were trained to classify full sequences or individual frames as showing pain or no pain. The best combination of representations resulted in hit rates of 77 and 82% for sequence level and frame-level classification, respectively, and false acceptance rates of 44 and 30%, showing that it was possible to obtain reasonable differentiation of pain from no pain states when evaluated with respect to the ground truth of direct facial measurement by trained observers. Unsurprisingly, the more granular frame-level approach provided better performance. Figure 1 displays performance of both approaches for a representative participant.


[image: Figure 1]
FIGURE 1. SVM scores for sequence- and frame-level ground truth. The upper pictorial representations (A) are the video frames corresponding with the crosses on the respective SVM score plots (B) below. Reprinted with permission from Ashraf et al. (51).


In another early study of automatic pain detection, Littlewort et al. (36) employed a system for automatic detection of FACS AUs to examine facial changes during exposure to experimental pain produced by immersion of the arm in ice-water and to compare those changes with actions performed when participants pretended to be in pain. Genuine pain was associated with increases in six automatically detected representations of AUs previously associated with cold-pressor pain in studies using human observers. “Faked” pain was associated with 11 automatically coded actions. In a subsequent machine learning phase, automated facial action parameters were processed via a Gaussian SVM in an attempt to discriminate genuine from faked pain. The resultant 2-alternative forced-choice percent correct value of 88% substantially exceeded the performance of naïve human observers at 49%.

Lucey et al. (53), also using the UNBC-McMaster Shoulder Pain Expression Archive Database, applied a system combining Active Appearance Models (AAMs) for tracking face shape and appearance, input to SVM's for pain and AU classification at the level of the individual video frame. Ground truth consisted of expert-coded FACS AUs, including, but not limited to the PSPI. In a test of the system for directly classifying pain (i.e., predicting a PSPI score of >0) the Receiver-Operating-Characteristic (ROC) based A' metric yielded a score of 0.75, indicating performance substantially greater than chance. An indirect classification system, predicting pain from an alternative set of individual FACS AUs that excluded two components of the PSPI and included AU12, performed slightly better, achieving an A' score of 0.77, relative to 0.78 for the PSPI. Building upon those results, Lucey et al. (54) again used a combination of AAM/SVM representations to derive parameters of similarity normalized points (SPTS) and canonical normalized appearance (CAPP). These were trained to detect individual AUs and the PSPI metric. SPTS and CAPP solutions were then used individually and in combination to evaluate performance. With some exceptions, the individual representations performed reasonably at both AU detection and overall PSPI prediction. Combining both parameters yielded an A' value of 0.84 at predicting the PSPI index.

Hammal and Kunz (55) proposed a hybrid machine learning approach to classifying spontaneous expressions of experimental pain, based on the Transferable Belief Model. The model was based on the dynamic fusion of appearance features around the wrinkle areas (the deepening of transient facial features). Video sequences of participants responding to painful or non-painful heat stimulation were classified in a 2-alternative forced-choice paradigm, achieving a correct classification rate of 81.2%. A test of the ability of the system to correctly discriminate among pain, posed expressions of six basic emotions, and neutral expressions (an 8-alternative forced choice) achieved a correct classification rate of 84.5%. Automatic classification outperformed untrained human observers. Importantly, these findings demonstrated the feasibility of automatically differentiating pain from other emotional expressions. Unlike approaches that rely exclusively on static information from video recordings, the model incorporated temporal changes in features, thus more closely approximating the perceptual processes of human observers.

Most approaches to pain detection seek to determine only whether pain is present or absent. Hammal and Cohn (56), extended previous efforts by attempting to classify pain intensity (as opposed to presence). Using the UNBC-McMaster Shoulder Pain Expression Archive Database, they defined four pain intensity scores from the PSPI metric: none (PSPI = 0), trace (PSPI = 1), weak (PSPI = 2), and strong (PSPI > = 3). For each video frame, AAMs were first used to track and register rigid and non-rigid face motion. Based on this information, the canonical appearance of the face (CAPP) was extracted for each frame. CAPP features were then rescaled to 96 × 96 pixels and passed through a set of Log-Normal filters of 7 frequencies and 15 orientations. The extracted spatial face representation was then aligned as a vector of 9,216 features and used by four SVMs trained separately to measure the four pain intensity levels. Results showed fair-to-good classification of the intensity levels, depending on the classification accuracy metric and method of validation between training and testing data, with moderate-to-high consistency between automated measurement and the original PSPI metric. Several other researchers have described effective CVML methods for assessing pain intensity from facial expression [(45, 47, 57–62)]. In short, the data suggest that automated assessment of expressed pain intensity is feasible.

These early efforts provided an initial proof-of-concept that the occurrence of pain can be automatically measured from the face. There have since been scores of studies supporting the concept [see Werner et al. (3) for a survey of work to 2019].



Applications in Specific Populations

Interest in evaluating pain by assessment of non-verbal expression has been driven to a significant extent by clinical concerns; in particular, the fact that large cohorts of people cannot report on their pain because of verbal communication deficits. These include infants and young children and people with neurological impairments, especially dementias. There are extensive literatures describing validated techniques for assessing pain via facial expression and other types of non-verbal behavior in neonates and young children (63) and in dementia (64). Many suffer from the same problem of burden associated with observational techniques described above; consequently, there has been a similar interest in development of automated measures for these populations.


Automated Assessment of Pain in Infants and Children

There have been several efforts to develop automated systems for assessing pain in infants and children (65). Most have made use of a publicly available resource, the Classification of Pain Expressions (COPE) database (66). The database consists of 200 still photographs taken of neonates during five conditions, one of which was undergoing blood sampling by lancing of the heel. In an initial study, 88% correct classification in distinguishing the response to heel lancing from pain from rest, crying, air-puff, and friction conditions was achieved with a SVM approach. In a later study, using techniques based on processing of image textures and SVM's, an Area-Under-the-Curve ROC value of 0.93 was obtained discriminating pain from non-pain conditions.

With recordings obtained from neonates undergoing heel-lancing, Zamzmi et al. (67) extracted optical flow strain measures to train a K-nearest neighbor classifier, achieving 96% correct classification distinguishing pain from no pain, as evaluated against the ground-truth of nurses' ratings on an infant pain scale incorporating assessments of facial expression, among other behaviors.

Sikka et al. (37) studied children, aged 5 to 15, during different phases of treatment for appendicitis. An automated procedure—the computer expression recognition toolbox (68)—was used to detect FACS AUs, which were then used in logistic regression to classify pain, achieving Area-Under-the-Curve values of 0.84–0.94 predicting pain.



Automated Assessment of Pain in Aging and Dementia

Kunz et al. (69), using FACS, showed that facial pain expressions were able to document pain among patients with dementia who could not articulate valid verbal pain ratings and that patients with dementia showed a greater pain reaction than controls. As with other applications of behavioral measurement, this knowledge has been slow to affect clinical practice because of the measurement burden problem highlighted above. This has motivated the pursuit of automated systems for evaluating pain expression in dementia.

Progress in this pursuit has recently been documented by Rezaei et al. (70). Using video recordings taken from the UNBC-McMaster Shoulder Pain Expression Archive Database and a new dataset of elderly people with and without dementia undergoing potentially painful physiotherapy maneuvers a computer vision model of fully automated detection of pain expression was developed and evaluated. The model attempted to approximate the perceptual processes of human observers, who take into account temporal changes in expression by pairing target frames and reference frames. The best performing models, when evaluated against a pain/no pain decision based on the PSPI metric, yielded Area Under the Curve values of 0.86, and 0.85 for per-frame detection of people with dementia and those without, respectively. This supports the feasibility of automatically detecting pain-related facial actions in this verbal-communication-impaired population and is all-the-more remarkable when considering the subtlety of the actions evaluated and the presence of perturbing conditions, such as body motion out of plane and variations in lighting.




Automatic Detection of Self-Reported Pain

The bulk of this work has focused on modeling pain as represented in facial expression. More recently, however, some researchers have attempted to model other pain parameters, including sufferers' self-reports. To date, four studies have investigated automatic assessment of self-reports of pain, using video from the UNBC-McMaster Shoulder Pain Expression Archive Database. Lopez-Martinez et al. (45) proposed a two-step learning approach to estimate pain intensity as self-reported on a VAS. The approach began with a Recurrent Neural Network to automatically estimate PSPI scores at the level of individual video frames. The estimated scores were then fed into personalized Hidden Conditional Random Fields, used to estimate the self-reported VAS pain scores at the sequence level. To account for individual differences in facial expressiveness, an individual facial expressiveness score (the ratio of an independent observer's pain intensity rating) to the VAS was introduced.

A limitation of the foregoing technique is that it required retraining on previously acquired VAS ratings and thus could not generalize to previously unseen participants. To overcome this limitation, Liu et al. (59) employed another set of predefined personalized features (i.e., age, gender, complexion) to automatically estimate self-reported VAS ratings. The authors combined facial shape with these features to train an end-to-end combination of Neural Network and Gaussian Regression model (named DeepFaceLIFT), for VAS pain intensity measurement from video.

Szczapa et al. (61), proposed a video-based measurement of pain intensity scores using the dynamics of facial movement. Gram matrices formulation was used for facial point trajectory representations on the Riemannian manifold of symmetric positive semi-definite matrices of fixed rank. Curve fitting and temporal alignment were then used to smooth the extracted trajectories. A Support Vector Regression model was then trained to encode the extracted trajectories into ten pain intensity levels consistent with the VAS pain intensity measurement.

Erekat et al. (57) proposed a spatio-temporal Convolutional Neural Network–Recurrent Neural Network (CNN-RNN) model for automatic measurement of self-reported pain and observed pain intensity, respectively. The authors proposed a new loss function that explored the added value of combining different self-reported pain scales in order to improve the reliability of pain intensity assessment. Using an automatic spatio-temporal architecture, their results showed that enhancing the consistency between different self-reported pain intensity scores enhances self-reported pain estimation.




LIMITATIONS, CONSTRAINTS, AND PERILS OF AUTOMATED ASSESSMENT OF PAIN

Progress toward automated analysis of pain in the past decade has been steady; nevertheless, the field is still in early development. It is a prudent time to consider some of the limitations of the approaches developed so far and problems that further studies will have to acknowledge or confront.


Alternatives for Ground Truth

Most efforts for automatic assessment of facial expression of pain have focused on frame-level pain intensity measurement such as the FACS-based PSPI metric. The emphasis on frame level scores, from static images or a subset of images, is consistent with approaches to objective AU detection more generally.

An alternative, simpler, approach to assessing facial expression in pain is the judgment study. Using this technique, raters, who may be naïve or could have varying levels of sophistication (e.g., being trained to recognize FACS AUs or having clinical experience with pain), view recordings of subjects who may be in pain and evaluate how much pain they appear to be in by using some kind of rating scale. The number of raters can be adjusted to meet a target reliability criterion for averaged ratings (e.g., intraclass correlation ≥ 0.80) (71). The obtained aggregate scores can then be used as the ground truth of pain intensity score. The judgment study approach is more suitable to evaluating pain intensity at the sequence level because frame-level evaluation is beyond human resolving capacity. It is possible, however, that paradigms that combine slow-motion replay with use of a dial/joystick manipulandum could capture temporal changes in pain action with sufficient reliability and sensitivity to render meaningful measurement. Considering their greater simplicity and reduced burden, it is somewhat surprising that judgment study approaches have not been employed to a greater extent in studies of automated pain assessment. Indeed, because they are based on a holistic analysis that does not assume independence of an expression's component actions and probably represent human perceptual processing more realistically, they likely have advantages over measurement of specific facial actions.



Generalizability

With few exceptions [e.g., (37)], previous efforts in automatic assessment of pain have focused on a single type of pain [shoulder pain, controlled heat; (3, 72)]. Pain comes in a variety of types, differing by modality (heat, electric, chemical), site, nature (clinical vs. artificial), and history (acute vs. chronic) that may produce different behavioral responses both within and across modalities. Given the variety of pain experiences, a variety of procedures, both experimental and observational, participants, and sensors are needed (72). The models and solutions that have shown promise for automatic detection are based on limited sampling. There is considerable evidence from direct facial measurement studies that facial expressions of pain involve a common core of actions (23, 52), but recent findings indicate that those actions come in different clusters (73, 74). This points to a need to collect further databases that sample a broader range of pain types as a way to assess the generality and generalizability of extant and novel models and solutions.

An important related need is to test approaches individually and in head-to-head comparisons across multiple databases. No studies have explicitly trained and tested classifiers on different databases in order to evaluate generalizability of automatic pain assessment across databases. Unless generalizability between separate databases is examined, it remains unknown whether methods developed in one database would be valid in others.

Care needs to be taken to address other issues of generalizability as well. Three crucial dimensions that need to be taken into account are “race,” gender, and ethnicity (75). There is an ample literature showing that, apart from facial actions, skin color coding for race has a significant effect on how pain in others is judged (76, 77), and equally abundant literatures showing that race and sex affect pain treatment and outcomes (78, 79). With the exception of the non-publicly available database collected by Sikka et al. (37) demographic information is incomplete or lacking in many instances. In future research, it will be important to systematically collect participants' demographic information to investigate the variance/invariance of pain experience and measurement in order to provide a more comprehensive assessment of pain occurrence and intensity.



Bias

There is recent evidence that algorithms arising from deep-learning approaches to processing the face perform differently as a function of race and sex (for example at facial recognition), sometimes to a considerable degree (80). Likely a consequence of the fact that the datasets used for training largely sample unrepresentatively; i.e., from young, light-skinned, male populations, increasing awareness of the existence and implications of algorithms that are biased raises serious concerns about issues of fairness. The issue has become of sufficient general concern to lead to calls to ban certain applications of artificial intelligence, including work on mental health diagnosis and detection of deception (81).

That the issue of biased behavior of algorithms likely applies to detection of pain was demonstrated by Taati et al. (82), who compared the performance of currently available facial landmark and facial action unit detection algorithms on a dataset consisting of facial expressions showing various degrees of pain in a population of older people with dementia and older people living independently. Ground truth was landmark identification and facial action unit coding by human experts. Performance of the pre-trained algorithms at landmark detection was significantly better for independent-living seniors than for those with dementia. Retraining the algorithms with representative examples of faces of independent-living and seniors with dementia was able to improve performance significantly. With respect to detecting facial action units by available pre-trained algorithms, there was no difference between independent-living seniors and those with dementia, possibly because the algorithms performed poorly in general. The results emphasize the importance of sampling broadly and representatively with respect to subject group and type of pain and highlight the need for extreme caution against overgeneralizing about what the results of automated analysis show, particularly as the field moves inexorably toward implementation in clinical settings.



Fully Automatic Multimodal Pain Assessment

By far, most efforts at automatic analysis of pain have focused on the face. However, pain produces multiple behavioral responses (e.g., facial expressions, head and body movements, vocalizations) both within and across modalities. Various observational systems have been developed for quantifying other behaviors indicative of pain. Some are generic and can be applied or adapted to different types of pain [e.g., (83, 84)]; others have been developed for specific purposes or populations [e.g., the Pain Assessment Checklist for Seniors with Limited Ability to Communicate; (85); the Pain Assessment in Advanced Dementia scale; (86)]. In physical medicine and rehabilitation, body language is an important behavioral index of pain in patients with moderate to severe cognitive impairments, and those who have difficulty communicating verbally (87). Non-verbal (e.g., screaming, sounds of distress) and verbal (e.g., “ouch,” “owie”) pain vocalizations have proven clinically useful for pain detection in young children and others with limited linguistic abilities (88). There is strong likelihood that automatic analysis of acoustic characteristics of vocal expression can contribute to pain detection and understanding.

There is a nascent literature that has begun to apply the methods of machine learning to these other behavioral indicators of pain [e.g., (4)]. Efforts are needed to extend CVML technologies sensing beyond facial expression to include body and head movement, physiological measures, speech, and paralinguistic communication related to pain experience.

Automatic multimodal measurement affords potentially rich sets of behavioral features to include in automatic measurement of the occurrence and intensity of pain. Newer databases that include multimodal measures, such as EmoPain and BioVid make this development possible. Efforts in this direction will enable the objective measurement and monitoring of pain intensity in clinical, family, and work environments (2).



Links to Concepts of Expression in Pain

For all its technological sophistication, there is a kind of dustbowl empiricism about the corpus of work on automated analysis of pain. Although it builds on prior knowledge and findings–in particular the literature applying fine-grained behavioral analysis to the characterization of expression in pain–for the most part it has not addressed conceptual issues related to its meaning. Behavioral studies suggest that there is considerable complexity in the facial behavior that accompanies pain. Kunz and Lautenbacher (73), for example, provide evidence that the actions that most consistently relate to pain in the literature occur in separable clusters. This is an issue that has not been addressed in the _automated_ assessment literature. Moreover, there is good reason to believe that not all the expression that happens in pain is about pain. For example, the action of zygomaticus major (AU 12 in FACS), which is also the principal movement in a smile, is sometimes found to accompany pain, both in the behavioral literature (89) and the automatic analysis literature. Structural and functional analyses of this action suggest that, although it often does accompany pain, it is likely marking a different process (41, 90). CVML models to date do not seem to have recognized this distinction yet may have analytic potential to advance its understanding. Similarly, there is evidence that different components of the behaviors that correlate with pain are encoding different dimensions of the experience. Kunz et al. (91) found that actions involving movement around the eyes related most closely to sensory features of pain, while movements of the brows and upper lip related most closely to affective features. CVML studies have not addressed such issues to date but could be important in advancing our understanding of them.



Commercial and Other Applications

Commercial tools for pain assessment informed by the existing literature on automated assessment have already been developed and marketed and there is every reason to believe that this trend will continue. For example, Painchek (www.painchek.com) is a smartphone app-based device that combines a facial expression assessment component with input from five other domains (voice, movement, behavior, activity, body) to yield a pain score for application in geriatric and pediatric settings (92). It goes without saying that the development and marketing of tools for clinical assessment should be based on knowledge about automated assessment that is grounded in the empirical literature, consistent with the best-established technological solutions, has been subjected to rigorous validation procedures, and informed by understanding of issues of bias raised above. Importantly, commercial applications must be cognizant of the risks attendant on oversimplified interpretation of the meaning of a pain score derived from automated analysis of the face. An oft-stated rationale for focusing on facial and other behavioral indicators of pain is to improve pain management by improving pain detection. There is a substantial literature, however, showing that observers underestimate behavioral evidence of pain (93). This underestimation bias is paradoxical given that significant proportions of subjects in empirical studies show no behavioral evidence of pain (94). Facial expressions of pain have been characterized as a “late signaling system” (95), which implies that, if facial evidence of pain is present, it is likely very significant and needs to be taken seriously. Conversely, if it is not present, the possibility of its significance should not be discounted, a risk that is present with oversimplified interpretation of pain scores, however rendered.

A related concern arises from what appears to be widespread interest in the idea of pain simulation and empirical work implying that genuine pain can be distinguished from dissimulated pain. The idea lends itself to considerations that there may be forensic applications of automated assessment technology. It is true that perceptual (52), behavioral (96), and now automated assessment studies (36) have shown evidence that facial expressions during genuine and simulated pain have certain identifiable differences; however, the differences that have been documented have occurred under highly artificial conditions and appear, for the most part, to be small. Foreseeable application of forensic products based on automatic analysis appear open to abuse and unlikely to be probative.




WHITHER AUTOMATED ASSESSMENT OF PAIN?

That automated analysis of pain may be feasible has been demonstrated in the proof-of-concept studies reviewed above. The numerous studies that make up the corpus of the field since then have mainly added to the field by exploring alternative artificial intelligence systems. Ultimately, the value of this work is most likely to be realized in basic science and clinical research. In particular, the prospect of a form of assessment that can automatically yield reliable, valid and continuous information about how and when people (and animals) are expressing pain holds promise to enable detailed studies of pain modulation that are prohibitively difficult to perform with human observers who are subject to inherent limitations in their ability to resolve changes in behavior that sometimes occur in milliseconds, fatigue, and error. This could include evaluations of the time-course of pain reducing or augmenting influences but it could also extend to studies of how intrapersonal variables and the interpersonal, social, and environmental context influence pain over momentary differences in time. There is evidence from extant studies that automated detection techniques can give insight into momentary changes at or near the level of a frame of video [(51); see Figure 1]. In principle, valid measurement at that level of sensitivity could yield important information about dose-response relationships in evaluations of analgesic medications. A system that combined automated detection of pain with detection of other affective states (e.g., anger) and also permitted time-series analysis could facilitate greater understanding of the interplay of the states. To date, no attention has been applied to how automatic pain detection may vary between men and women, people of different racial and ethnic backgrounds, or context, to name just a few factors. Of particular interest in would be studies of pain expression in interactions in health-care settings or in families.

The work performed to date for automated pain measurement has been interesting, progress has been rapid and has generated the kind of buzz commonly associated with new technologies. But numerous current controversies over unforeseen consequences about how these new algorithms have been developed (for example, errors that have been “baked in” to the data on which facial recognition systems were trained, leading to wrongful arrest), or how they work highlight the need to proceed cautiously, mindful that “move fast and break things” is not a slogan that augurs well for the careful and safe development of a tool to advance understanding of pain in particular and other health related applications in general. The existing approaches are built on a very limited sample of participants, pain types, annotation procedures, conditions of observation, ages, “racial”/ethnic categories, and regions of the world. Careful expansion of audiovisual pain databases that sample more broadly and representatively across these dimensions will be necessary to establish confidence in the quality and meaning of the measurement obtained and to manage foreseeable and unforeseeable perils of using this technology to improve patients' outcomes. Particular concern arises around the prospect of developing and commercializing technologies geared to clinical, medico-legal, and forensic applications, especially around the idea of proprietary knowledge. Practical applications of automatic pain assessment need to be based on rigorous science that meets standards of professional peer review and public accountability, including verification that the CVML processes on which they are based validly produce assessments that are consistent with the claims being made of them.
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A Corrigendum on
 Computer Mediated Automatic Detection of Pain-Related Behavior: Prospect, Progress, Perils

by Prkachin, K. M., and Hammal, Z. (2021). Front. Pain Res. 2:788606. doi: 10.3389/fpain.2021.788606



In the original article, the subheading Assessment Based on Fine-Grained Facial Observation should have been deleted. The correct subheading is: Pain Assessment Based on Fine-Grained Facial Observation.

In the original article, the subsection titled Limitations of Physiological Assessment of Pain appeared in an illogical place, immediately after a new section and topic, Pain Assessment Based on Fine-Grained Facial Observation, is introduced. The correct location of the subsection is directly after the section titled Physiological Assessment of Pain.

In the original article, the authors were inconsistent in the labeling used to refer to the UNBC-McMaster database. Because of how it was designated in the original article describing it, how central it is to the field, and so that researchers in the field can cite and track work based on it accurately, the term “UNBC-McMaster” has been corrected to be referred to uniformly as the “UNBC-McMaster Shoulder Pain Expression Archive Database.”

In several places in the original article, where the UNBC-McMaster Shoulder Pain Expression Archive Database is described, the sentence construction was awkward for lack of the preceding definite article, “the”. This has been corrected on pages 6, 7, and 8.

In the original article, there was an error in the Funding statement. By official US National Institutes of Health policy, the Author Disclaimer statement must follow the funding acknowledgement. The Author Disclaimer has been moved to the Funding statement.

In the original article, acknowledgment of support was inaccurately not contained in an Acknowledgments statement. The acknowledgment of Canadian Institutes of Health Research funding gives the correct grant information and does not require the disclaimer.

The corrected Funding statement and Acknowledgments statement appear below.
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Background: The influence of examiner gender on pain reporting has been previously explored in both research and clinical settings. However, previous investigations have been limited, with the majority of studies employing single, static assessments of pain (e.g., cold pressor test, verbal pain ratings). The impact of examiner gender on both static and dynamic heat-based pain assessments is currently unknown.

Methods: Thirty eight participants (20 females aged 24.1 ± 4.44, and 18 males, aged 24.8 ± 4.54) completed two identical testing sessions, randomized to a male and female examiner in a cross-over design. Pain sensitivity was examined using heat pain thresholds, verbal pain ratings to tonic heat, computerized visual analog scale (CoVAS) rating to tonic heat, and participant-controlled temperature (PCT) heat pain assessments.

Results: Female participants reported higher verbal pain to tonic heat with a female examiner compared to male participants, with similar trends for CoVAS responses to tonic heat. Conversely heat pain thresholds and PCT were not significantly influenced by experimenter gender.

Conclusions: Overall, verbal ratings were the most impacted by examiner gender, with temperature-based methods such as PCT and pain thresholds showing little to no examiner gender effects. While the gender of the examiner may be an important consideration in the measurement of sex and gender differences in pain research, the choice of pain assessment method may be of similar consequence.

Keywords: quantitative sensory testing, sex differences, gender differences, participant-controlled temperature, thermal pain


INTRODUCTION

The role of sex and gender on pain has been the source of substantial scientific and public discourse (1–5). In clinical settings, females experience acute and chronic pain with more frequency and to a greater intensity compared to males (2). Experimental studies employing pain sensitivity quantitative sensory testing [QST; a battery of tests which examines noxious and non-noxious somatosensory sensitivity (6)] outcomes (e.g., cold pressor tests, pain pressure thresholds) have provided complimentary support that females may be more sensitive to noxious stimuli than males (2, 4). Heterogeneity among these QST outcomes are commonplace, however, challenging the notion of the aforementioned robust sex or gender-related differences in pain perception (1).

A number of social factors have been proposed to contribute to variation in QST outcomes between experimental pain studies. These include individual and interpersonal factors, as well as environmental factors such as time of day (7, 8). Related to interpersonal factors, the social, gender context of the pain experience appears to influence pain report. Opposing examiner gender effects have been reported, with male participants tending to verbally report significantly less pain in the presence of a female examiner (and vice versa for female participants) (7, 9, 10) [note: gender is used in this regard given that these effects are social as opposed to biological (5)]. This follows the Gender Context Model of Pain, which suggests men will be less likely to express pain, especially if the examiner is perceived as being threatening to masculine gender roles, whereas women will be more likely to express pain. However, this difference may be dependent on how pain is expressed. Verbal pain report may be more susceptible to these gender differences than non-verbal expressions (11, 12). Indeed, individual factors add complexity. One possible explanation for these reported gender specific examiner effects may be differences in catastrophizing—a negative cognitive-affective response to pain (13). Catastrophizing is associated with increased pain across a variety of pain measures and may be influenced by the presence of others (4, 13). Moreover, sex differences in catastrophizing have been reported, insofar as women tend to catastrophize more than men (4). As such, catastrophizing may also modulate the interaction between sex and social interaction of pain measurements.

A major limitation of previous experimenter/participant gender investigations has been a narrow focus on pain tolerance, measured chiefly by way of the cold pressor test (7). Advances in QST techniques have led to the development of various static and dynamic outcomes, which have been widely employed to investigate sex/gender differences in pain perception (14). Painful thermal dynamic and static QST measures have shown significant differences between male and female participants (4) and may be differently susceptible to experimenter gender influence, and to gender stereotypes. For example, verbal pain ratings of heat pain involve direct verbal communication with experimenters in response to a noxious stimulus, conversely, automated metrics of pain assessment, such as participant controlled temperature (PCT) (15), require less direct communication with examiners. Verbal pain report has been shown to be susceptible to the gender context in which the report occurs (7, 9, 10), however it is not known how susceptible PCT—a non-verbal form of pain expression—is to these gendered influences. It stands to reason that such differences in participant/experimenter interactions within QST assessments may influence the effect of experimenter gender on pain perception. Including both verbal and non-verbal pain reports to both a male and female examiner allows us to tease apart the impact of social context on the apparent sex/gender differences in pain. To our knowledge, no previous studies have explored the influence of experimenter gender on pain outcomes assessed using multiple painful heat QST techniques.

Our aim was to determine the extent to which modern QST heat-pain measures are influenced by the gender of the examiner. To this end, we employed verbal and non-verbal rating and temperature-based (non-verbal) methods of reporting sensitivity to heat pain, with both static and dynamic outcomes. A secondary, exploratory aim explored role of psychosocial factors, specifically the effect of pain catastrophizing on experimenter gender effects on pain outcomes. We expected to see greater gender differences in verbal ratings-based measurements of pain compared to temperature-based measurements, such that males would verbally rate pain as lower in the presence of a female examiner, and females would demonstrate opposite and smaller effect. We anticipate temperature-based methods to show smaller or non-significant effect, as these rely on less direct social interaction during pain reporting.



MATERIALS AND METHODS


Participants

We determined 40 participants (females aged 24.1 ± 4.44, and males, aged 24.8 ± 4.54) would provide a partial eta-squared ([image: image]) = 0.05, with a power of 0.8 and an alpha of 0.5 (calculation completed in G*Power 3.1) (16). This [image: image] was estimated from previous studies that have compared the interaction of experimenter and participant gender on pain outcomes (17–19). Exclusion criteria included presence or history of chronic pain (i.e., pain persisting longer than 3 months), determined from a self-reported health history questionnaire. All participants were over 18 years of age and provided informed consent. Participants were recruited from the local university and hospital communities through flier advertisements.



Experimenters

The experimenters were a cis-female aged 22 and a cis-male aged 19. Both wore a lab coat over jeans and a shirt, and both identified as cis-gendered [i.e., indicated that their gender (man/woman) did not differ from their sex (male/female)]. We did not control for other experimenter characteristics (e.g., height, weight, or race), and these characteristics were not collected from participants. Scripts were created to standardize interactions with the participants, including instructions for all pain tests.



Procedure

Participants were randomly assigned to a male or female examiner on day 1 in a counterbalanced design, such that half of the participants began with the male examiner, while the other half began with the female examiner (Figure 1). Sessions were at least 24 h apart. Each testing day was designed to be approximately 1-h long. The true nature of the study was withheld from participants, who were led to believe that the purpose was to compare two measures of testing heat pain. Given the blinded nature of our study, the experimenter followed a script that introduced them as the research assistant for the study, with no mention of their gender or the true nature of the study. Experimenters stayed close beside the participant for all tests, standing beside the participant and alternating between watching a computer screen (where the test results were being shown), making an arbitrary note on a clipboard, and glancing at the participant to ensure protocols were being followed. The switch of experimenters was explained to participants as a “scheduling conflict,” and the other experimenter was filling in due to the absence. At the end of day 2, participants were fully debriefed. This involved the experimenter outlining the need for deception and offering participants the opportunity to withdraw their data from the study. All participants were then asked if they suspected or knew the true purpose of the study. All study procedures were approved by the Behavioral Research Ethics Board at the University of British Columbia (approval number H19-00944), and were conducted in accordance with the Declaration of Helsinki (20) involving research on human participants. Our study protocol was not pre-registered, due the required deception of participants (i.e., pre-registering planned statistical comparisons could give away the true nature of the study).


[image: Figure 1]
FIGURE 1. Outline of study protocol. Participants were randomly assigned to a male or female examiner on day 1 in a counterbalanced design, and completed heat pain testing using three different methods: verbal pain rating, computerized visual analog scale, and participant-controlled temperature. Day 2 testing was identical, and was conducted by the opposite gender examiner.




Heat Pain Measurements

Heat pain thresholds and responses to prolonged heat pain were performed using a calibrated thermode (Medoc Advanced Medical Systems, Ramat Yishai, Israel, CHEPs thermode, 27 mm diameter) applied on the palmar aspect of the forearm. Heat pain thresholds were performed first on the distal 1/3 of a randomly chosen forearm, followed by either PCT or continuous visual analog scale (CoVAS) heat tests performed on the proximal 2/3 of the same forearm—the order of the PCT and CoVAS test presentation was randomized. Prior to the presentation of each heat test, a familiarization test took place to introduce participants to the pain-rating method. A 5-min break separated the three tests (heat pain thresholds, familiarization, and tonic heat test). Following the first tonic heat test, a 10-min break took place. Heat pain thresholds were then performed on the distal 1/3 of the other forearm, followed by the PCT or CoVAS, whichever was randomized to be performed second. Another familiarization test was performed prior to the introduction of the second tonic heat test. Again a 5-min break separated each of the three tests (heat pain thresholds, familiarization, and tonic heat test).



Heat Pain Thresholds

For heat pain thresholds, the thermode temperature was increased at a rate of 1°C/s from a baseline of 32°C to a maximum of 55°C. Participants were instructed to press a button when the first sensations of pain were perceived (i.e., when the original impression of warmth or heat turned into the feeling of “burning,” “stinging,” “aching,” or “drilling”) (6). Upon button press, the heat thermode returned to the baseline temperature of 32°C at a rate of 70°C/s. Four trials were conducted consecutively with at least 5 s between each trial. The main outcome measure from pain threshold assessments was the average temperature of the initial pain sensations over the four trials.



Tonic Heat Pain

Participants continuously rated their pain perception throughout a 2-min application of tonic heat (45°C) via CoVAS (Medoc Advanced Medical Systems, Ramat Yishai, Israel). The initial temperature of the thermode increased at a rate of 70°C/s, and reached 45°C from a baseline of 32°C, then was maintained at 45°C for 2 min of tonic heat. We chose 45°C for tonic heat pain to maintain similar sensations to the participant-controlled temperature assessment described below (15). At the end of the 2 min, participants also reported their pain verbally to the experimenter (0-10, 0—“no pain at all,” 10—“worst pain imaginable”). Participants were instructed to rate their pain using a slider on the CoVAS machine, which has a visual of a linear increasing graph, indicating no pain on one end and the maximal amount of pain they could tolerate on the opposite end. Participants were asked to rate their pain continuously, moving the slider as desired. The rating was recorded every 20 ms. The average pain rating from the CoVAS readings was recorded as average pain rating to tonic heat.



Participant Controlled Temperature

For participant controlled temperature (PCT), participants continuously adjusted the temperature of the thermode to maintain their initial perception (15). For example, if at the beginning of the 2-min trial (at 45°C) participants rated the pain as a 4/10, they were instructed to either increase or decrease the temperature in order to maintain the 4/10 sensation over the 2 min. Participants were provided a computer mouse to control temperature, whereby left and right button clicks changed the temperature by ±0.1°C, respectively. Participants were informed that the temperature “may feel as though it is increasing or decreasing,” and were asked to maintain their initial perception by raising or lowering the heat through clicking the mouse. To confirm participants maintained their pain rating throughout the 2 min, each was asked to verbally report their pain at the beginning and end of the protocol. The protocol was identical to that presented by Jutzeler et al. (15). Average temperature across the 2 min of PCT was taken as the primary outcome.



Familiarization to Heat Pain Assessments

Familiarization trials for both CoVAS and PCT were conducted on a neutral test site. Participants were exposed to 1 min of heat, beginning at a baseline of 40°C. Then, the temperature oscillated by ±2°C at rate of 0.5°C/s. During this time, participants were instructed to rate their pain for CoVAS or to maintain consistent pain sensations via button clicks for PCT. This oscillation in temperature provided participants the opportunity to become accustomed to both heat sensations and the CoVAS and PCT apparatus in response to multiple temperatures. The familiarization trials also helped to reinforce the concept that the temperature in the PCT trials also could be perceived as though it was increasing or decreasing, supporting the blinding of participants to the nature of the PCT trials.



Questionnaires

At the conclusion of the second day of testing, the pain catastrophizing scale (PCS) questionnaire was administered. The PCS involves the participant rating 13 statements regarding the types of thoughts and feelings that occur when they are in pain from 0 (“not at all”) to 4 (“all the time”). There are three subscales in the PCS; magnifying (three items, “I become afraid that the pain will get worse”), rumination (four items, “I keep thinking about how badly I want the pain to stop”), and helplessness (six items, “It's terrible and I think it's never going to get any better”). Higher PCS scores have been associated with greater levels of pain and pain-focused experiences (21). PCS scores also tend to be higher in females (1).

A demographics questionnaire was also delivered on the first day of testing, asking participants to report their sex, gender, and age. For gender, participants were asked “What is your gender?” with options for “female,” “male,” “non-binary/third gender,” “prefer to self describe,” or “prefer not to say.”



Statistical Analysis

Cohen's d effect sizes were calculated for differences in pain outcomes between male and female participants separately by examiner. This was done to simply model pain outcomes measured by a single examiner of one sex, as would be commonplace in previous studies. The primary outcomes were verbal pain rating following 2 min of tonic heat, average CoVAS rating over 2 min of tonic heat pain, heat pain thresholds, and average temperature over 2 min of PCT assessment. Descriptive statistics were assessed using histograms, box plots, and Q-Q plots to confirm normal distributions of pain outcomes. A preliminary analysis revealed that all pain outcomes were normally distributed (Shapiro-Wilk test range: 0.05-0.29). To formally and comprehensively test our study design, we adopted a repeated measure ANOVAs approach with participant gender as a between-subject variable, and examiner gender as the within-subject variable. Order of testing (i.e., day 1 or day 2) was considered as a covariate to confirm effects were due to the examiner gender and not the repeat-testing nature of the study design. Significant interaction effects were further explored with post hoc Bonferroni corrected pairwise comparisons.

Relationships between PCS and pain outcomes were explored using bivariable Pearson correlations, with a Bonferroni correction for multiple comparisons. We examined relationships between pain scores and PCS across both testing sessions as well as explored associations between PCS scores and relative differences in pain scores between testing sessions (i.e., examiners).




RESULTS

Forty participants were recruited, 38 of which completed both sessions (20 females and 18 males). Missing data from the two subjects was due to technical issues with the heat stimulator—they were unable to complete either day of testing. All other subjects completed both experimental sessions. No subjects withdrew their data after debriefing. Upon debrief, all participants confirmed no knowledge of the true purpose of the study. All participants identified as cis-gendered.


Rating Based Methods

There was a significant main effect of participant gender on verbal pain rating to tonic heat [F(1,36) = 5.77, p = 0.02, [image: image] = 0.14]. This suggests that female participants verbally reported heat as more painful than men. Examiner gender had no main effect on verbal pain ratings [F(1, 36) = 0.93, p = 0.34, [image: image] = 0.03]. However, there was a significant interaction effect for participant and experimenter gender on verbal pain rating [F(1,36) = 5.61, p = 0.02, [image: image] = 0.14]. Bonferroni corrected post-hoc analysis revealed that female participants verbally reported higher tonic heat pain than males in the presence of a female examiner (t = 3.21, p = 0.01). Order of day of testing did not influence the gender effect [F(1,36) = 0.01, p = 0.91]. For average CoVAS ratings, there were no significant main effects of participant [F(1,36) = 1.20, p = 0.28, [image: image] = 0.03] or examiner gender [F(1,36) = 3.88, p = 0.06, [image: image] = 0.10]. There was also no significant interaction effect [F(1,36) = 2.70, p = 0.11, [image: image] = 0.07] (Figure 2; Table 1). Order of session did not influence CoVAS ratings [F(1,36) = 3.08, p = 0.09].


[image: Figure 2]
FIGURE 2. Results of pain tests separated by participant and examiner gender. (A) Verbal pain reports for a 2-min tonic heat test separated by gender. (B) computerized visual analog scale (CoVAS) reports for a 2-min tonic heat test separated by gender. (C) Average heat pain threshold reports separated by gender. (D) PCT reports (as calculated by average temperature over a for a 2-min tonic heat test) separated by gender. *denotes significance level of p < 0.05 from Bonferroni corrected post hoc analysis.



Table 1. Means and standard deviations and results of the repeated measures ANOVA tests, separated by male and female participants and examiners. ANOVA output for interaction effect presented.
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Temperature Based Methods

There was no significant main effect of participant [heat pain thresholds: F(1,36) = 1.80, p = 0.19, [image: image] = 0.05; PCT: F(1,36) = 1.02, p = 0.32, [image: image] = 0.03] or examiner gender [heat pain thresholds: F(1,36) = 2.64, p = 0.11, [image: image] = 0.07; PCT: F(1,36) = 3.31, p = 0.08, [image: image] = 0.08]. There was also no significant interaction effect between participant and examiner gender [heat pain thresholds: F(1,36) = 1.59, p = 0.22, [image: image] = 0.04; PCT: F(1,36) = 0.45, p = 0.51, [image: image] = 0.01] (Figure 2; Table 1). Order of session did not influence PCT scores [F(1,36) = 0.56, p = 0.46] or pain thresholds [F(1,36) = 0.66, p = 0.42].

We also ran a repeat measures ANOVA on the initial rating of the PCT stimulus to investigate if there was a gender difference in this initial perception. There was no significant difference between genders [F(1,36) = 2.417, p = 0.129], nor was there an effect of examiner gender [F(1,36) = 1.490, p = 0.230]. Average initial rating for female participants was 5.55 ± 1.56 when tested by the male examiner and 5.80 ± 1.64 when tested by the female examiner. Average initial rating for male participants was 4.83 ± 1.58 when tested by the male examiner and 5.00 ± 1.57 when tested by the female examiner. Additionally, 33/38 participants reported the same pain rating at the beginning and end of the PCT test, 4 were within ±1/10 on an NRS, and 1 participant was within ±2/10 on an NRS. This is in contrast to the CoVAS test, where the range was ±3/10 on the NRS.



PCS Correlations to Pain Outcomes

PCS subscales were not correlated to any pain outcomes in both males and females, and were also not correlated to relative difference in pain outcomes between examiners (Table 2).


Table 2. Correlations coefficients (R) between pain catastrophizing subscales and pain measurements adjusted for multiple comparisons (Bonferroni).
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DISCUSSION

The impact of examiner characteristics on study outcomes have been attributed a causal role in the ongoing scientific replication crisis (3). Among concerns is that the gender of the examiner contributes to heterogeneous outcomes between studies. As predicted by the Gender Context Model of Pain, we observed that sex differences in tonic heat pain perception may be exaggerated by verbal rating-based methods when the examiner is female. CoVAS pain ratings demonstrated similar trends, albeit not significant. In contrast, temperature-based methods of assessing heat pain were not significantly affected by the gender of the examiner.

To our knowledge, the effect of examiner gender on pain outcomes has been explicitly tested in six previous studies (see Table 3 for description) (9, 10, 17–19, 22). For subjective pain ratings, our observations correspond with those reporting an opposing examiner gender effect (9, 10, 17, 18) as well as social theories of pain which propose the gender context in which pain is expressed influences pain report (12). The former was evidenced in our reported verbal ratings in women, which were significantly higher in the presence of a female compared to a male examiner. Similar, albeit more variable results were observed for CoVAS ratings to heat pain. Our findings support the notion that pain communication may be more affected by gender interactions as compared to the actual pain experience. For example, when comparing verbal pain ratings to CoVAS ratings, the pain experience (CoVAS) was comparable, while the act of reporting to the experimenter verbally was influenced my experimenter gender. The notion that pain communication, but not experience, is influenced by gender is supported by a previous study that showed biological responses to pain (e.g., autonomic changes) are unaffected by examiner gender (17). Taken together, our findings provide evidence for a dissociation between pain experience and pain reporting, which is influenced by examiner gender. Overall, this lends support to the Gender Context Model of Pain (12), in that outcomes with the most social communication were more influenced by experimenter gender.


Table 3. Summary of studies examining the effect of examiner gender on pain outcomes.
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The modernization of QST assessments has seen a shift to temperature-based methods, including standardized methods of measuring heat pain thresholds (6). Previous studies exploring experimenter gender effects (Table 3) have not incorporated temperature-based methods of assessing pain, relying instead on verbal ratings or time-based approaches that assess tolerance (e.g., cold pressor). To address this limitation, we assessed examiner gender effects on pain threshold determined by method of limits and PCT. The latter, a revitalized approach based a method originally established by Hardy and Greene (23), involves participants continuously adjusting the temperature of the thermode over 2 min in order to maintain their initial perception of noxious heat (15). The concept of PCT is similar to CoVAS, but dynamic aspects of pain (i.e., the fluctuations in the perception of a constant painful stimuli over time) are reflected by changes in temperature as opposed to continuous ratings (15). Compared to CoVAS and verbal pain ratings, PCT provides pain reporting with the least obvious social context. Where verbal pain ratings involved direct communication with examiners and CoVAS involved the perceived communication of digital 0-10 scale, PCT involves button clicks to maintain sensation. To that end, PCT was more resilient to gender effects compared to verbal or CoVAS outcomes, as examiner gender did not significantly influence PCT. These findings provides further support for the social context of pain model, as PCT is less clearly a “rating” of pain to an examiner, and thus less influenced by the social context (12).

To consider a potential psychosocial factor, we aimed to explore the relationship between participants' PCS scores and variability introduced by the gender of the examiner. For pain catastrophizing, we observed no significant associations between PCS scores and any pain outcomes, for both raw scores as well as evaluating relative differences in pain outcomes between examiners. This suggests that pain catastrophizing does not have a significant influence on our observed gender effects on pain outcomes.


Limitations

Our findings are limited to a relatively homogenous population (i.e., undergraduate and graduate students). The extent our results are generalizable to other populations (e.g., older, community dwelling adults) requires further study. We also did not collect or report relationships between the race, ethnicity, height, or weight of our participants or examiners and the possible effects on pain ratings. This was beyond the scope of our current study and represents another avenue for further exploration. To that end, we did not control for experimenter ethnicity, or other examiner characteristics (e.g., hair color, eye color etc.). We sought to maintain ecological validity in our selection of a male and female examiner, rather than overly constrain various aspects of personal appearance/characteristics. To that end, our findings are based on the effect of clearly male and clearly female examiners.

In comparison to previous investigations of experimenter gender effects on pain perception (9, 10, 17–19, 22), our study is limited to a relatively small sample size. However, as a seminal study to explore experimenter gender effects on multiple heat-pain outcomes, our sample size was chosen pragmatically and in accordance with a sample size calculation related to quantitative pain assessments previously used in similar experimenter gender comparisons. We were unable to collect data on two participants due to technical issues, resulting in a fewer number of participants than reported in our a priori power calculation. We reported [image: image] values for all repeated measures ANOVA analyses along with Cohen's d values to highlight within experimenter effects. Finally, our findings are also limited to our included heat pain-based assessment methods. Future studies should continue to explore experimenter gender effects in other pain outcomes making use of differing modalities, such as mechanical pinpricks and more modern cold pain assessments.

We did not have our examiners conform to stereotypical gender roles, which may have muted examiner effects. Studies whose examiners dressed in “stereotypical gender conforming” ways (9, 10, 17, 18) appear more likely to see significant examiner effects compared to those that did not control for dress (24–31). Status of the examiner may also matter—participants of both genders report higher pain tolerance to “high status” (i.e., professionally dressed, used formal names) examiners (18). In the present study we attempted to control for gender stereotypes through recruiting peer examiners that wore a uniform—lab coat over pants and a t-shirt—and that used the same script. This moderate “de-gendering” of the examiners and reduction of potential power imbalances through using peers may have reduced gender differences in the heat pain assessments.

Also, our study and those previous have focused on participants that conformed to gender norms. It is not clear if those who do not conform to gender norms may report pain differently or have different examiner-participant gender interaction effects in the reporting of pain. Examining pain in transgendered and non-binary individuals represents an important and understudied area of pain science—an area that would not only shed light on a marginalized populations' pain experience, but would also extend our understanding of the interaction between gender and pain.



Conclusions and Future Implications

Overall, our findings are aligned with the Gender Context Model of Pain, insofar as those outcome measures that were most likely to be influenced by social factors (i.e., verbal pain ratings) were more susceptible to experimenter gender effects, while outcomes less likely to be influenced by social factors (i.e., PCT) were not significantly influenced by experimenter gender. The examiner and participant gender can both influenced pain reporting, with the perceived level of examiner-participant interaction appearing to mediate these effects. Researchers should consider the social environment of their experiments, the pain measurement used, and the gender of their experimenters as these factors all play a role in detecting sex/gender differences in pain measurements. The use of non-verbal pain measures, with little to no examiner influence (e.g., coded temperature information via PCT) may be a potential solution to circumvent the effects of experimenter gender on pain related outcomes.
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Conditioned pain modulation (CPM) is a physiological measure thought to reflect an individual's endogenous pain modulation system. CPM varies across individuals and provides insight into chronic pain pathophysiology. There is growing evidence that CPM may help predict individual pain treatment outcome. However, paradigm variabilities and practical issues have impeded widespread clinical adoption of CPM assessment. This study aimed to compare two CPM paradigms in people with chronic pain and healthy individuals. A total of 30 individuals (12 chronic pain, 18 healthy) underwent two CPM paradigms. The heat CPM paradigm acquired pain intensity ratings evoked by a test stimulus (TS) applied before and during the conditioning stimulus (CS). The pressure CPM paradigm acquired continuous pain intensity ratings of a gradually increasing TS, before and during CS. Pain intensity was rated from 0 (no pain) to 100 (worst pain imaginable); Pain50 is the stimulus level for a response rated 50. Heat and pressure CPM were calculated as a change in TS pain intensity ratings at Pain50, where negative CPM scores indicate pain inhibition. We also determined CPM in the pressure paradigm as change in pressure pain detection threshold (PDT). We found that in healthy individuals the CPM effect was significantly more inhibitory using the pressure paradigm than the heat paradigm. The pressure CPM effect was also significantly more inhibitory when based on changes at Pain50 than at PDT. However, in individuals with chronic pain there was no significant difference in pressure CPM compared to heat or PDT CPM. There was no significant correlation between clinical pain measures (painDETECT and Brief Pain Inventory) and paradigm type (heat vs. pressure), although heat-based CPM and painDETECT scores showed a trend. Importantly, the pressure paradigm could be administered in less time than the heat paradigm. Thus, our study indicates that in healthy individuals, interpretation of CPM findings should consider potential modality-dependent effects. However, in individuals with chronic pain, either heat or pressure paradigms can similarly be used to assess CPM. Given the practical advantages of the pressure paradigm (e.g., short test time, ease of use), we propose this approach to be well-suited for clinical adoption.

Keywords: conditioned pain modulation (CPM), stimulus modality, cuff algometry, heat thermode, chronic pain, antinociception


INTRODUCTION

Conditioned pain modulation (CPM) is a behavioral phenomenon that reflects an individual's inherent capacity to modulate their pain. CPM can be evoked experimentally using “pain inhibits pain” type psychophysical tests (1). Numerous studies have demonstrated the potential clinical utility of CPM to predict the effectiveness of therapeutic approaches that target mechanisms of CPM (2–4).

The CPM effect [a term coined by Yarnitsky et al. (5)] refers to any change in the intensity of pain that is evoked by a test stimulus (TS) applied to one area of the body due to the presence of a concurrent conditioning stimulus (CS) applied to another area of the body (6). This psychophysical measure of CPM designed for testing in humans was motivated by the discovery of the diffuse noxious inhibitory control (DNIC) effect observed in animal electrophysiological single neuronal recordings. Decades of DNIC studies have shown that a noxious stimulus activates a spino-bulbar-spinal feedback loop such that spinal nociceptive projection neurons activate neurons in the brainstem subnucleus reticularis dorsalis (SRD) (7–9). The SRD then activates descending projections through the dorsolateral funiculus, that ultimately inhibits ipsilateral wide dynamic range (WDR) spinal dorsal horn neurons, and thus attenuates their response to a second incoming noxious stimulus (9, 10). However, unlike the inhibitory DNIC effect in animals, the CPM effect in human can be inhibitory or facilitatory. It is now clear that CPM can vary across a wide spectrum, from reduced pain due to the presence of a CS (inhibitory CPM) to increased pain (facilitatory CPM), and in some cases CPM may not occur at all (no-CPM) (6, 11, 12).

Individual factors contribute to the variability of CPM across the population. A systematic meta-analysis in many chronic pain conditions found that on average, people with chronic pain exhibit a weaker inhibitory CPM effect compared to healthy individuals (13). For example, weaker inhibitory CPM has been reported in studies of people with neuropathy, fibromyalgia, irritable bowel syndrome, osteoarthritis, tension-type headache and whiplash-associated disorders (6, 13). Furthermore, there is evidence that an individual's CPM may be used as a clinical measure to guide personalized treatment selection. For example, in a study of people undergoing treatment for painful diabetic neuropathy with the serotonin-noradrenaline reuptake inhibitor (SNRI) duloxetine, patients with weaker inhibitory CPM (thought to reflect a weaker anti-nociceptive pathway) benefited more than those with a stronger inhibitory CPM (3). Furthermore, the improvement in clinical pain was observed alongside an improvement of post-treatment CPM. Thus, this patient-specific treatment outcome was thought to be due to the action of this SNRI to strengthen the descending anti-nociceptive serotonergic and adrenergic neurotransmission that is part of the spino-bulbar-spinal loop. A link between CPM and pain treatment outcome was also found in two studies of osteoarthritis, where patients' CPM shifted to more closely resemble that of the healthy group following a successful knee or hip surgery treatment (14, 15).

Studies of CPM in pain-free individuals are also important not only to glean insight into basic mechanisms of pain modulation, but also to determine its utility in risk assessment for the potential development of chronic pain. For example, compared to the quantitative sensory tests for pain thresholds and suprathreshold pain assessed before a thoracotomy, stronger inhibitory CPM was the only measure that predicted the lower risk of developing chronic post-surgery pain (4). A similar finding was also reported for patients undergoing cesarean and major abdominal surgeries (16, 17). Therefore, assessing CPM has potential clinical utility to predict the risk of persistent post-operative pain, as well as to predict the efficacy of therapeutic approaches that target endogenous pain modulation, which can ultimately guide treatment plans for chronic pain management.

Despite decades of research in the field of DNIC and CPM, there remains challenges to adopting a CPM test for clinical use. Practical issues can be major factors that impact translating CPM testing from an experimental research tool into a clinical tool. Thus, it is important to establish methodology that is easy to administer and conducive to a clinical setting. For example, there have been recent pursuits to establish a new simple pressure pain stimulator that can induce CPM for bed-side testing (18). Additionally it has been suggested that clinical translation of CPM could be helped by increasing clinical experimental data that assesses the dependency of CPM on stimulus test modalities (19). In the past, CPM has been assessed with paradigms that use different types of stimulus modalities (e.g., heat, cold, electrical and pressure) and there are also different metrics used to quantify the CPM effect (e.g., a change in suprathreshold pain ratings vs. pain detection thresholds). The assumption in the field has been that different stimulus modalities produce basically the same CPM effect, however this has not been definitively established. In 2015, the growing need to reduce variability and standardize the CPM paradigm led a group of experts to recommend the use of either heat or pressure stimulus based paradigms (20). However, since that time, the field has continued to evolve without any particular paradigm being established as a gold standard. Therefore, the aim of the current study was to use a within-subject analysis to assess a commonly used heat-based paradigm with a presumptive simpler pressure-based paradigm in healthy individuals and those with chronic pain. We hypothesized that CPM based on a heat vs. a pressure paradigm would not differ significantly in an individual (healthy or with chronic pain).



MATERIALS AND METHODS


Participants

The study consisted of two groups: 1) healthy individuals recruited through advertisements posted throughout the University Health Network, Toronto, Canada and through word of mouth, and 2) people with chronic pain who were recruited as part of a larger, ongoing study of chronic pain. All study participants provided informed consent for the procedures approved by the University Health Network Research Ethics Board. All study participants underwent evaluation of CPM using both a heat pain-based paradigm and a pressure pain-based paradigm, allowing for both within-subject and group evaluations. The CPM data in this study were collected as part of a large battery of psychophysical tests for studies of acute and chronic pain. Healthy participants were excluded if they had 1) current ongoing pain or a history of chronic pain (pain lasting >3 months) 2) any major chronic health condition, or 3) a psychiatric disorder, neurological disorder, or a Beck inventory Depression (BDI) score (range 0–63) >13 (indicating greater than minimal self-reported depression). The chronic pain group consisted of people with chronic pain who were awaiting a spinal cord stimulation trial for pain management due to failed back surgery syndrome with back and/or lower limb pain (n = 7), complex regional pain syndrome in the lower limbs (n = 3), post-traumatic neuropathic pain in the lower limb (n = 1), and occipital neuralgia (n = 1).



Evaluation of Conditioned Pain Modulation

In the heat paradigm, stimuli were delivered to the volar forearms through two 30 × 30 mm contact thermodes (QSense device; Medoc Ltd, Israel) (Figure 1). In the pressure paradigm, stimuli were delivered to the calves through two inflatable 10 × 61 cm pressure cuffs (CPAR, NociTech Inc., Denmark) (Figure 1). In individuals with chronic pain, the cuff was applied to the upper arm bicep if their chronic pain included the leg. This was to ensure that CPM was tested in both paradigms at a body region that was not affected by the chronic pain condition. Stimulus-evoked pain intensity was rated on a scale from 0 to 100 (0 being no pain at all and 100 being the worst pain imaginable) in both paradigms. Participants provided these pain intensity ratings verbally during the heat paradigm and manually using a visual analog scale (VAS) slider during the pressure paradigm.


[image: Figure 1]
FIGURE 1. Schematics to represent the stimulus order given in each CPM paradigm and the standard setup. In the heat paradigm the test stimulus (TS) is held at the Pain50 temperature only while the pain rating is obtained. In the pressure paradigm the TS continues to rise after Pain50 until they reach their pain tolerance. However, the pain rating at Pain50 pressure is extracted from TS1 and TS2 in order to calculate CPM similarly to the heat paradigm. Both are parallel sequence paradigms [conditioning stimulus (CS) in blue overlaps with TS2 when the second pain rating is obtained]. Pain50 is the stimulus intensity that evokes a pain rating of 50/100, where 0 is no pain and 100 is the worst pain imaginable. PDT, pain detection threshold; PTT, pain threshold tolerance.



Conditioned Pain Modulation Calculation

The test stimulus (TS) and conditioning stimulus (CS) were set individually for each participant at an intensity that evoked a pain intensity rating of ~50 out of 100 (known as Pain50). The CPM paradigm used was a parallel sequence paradigm where the CS was given concurrently with the second TS as follows: (1) pain intensity is rated during a TS (TS1), (2) a sustained CS is applied to the contralateral body region, (3) during the CS, the pain intensity of the second test stimulus (TS2) is rated. The CPM effect was calculated as a percentage using the following formula:

[image: image]

Therefore, a negative CPM effect is indicative of inhibitory CPM where a concurrent CS results in a lower pain rating of the second TS. A positive CPM effect is indicative of facilitatory CPM where a concurrent CS results in a higher pain rating of the second TS. Lastly, 0% indicates no CPM effect, where the concurrent CS did not change the pain rating of the TS.

Pain ratings at Pain50 were determined for both heat and pressure paradigms. In the pressure paradigm, in addition to the Pain50 measure used to calculate CPM, we determined the pressure pain detection threshold (PDT) and pain tolerance threshold (PTT) because previous studies have used these metrics to calculate the CPM effect. To be consistent with designating a negative CPM effect as reflecting inhibitory CPM, we calculated CPM from the pressure pain detection threshold (PDT) with the formula:
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Heat-Based CPM Paradigm

For each participant, prior to the CPM test, a familiarization paradigm was used to determine their Pain50. In this paradigm, participants rated the pain intensity that was evoked by each of the six heat stimuli in the following order: 44, 45, 43, 46, 42, and 47°C. Since the aim was to find a temperature that evokes a pain intensity rating of 50/100, if any of the first five stimuli evoked a pain intensity rating >75/100, then the last 47°C did not need to be tested. Each of these familiarization test stimuli were delivered from a baseline temperature and interstimulus temperature of 35°C for 15 s and a ramp-up rate of 2°C/s to reach the target temperature which was held for 6 s. After the temperature was at the target temperature for 3 s, participants were prompted to rate the evoked pain intensity and the thermode temperature returned to baseline at a rate of 1°C/s. The temperature that evoked Pain50 was estimated from the familiarization paradigm. We then confirmed that this stimulus did evoke a pain rating of 50/100 during several TS that were part of a habituation paradigm (TS had identical timing and ramp rates to the TS in the CPM paradigm below). The Pain50 TS and CS temperatures were then manually set based on the result of the familiarization and habituation paradigm.

To test CPM, one thermode delivered the TS at 2°C/s from a 35°C baseline to the target Pain50 temperature. The temperature was held at this target for 7 s at which point the participant verbally provided a rating of their pain intensity, and then the temperature decreased back to baseline at 1°C/s (Figure 1). The second thermode delivered the CS to the contralateral forearm, the temperature increased from baseline at 1°C/s to the Pain50, was held there for 100 s, and then returned to baseline at 1°C/s (Figure 1). The TS1 started after 5 s of baseline and the TS2 was delivered 69 s after TS1 (i.e., during the CS). The full heat-based protocol (familiarization, habituation, and CPM) required ~16 min to complete.



Pressure-Based CPM Paradigm

In the pressure paradigm, pain was rated continuously from the moment the TS starts to feel painful (i.e., the threshold for detecting pressure pain, PDT) until the tolerance level is reached (i.e., the threshold for pain tolerance, PTT). Previous studies using pressure paradigms commonly calculate the CPM effect as a change in PDT between TS1 and TS2 (21–23). The PDT is recorded when the VAS slider is moved from 0 to 0.1 cm. In addition to evaluating CPM using PDT, we evaluated CPM effect as a change in pain rating at Pain50 between TS1 and TS2 (similarly to the heat paradigm). To determine these pain ratings from the continuous pain ratings, first we found the initial pressure during TS1 that evoked a pain intensity rating of 50/100 (Pain50, indicated when the slider was at 5.0 cm along the 10 cm length). Then the TS2 pain rating used to calculate the CPM effect was the pain intensity rated when the TS2 pressure was at Pain50.

In each participant, prior to the CPM test, a threshold paradigm was used three times (separated by 1 min) for familiarization, determining the CS pressure, and to deliver the TS1 (Figure 1). In each trial, the pressure in one cuff continuously increased at a rate of 1 kPa/s and the participant used a VAS slider to continuously rate the evoked pain intensity. The VAS slider scale was labeled with words and numbers; “No pain” at 0 and “Most intense pain imaginable” at 100. The participants were instructed to press a button on the slider when they reached their PTT; pressing this button then deflated the cuff. The maximum cuff pressure allowable was 100 kPa, with the cuff automatically deflating if it reached this level. The first trial on the right limb was only used to familiarize the participant with the protocol. For the second trial, the stimulus was delivered to the opposite limb. The software for the pressure system set the CS pressure level for the CPM test at 70% of the PTT from the second trial. The third trial on the right limb was the TS1.

The CPM assessment consisted of determining the TS2 pain on the right limb in the presence of a concurrent CS delivered to the opposite limb (Figure 1). To do this, the CS rapidly increases to the set pressure and is held at that level for 100 s. At the same time the TS (TS2) pressure gradually increased with the same protocol given as the TS1 test (participants continuously rated the pain intensity evoked by the TS until the TS reached their PTT where they then press the button). Pressing the button deflates both cuffs. This paradigm takes ~10 min.




Statistical Analyses

All correlation and group statistical analyses were performed using R (version 3.6.0; https://www.r-project.org) in RStudio (version 1.0.44; https://www.rstudio.com). GraphPad Prism (version 7.03, https://www.graphpad.com) was used to create the figures and Microsoft Excel (version 2010; microsoft.com/excel) was used for some descriptive statistics (mean and standard deviation). The Shapiro-Wilk test was used to assess the normality of the data distribution that is required to subsequently run a parametric 2-tailed test. If the distribution passed the normality test a paired t-test (t statistic) was used to evaluate within-subject differences, otherwise the Wilcoxon signed rank test (W statistic) was used. For the paired t-test analyses the common measure of effect size Cohen's d is reported which had the same conclusion (small, medium, or large effect size) when assessed using Hedges' g (24). The effect size for the Wilcoxon signed rank test analyses is r (z statistic divided by the square root of the sample size) (25). For between group comparisons if both groups were normally distributed, an independent t-test (welch two-sample t-test in R, t statistic) was used otherwise the Mann-Whitney Wilcoxon test (W statistic) was used. The comparison of sex difference proportions between the healthy and chronic pain group was assessed using two-proportions z-test (X2 statistic). Data passed the Shapiro-Wilk normality test before being correlated using the Pearson correlation test (r statistic). In the results section, bracketed values followed by a ± symbol represent the mean ± the standard deviation.




RESULTS


Demographics and Descriptive Statistics

Data were collected from a total of 30 participants (18 healthy controls, 12 people with chronic pain). There were no significant differences in the proportion of females and males across the healthy group (9F, 9M) and the chronic pain group (7F, 5M) (X2 = 0.006, p > 0.05). However, there was a significant difference in mean age across the chronic pain group (55.3 ± 15.6 years old) and healthy control group (31.8 ± 11.0 years old; W = 26, p < 0.01). The average BDI scores were also significantly higher (W = 39, p < 0.01) in the chronic pain group (9.7 ± 5.1) compared to the healthy group (3.9 ± 4.0).

Of the three CPM measures, the heat CPM and the PDT pressure CPM were not significantly different between the healthy and chronic pain group (p < 0.05). However, the pressure CPM (at Pain50) was significantly more inhibitory in the healthy group compared to the chronic pain group (t = −2.23, p = 0.04). Additional descriptive statistics for each CPM paradigm and group can be found in Table 1. The following result sections highlight within-subject comparisons.


Table 1. Group demographics and CPM descriptive statistics.
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Relationship Between CPM Effect and Stimulus Modality

The TS pain ratings during the heat paradigm were only collected at Pain50. Therefore, the following comparisons of CPM between the heat and pressure paradigm are all from CPM calculated as a change in TS pain ratings at Pain50; with inhibitory CPM being a negative % and facilitatory CPM being a positive %.

Overall, in the healthy individuals, the CPM effect was significantly different between heat and pressure paradigms (t-test: t = −3.41, p = 0.004, Cohen's d = −1.34; see Figure 2); where the CPM effect in the pressure paradigm (−50.1 ± 33.0%) is on average more inhibitory compared to the heat paradigm (−6.5 ± 32.3%). In the chronic pain group, the CPM effect in the pressure paradigm on average was more inhibitory (−21.4 ± 35.8%) than the heat paradigm (−11.1 ± 33.6%), but there was no significant difference between modalities at the individual level (t-test: t = −1.05, p = 0.32, Cohen's d = −0.30; Figure 2).


[image: Figure 2]
FIGURE 2. The CPM effect only significantly differs between stimulus modalities in the healthy group. In both the healthy group and chronic pain group the inhibitory CPM effect is more pronounced using pressure than heat stimuli. Line within box is the median, edges of box are 25th to 75th percentiles, and the whiskers denote the maximum and minimum. Asterisks denote significant difference within-subjects (p < 0.05).


The within-individual data plots in Figure 2 reveal that subjects either exhibited the same (i.e., modality independent) or opposite (i.e., modality dependent) type of CPM effect in the heat and pressure paradigms. Overall, CPM in most of the healthy individuals was modality-dependent but most of the individuals with chronic pain had modality-independent CPM effects (Figure 3). In the healthy group, only five individuals exhibited modality-independent CPM (inhibitory CPM effect regardless of paradigm). However, modality-dependent CPM effects were found for nine individuals: eight had exhibited a facilitatory heat CPM effect and an inhibitory pressure CPM effect while one had an inhibitory heat CPM effect and a facilitatory pressure CPM effect. Four individuals did not exhibit CPM from the heat paradigm but had an inhibitory CPM effect from the pressure paradigm. There was no clear modality-dependent pattern for healthy males and females (Figure 3).


[image: Figure 3]
FIGURE 3. Greater number of healthy individuals demonstrate a modality-dependent CPM effect compared to individuals with chronic pain. Points that fall in the modality-dependent yellow quadrants reflect individuals who could be classified on the opposite ends of the CPM effect spectrum (facilitatory vs. inhibitory) depending on whether the paradigm is heat or pressure based. Modality-independent gray quadrants reflect individuals who would have the same type of CPM effect regardless of the paradigm.


In the chronic pain group, five individuals had modality-independent CPM effect: four with inhibitory and one with facilitatory CPM effects. Amongst the chronic pain group, three individuals had a modality-dependent CPM effect: two with facilitatory heat CPM and inhibitory pressure CPM, while one had inhibitory heat CPM and facilitatory pressure CPM. Three individuals exhibited no heat CPM, of which two had inhibitory pressure CPM and one had facilitatory pressure CPM. One individual with chronic pain exhibited no pressure CPM with facilitatory heat CPM. There was no clear modality-dependent pattern for males and females with chronic pain (Figure 3).



Pressure CPM Calculated Using Pain50 Pain Ratings vs. PDT

A within-subject analysis was used to assess the difference in CPM effects based on a change in pressure PDT vs. TS pain intensity ratings at Pain50 (Figure 4). One healthy participant was deemed to be an outlier in terms of their PDT and was excluded from this analysis because they had an extremely low TS1 PDT that was not consistent with other participants or with their own pain thresholds responses from other trials during their psychophysical testing, and thus likely was due to attentional or other effects. Within the healthy participant group, the CPM effect was significantly different between these two measures of CPM (t = −4.76, p = 0.0002, Cohen's d = −1.03). Specifically, the healthy participants exhibited a significantly more inhibitory CPM effect (−48.4 ± 33.1%) when measured as Pain50 CPM compared to PDT CPM (−14.6 ± 32.4%). In contrast, in the chronic pain individuals there was no significant difference (t = 0.46, p = 0.66, Cohen's d = 0.12) in the Pain50 CPM (−21.4, ± 35.8%) compared to the PDT CPM (−26.6 ± 48.7%).
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FIGURE 4. A comparison of CPM effects based on changes in Pain50 vs. the PDT. The CPM effect at PDT and Pain50 only significantly differs in the healthy group. In both the healthy and chronic pain group the inhibitory CPM effect is more pronounced when calculated as a change in pain ratings at Pain50 than a change in the pressure pain detection threshold (PDT). Pain50 is the stimulus intensity that evokes a pain rating of 50/100, where 0 is no pain and 100 is the worst pain imaginable. Line within box is the median, edges of box are 25th to 75th percentiles, and the whiskers denote the maximum and minimum. Asterisks denote significant difference within-subjects (p < 0.05).




Difference Between CS Pressure at Pain50 and 70% PTT

The standard software that drives the NociTech Inc. pressure cuff system sets the CS pressure at 70% PTT for the CPM test. While we compared the CPM heat and pressure paradigms with TS pain intensity ratings at Pain50, the CS in the heat paradigm was set to Pain50 while in the pressure paradigm the CS was set to 70% PTT. Therefore, this analysis assesses whether the pressure at Pain50 was significantly different from the 70% PTT used to set the CS.

The healthy group data was not normally distributed (W = 0.87, p = 0.02) and so was assessed using non-parametric statistics. This indicated that there was no significant difference (Wilcoxon signed rank test: V = 105, p = 0.42, r effect size = 0.20) between the CS pressure at Pain50 (34.2 ± 13.4 kPa, median = 35.9 kPa) and the CS pressure at 70% PTT (33.7 ± 12.5 kPa, median = 34.6 kPa). Similarly, in the chronic pain group, there was no significant difference (t = −0.68, p = 0.51, Cohen's d = −0.18) between the CS pressure at Pain50 (47.9 ± 14.4 kPa, median = 49.6 kPa) and the CS pressure at 70% PTT (50.3 ± 12.9 kPa, median = 52.7 kPa). For comparisons purposes this was also checked using the non-parametric test, and a similar conclusion was found using the Wilcoxon signed rank test (V = 35, p = 0.79).



Relationship Between CPM and Clinical Pain Parameters

The relationships between CPM and measures of clinical pain (i.e., painDETECT, BPI pain interference, and BPI pain severity) are shown in Figure 5. In general, both the heat-based (r = −0.55), and pressure-based (r = −0.32) CPM effects were not significantly correlated with painDETECT scores (heat: t = −2.06, p = 0.066; pressure: t = −1.10, p = 0.32). In addition, the heat-based CPM (r = −0.28) and pressure-based CPM (r = −0.28) were not significantly correlated with BPI average interference scores (heat: t = −0.93, p = 0.38; pressure: t = −0.92, p = 0.38). Similarly, the heat-based CPM (r = −0.23) and pressure-based CPM (r = −0.21) were not significantly correlated with BPI average pain severity scores (heat: t = −0.73, p = 0.48; pressure: t = −0.68, p = 0.51). Overall, all the clinical pain parameters showed non-significant trends toward being negatively correlated with both CPM paradigms, with the heat-based CPM and painDETECT scores showing the strongest correlation that approached significance (r = −0.55, p = 0.066).
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FIGURE 5. Relationship between clinical pain and CPM. The top graph indicates that there is a trend toward greater inhibitory heat-based CPM effects in those people with higher levels of neuropathic pain based on PainDetect (r = −0.55, p = 0.066). In the painDETECT questionnaire scores 12 or lower to indicate non-neuropathic pain, 13–18 mixed neuropathic pain, and 19 or greater indicates the presence of neuropathic pain is likely (categories indicated by the dotted lines). The middle and bottom graphs depict the relationship between CPM and the Brief Pain Inventory (BPI) interference and pain severity scores. The BPI interference and pain severity scores are negatively correlated with CPM effect but neither of these correlations are significant (p < 0.05).





DISCUSSION

This study sought to interrogate paradigms that could potentially be used to evaluate CPM consistently and easily for research and clinical investigations. Toward this goal, our study aim was to compare heat and pressure paradigms that can be used to evaluate CPM in healthy individuals and those with chronic pain. Our main findings were that 1) in healthy individuals, the pressure-based paradigm produced a stronger inhibitory CPM compared to the heat-based paradigm, and most participants exhibited modality-dependent CPM effects (i.e., inhibitory vs. facilitatory), 2) in people with chronic pain, there was no significant difference in the CPM evoked by the pressure- and heat-based paradigms, with the majority exhibiting modality-independent CPM effects, 3) the pressure paradigm evoked a similar (in chronic pain individuals) or more inhibitory CPM effect (in healthy individuals) when calculating CPM based on the Pain50 level compared to the pain detection threshold (PDT), 4) The healthy group had a significantly more inhibitory CPM than the chronic pain group in the pressure paradigm but not the heat paradigm. Overall, our findings indicate that the interpretation of CPM effects in healthy individuals needs to consider the stimulus modality and metric used to calculate CPM. Importantly though, given that the heat and pressure CPM paradigms evoke similar CPM magnitudes in chronic pain, our findings provide support for the adoption of a faster, more robust and more easily administered pressure-based paradigm to assess CPM in clinical populations and in research environments.

Overall, across subjects, the average pain evoked by a pressure stimulus induced a more inhibitory CPM effect compared to pain evoked by a heat stimulus. Possible factors underlying this finding could include that the pressure stimulus can recruit A-beta fibers and the pressure cuffs can induce additional recruitment of nociceptors from the deep-somatic stimulus and from the larger surface area compared to thermodes and this could have triggered a greater response of the descending anti-nociceptive control system (26–28). Curiously though, we found that it was only in the healthy individuals that the pressure paradigm induced a significantly more robust inhibitory CPM effect than the heat paradigm, whereas there was no significant difference between the CPM effect induced by these paradigms in individuals with chronic pain. This suggests that the assumption that a similar CPM effect can be achieved by any stimulus modality holds true for those with chronic pain but not healthy individuals.

A large systematic review of CPM studies highlighted that regardless of stimulus modality (electrical, mechanical, etc.) the majority of studies did not find any significant correlations between CPM and clinical attributes and manifestations of pain (e.g., pain intensity, severity disability, interference, and duration) (29). This aligns with our findings that BPI and PainDetect scores did not significantly correlate with CPM from the pressure paradigm. Interestingly though, this systematic review noted an exception to their overall conclusion was for the studies that used thermal TS and CS, 55% of these studies had negative significant correlations between CPM and clinical pain (29). They also found across all the studies that the clinical manifestations of pain and the CPM effect were not significantly correlated in any of the studies in idiopathic pain and most of the studies with nociceptive pain, although, about half of the studies of neuropathic pain did report a significant correlation between CPM and pain (29). Taken together these findings support our finding that the strongest correlation of heat-based CPM with a clinical pain measure was with the painDETECT scores (an assessment of neuropathic pain). A link between neuropathic pain and CPM particularly in heat-based paradigm but not a pressure paradigm, was also recently found in a study of CPM effects using heat and pressure test paradigms in people with painful and non-painful diabetic polyneuropathy (DPN) (30). This study reported that the inhibitory CPM evoked by heat was significantly correlated with greater neuropathic pain (30). This suggests that in our population of people with chronic pain, the severity of their clinical pain and its interference on activities of daily living may not greatly impact their ability to exhibit an experimentally-induced CPM. However, the neuropathic nature of their pain may impact the heat-based CPM, but not the pressure-based CPM. This finding suggests that the experimental pressure-based CPM test can be used to assess CPM ability in patients with chronic pain regardless of the severity, neuropathic aspect, and interference of their chronic pain.

Despite CPM not necessarily being related to the magnitude of clinical pain, it nonetheless holds great potential clinical utility because a weaker inhibitory CPM in individuals with chronic pain can distinguish them from healthy individuals with stronger inhibitory CPM (13, 29). This is thought to be due to individuals with weak inhibitory CPM being more at risk to develop chronic pain and/or once chronic pain develops it exhausts the pain inhibition capacity leading a weaker inhibitory CPM than healthy individuals (2). This aligns with our findings in the pressure paradigm where the healthy group had a significantly more inhibitory CPM than the chronic pain group, however this was not the case in the heat-paradigm. Clinical translation of a CPM paradigm could guide treatment selection for individuals in that it could assess the risk of post-operative chronic pain and predict treatment efficacy (4). Since CPM in the chronic pain individuals was not significantly different between pressure and heat-based paradigms, either could be translated to the clinics. The main limitation of translating the pressure cuff-based CPM paradigm is that it cannot be used on those with cardiovascular health concerns. However, the limitation of the heat paradigm is that despite the familiarization and habituation step used to find Pain50 in the heat paradigm, often the first TS1 is still not rated at a pain intensity of 50/100 and therefore extra time was then needed to re-calibrate the Pain50 before running the CPM protocol. In the pressure paradigm this was never necessary because the pain tolerance threshold could be reached in under 100s, we often could run the paradigm in under 10 min. An additional practical challenge with the heat paradigm is that care had to be taken so that the thermode lays flat on the skin, but the straps are not too tight to avoid pressure confounding the pain intensity rating of the heat stimulus. Thus, overall, the pressure paradigm was faster to run, simpler to administer, and the equipment is somewhat more straightforward, and thus may be more adaptable to a clinical setting.

One limitation of comparing a heat to a pressure paradigm is that elements of the protocols were different for the two approaches which limits an exact head-to-head comparison. For example, the heat paradigm was based on the administering rapidly increasing intensity of stimuli for blocks of time and asking a participant to provide a single rating of the evoked pain intensity. In contrast, in the pressure paradigm, stimuli were delivered continuously at a slowly increasing intensity and participants provided continuous ratings of pain intensity. However, it is of note that in the pressure protocol, we calculated CPM using the change in pain rated at Pain50 rather than the change in pressure pain detection thresholds that has been used by some research labs (21–23). We chose this approach so that we could more directly compare the pressure paradigm to heat paradigm which used Pain50 to avoid floor effects (20, 31). Additionally, much of what is known of the underlying mechanisms of CPM are based on animal studies of DNIC that used suprathreshold stimuli, and this is similar to using the suprathreshold metric of Pain50 stimuli. In contrast a determination of CPM as a threshold change (i.e., PDT) may be due to a different underlying mechanism. For example, a change in pain evoked by a suprathreshold stimulus may be more reflective of a mechanism related to hyperalgesia rather than a measure of a threshold change which may be more akin to an allodynia mechanism. Although assessing pressure CPM at Pain50 is a departure from the approach used by other labs, we note that in individuals with chronic pain there was no significant difference in pressure CPM calculated using Pain50 vs. PDT. However, in healthy individuals using Pain50 resulted in a significantly stronger inhibitory CPM compared to using PDT. Unexpectantly, the mean Pain50 pressure was higher in the chronic pain group than in the healthy control group. The reason for this is not clear given that the PDT pressures were similar in the healthy and chronic pain groups, suggesting that sensory loss is not a factor. However, healthy individuals unfamiliar with deep intense pain may be more sensitive to the pressure stimulus and thus have a lower Pain50 pressure compared to those with chronic pain whose ratings to the stimulus may be perceived as relatively less painful given their experience from their condition.

The relatively small sample size and diversity in types of chronic pain conditions in this study may have precluded the ability to detect significant correlations between clinical measures and CPM in the chronic pain group. This sample size limitation also did not allow us to carry out an extensive sex and age effect analysis in either group. Although the proportion of males and females in our study was not significantly different between groups, the healthy group was significantly younger than the chronic pain group. Interestingly, a recent study in healthy individuals found the age effect was larger than the sex effect; across all the different stimulus modality paradigms younger males had the strongest inhibitory CPM (32). This aligns with previous findings showing that younger and healthy individuals on average have a stronger inhibitory CPM than older individuals and those with chronic pain (13). Here in our study as well, the somewhat younger healthy group had a significantly more inhibitory CPM than the older chronic pain group in the pressure paradigm. Therefore, the CPM we found to be evoked at Pain50 in the pressure paradigm was more consistent with age and health effects in the literature than the heat paradigm.

In conclusion, this study found that a pressure-based CPM paradigm evoked an inhibitory CPM effect in most participants (healthy individuals and those with chronic pain), but was significantly stronger than the heat-based CPM only in the healthy individuals. Similarly, CPM in the pressure-based CPM paradigm at Pain50 was significantly more inhibitory than at pressure pain detection threshold in healthy individuals. In individuals with chronic pain the paradigm type is not critical because the pressure CPM does not significantly differ from heat CPM and PDT CPM. Given our finding that the pressure paradigm may be less impacted from clinical neuropathic pain and can be carried out using a relatively simple system with a shorter test time than heat-based paradigm, we propose that the pressure-based CPM paradigm offers a good option for use in research studies and is particularly well-suited for clinical use, potentially to aid in assessing predictive factors of treatment outcome.
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There is strong evidence that psychosocial variables, including pain catastrophizing, influence parental and child ratings of pain, pain expression, and long-term outcomes among children with chronic pain. The role of these factors among children who have communication deficits due to cerebral palsy (CP) and other intellectual and developmental disabilities is currently unclear. In this study, parental pain catastrophizing was assessed before intrathecal baclofen (ITB) pump implantation for spasticity management in 40 children and adolescents with CP, aged 4 to 24 years. Pain was assessed before and after surgery with two methods: a parent-reported pain interference scale, and behavioral pain signs during a standardized range of motion exam. Linear mixed models with clinical/demographic factors and scores from the Pain Catastrophizing Scale for Parents (PCS-P), and child spoken language ability as predictors and the pain variables as the outcomes were implemented. On average, both pain outcomes improved after surgery. Only child spoken language ability predicted change in behavioral reactivity scores, with children with phrase speech showing an increase in reactivity at follow-up compared to pre-surgery levels, on average. A significant interaction between PCS-P scores and spoken language ability on change in pain interference scores over time showed that dyads with children with phrase speech whose parents reported high PCS-P scores reported the least improvement in pain interference at follow-up. Due to the preliminary nature of the study, future work is needed to investigate the parental behaviors that mediate the relationships between parental catastrophizing and pain outcomes in this population.

Keywords: catastrophizing, cerebral palsy, pain measurement, pain behaviors, parent child dyads, communication, observational pain assessment tools


INTRODUCTION

For children with complex communication needs resulting from intellectual and developmental disabilities (IDD) such as cerebral palsy (CP), parents play an essential role with regard to pain assessment and treatment. Cerebral palsy (CP) is the most common motor disability in children and musculoskeletal pain is very common in children and adolescents (1–3), and adults with CP (4). Because many individuals with severe CP cannot self-report their pain, particularly when cognitive impairment is also present, parents or other primary caregivers must interpret their child's behavior when they suspect that their child is experiencing pain to determine the severity and source of that pain, when to seek treatment, and what type of treatment to seek. It is well established that individuals with IDD frequently express pain in idiosyncratic ways (5), such as freezing or even laughing, so people who are unfamiliar may misinterpret these signs. As a result, clinicians often rely on caregivers to serve as proxy reporters for their child's pain, making their judgements a critical component of medical care.

Although parents and other primary caregivers are the most appropriate proxies for judging pain in children with IDD in most cases, many factors can influence both pain expression on the part of the child and judgements about the presence or severity of pain on the part of the caregiver. The Social Communication Model of Pain posits that the experience and expression of pain is the result of an integration of various biological, social, and psychological factors at the intrapersonal and interpersonal levels, involving not just the person experiencing pain, but also others present in the environment (6, 7). The model suggests that pain is not a simple biological construct, but a multifaceted dynamic process that is shaped by an individual's history and social environment.

For children and adolescents with (or without) severe disability, pain expression takes place within family microcultures. Repeated interactions and patterns of communication about pain over time have reciprocal influences on how pain is expressed and managed within the family system. Specific to children and adolescents with complex health care and communication needs who cannot reliably self-report, when considering proxy reports of pain, presumably the caregiver's own biological, affective, cognitive, and social factors influence both how the caregiver makes judgements about the presence and severity of pain, and the caregiver's behavioral responses to that pain. Relevant factors may include the caregiver's personal history of pain experiences, their sensitivity, biases, knowledge about pain and disability, and their relationship and perceived duties toward the child in pain (6). Such individual factors interact with dyadic parent-child variables and family level variables, according to family systems theory (8). Various moderators or mediators may be present, such as the child's age or developmental stage (9).

Among parents of children with chronic pain without IDD, parental behaviors, including modeling of pain behaviors and responses to child pain behaviors, have been shown to affect their child's pain expression, ratings of pain severity, and mental health and functional outcomes (10–13). In these studies, however, the children experiencing pain had no developmental or physical disabilities that affected their ability to communicate about their pain. It is therefore unclear how the psychosocial factors in the family environment affect pain expression and pain assessment among families of children with IDD, for whom conventional forms of communication are more difficult or absent.

Negative cognitive and emotional states with regard to pain have emerged as critical psychosocial variables in understanding individual differences in pain perception and experience. Although many different measures of pain cognitions exist, the self-report and parent-report versions of the Pain Catastrophizing Scale [PCS; (14, 15)] are among the most widely used. Catastrophizing is defined as “an exaggerated negative mental set brought to bear during actual or anticipated painful experience” [(16), p. 220]. People who are high catastrophizes judge pain stimuli as more threatening and express exaggerated pain reactions (17). Vervoort et al. (18) reported that catastrophic thinking moderated the relationship between parental presence/absence and facial expression of pain during an experimental pain paradigm among typically-developing children, suggesting potentially complex relationships between cognitive factors, the social context, and pain expression among typically-developing children.

Although it is typical and even adaptive in many cases for parents to worry about a child's pain, when worry becomes extreme it can become maladaptive, particularly in the context of chronic pain. Most studies have found that child pain catastrophizing is a stronger predictor of pain outcomes than parental pain catastrophizing among typically-developing children and adolescents with chronic pain. There is good evidence, however, that parent catastrophizing has an indirect influence on child outcomes primarily through its impact on child catastrophizing (19). In a triadic study of pain catastrophizing, Kraljevic et al. (20) found a significant positive correlation between the pain catastrophizing of fathers, mothers, and adult children. A systematic review found that parent catastrophizing was significantly related to increased child disability, depression, and parenting stress, yet weakly associated with child-reported pain intensity (21).

When the individual experiencing pain cannot advocate for themselves, the potential of parent catastrophizing to influence the parent's proxy report of their child's pain raises questions about the validity of these reports as accurate reflections of the child's pain experience. Parental psychosocial factors may also indirectly shape how children and adolescents express pain through the parent's behavioral responses to child pain behaviors. Therefore, the present study is a secondary data analysis exploring relationships between scores on the Pain Catastrophizing Scale for Parents in relation to pain outcomes in children and adolescents with CP with varying degrees of communication abilities. This was done in the context of a study primarily designed to evaluate the impact of surgical implantation of intrathecal baclofen (ITB) pumps on pain outcomes among children and adolescents with severe spasticity due to CP [see (22, 23)]. ITB implantation has been shown to reduce spasticity and parent-reported pain among individuals with CP (24, 25), but no studies have examined the influence of caregiver factors on pain outcomes in this population. We anticipated that the relationships between parental pain catastrophizing and the pain measures, including change over time, might differ by child communication ability. We hypothesized that parental pain catastrophizing would be positively correlated with parental pain interference ratings and behavioral expression of pain at a group level, and that both measures would show significant decreases following ITB implantation.



METHOD


Participants

Parent-child dyads in which the children had clinical diagnoses of CP and were scheduled for ITB implantation at a specialty pediatric hospital were eligible for participation in this prospective cohort study. The sample represents a clinical convenience sample formed through consecutive enrollment based on scheduled ITB pump implant surgery. A total of 63 dyads participated between October 2013 and March 2019. For the current analyses, dyads were excluded if: the Pain Catastrophizing Scale was missing because the caregiver did not speak English fluently enough to complete it (n = 2), or due to time constraints (n = 2), the adult who attended the surgery and completed the initial questionnaires was not a primary caregiver for the child (n = 4), the same caregiver did not complete the questionnaires at all visits (n = 3), or the dyad did not complete any follow-up assessments within 90–280 days (~3 to 9 months) following the implantation (n = 6). In addition, preliminary analyses suggested that patterns for both the parent-reported and direct observational measures differed between male and female caregivers. Because the sample of fathers who participated in the study was too small to provide stable estimates (n = 5), these dyads were excluded from the analyses, so all participants represent mother-child dyads. Finally, data from visits that occurred within 3 months of a major surgery or procedure, or during which parents reported acute pain, such as due to acute illness or injury, in the previous week were excluded to ensure that pain scores reflected primarily the influence of chronic pain. This resulted in the exclusion of one additional participant with no study follow-up study visits without reported acute pain. A final sample of 40 dyads contributed two valid data points for the pain scores. Of these participants, 32 completed at least one in-person follow-up assessment in the 3 to 9-month post-operative period. Observational data from two participants were not usable due to technical difficulties and/or challenges obtaining clear views of the participant's face during the standardized exam at one or both time periods, and one participant had acute pain at both follow-up visits during the time window. The final sample for the direct observation analyses was therefore 29. Demographic and clinical factors by communication status are reported in Table 1.


Table 1. Participant dyad demographics by analysis.
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Procedure

As part of a larger prospective intrathecal baclofen (ITB) outcomes project, parent-reported psychosocial assessments were completed before ITB implantation for spasticity management. Assessments regarding pain and comfort, including the standardized pain exam, were completed prior to surgery and again at ~3, 6, and 9 months post-surgery. Parents completed the initial measures on an iPad with the assistance of a researcher. Parents completed the follow-up measures on their own via an online REDCap survey. The direct observational assessment was completed in clinic areas while the participants were present prior to surgery and at follow-up standard of care appointments. The 3 to 9-month window for follow-up was selected for the current analyses because previous studies have shown that ITB results in decreases in pain within this period (23, 26) the initial 3-month visit was for complete post-surgical recovery, and in general, the time window minimized the risk of intervening surgeries or other health events that could interfere with the results. If participants had two time points with valid data within the selected 3 to 9-month window, the date closest to the 180 days post-surgery was selected for analysis. The average time to follow-up after surgical implant was 172 days (range = 95–251) for parent questionnaires and 175 days (range = 99–251) for the direct observational measure.



Measures


Pain Interference

A modified version of the Pain Interference subscale of the Brief Pain Inventory (BPI) as described by Tyler et al. (27) was used to assess the degree to which parents perceived that ongoing pain interfered with daily living for their child. The scale includes 10 items, each rated on an 11-point scale (0 = pain did not interfere, 10 = pain completely interfered). The items include general activity, mood, mobility, work school or chores, relationships with other people, sleep, enjoyment of life, self-care, recreational activities, and social activities (27). A previous study examining the psychometric properties of this modified version of the BPI reported that scores were significantly correlated to other proxy-completed pain assessments, such as the Dalhousie Pain Inventory (28). In our sample, Cronbach's alpha of the BPI was 0.97 at Time 1 and 0.98 at Time 2.



Pain Catastrophizing Scale for Parents

The PCS-P (assessed at Time 1 only) is a 13-item scale characterizing thoughts and feelings that parents may experience when their child is in pain (14). Parents rate the frequency with which they experience thoughts and feelings on a 5-point scale (0 = “not at all”, 4 = “extremely”). In our sample, Cronbach's alpha of the PCS-P was 0.93.



Spoken Language Ability

Participants with CP were grouped into three groups according to their spoken language ability based on parent-reported verbal ability (phrased as a yes/no question), and observation of the child's spoken language during the study visits. Participants who were reported to not use spoken language were categorized as “none”, those who were reported to use spoken language were grouped into “some words” or “phrase speech” based on observations of the participants during study visits. Participants who did not speak during the visits, or who spoke in brief utterances (i.e., no more than two words) were categorized as using “some words”, and those who uttered at least one three-word utterance during the visit were categorized as having “phrase speech”.



Demographic Information

Additional demographic information, including degree of cognitive/intellectual impairment (i.e., no impairment, mild/moderate, or severe/profound), child's date of birth, parental sex and educational attainment, and race/ethnicity were collected via a parent survey.



Gross Motor Function Classification Scale

The GMFCS is designed to provide an objective classification of motor disability in children with CP, with an emphasis on sitting and walking. Function is divided into five levels, with children at Level I having the most independent motor function and Level V having the least (29). Because a large majority of the children in the current study were functioning at GMFCS levels IV or V, those in levels II and III were grouped together for analysis purposes.



Pain Examination Procedure

A standardized range-of-motion pain examination procedure (PEP) was completed at both time points. The PEP was designed to identify potential sources of pain or discomfort, such as spasticity or gastrointestinal pain. This exam has been used in previous studies of assessing pain- and discomfort- related nonverbal behavioral reactivity to experimental pain in IDD, including Rett syndrome, a neurodevelopmental disorder with associated motor impairment (30). The PEP involved the examiner slowly moving each joint of the arms and legs through its full range of motion in a standard sequence. The exam also included rotation of the head to each side, but due to the face being difficult to score during the head movements, reactivity was only scored for the arm and leg portions. The procedure was video recorded for later scoring by trained observational coders.



Direct Observational Scoring

Behavioral reactivity was scored for each limb of the PEP using a modified version of the Pain and Discomfort Scale (31–33), a behavioral coding system consisting of observationally-defined nonverbal signs of pain and discomfort derived from the Non-Communicating Children's Pain Checklist–Revised (34). Behaviors were scored in four categories: upper face behaviors included brow furrows, eyebrow raises, eye squeezes, narrowing of eyes, lip puckering, and rapid blinks; lower face behaviors included parted lips, mouth opening, mouth stretches, smiles, or grimaces, tongue thrusts, teeth grinding, and biting lips; body codes included flinches, movements away from the examiner, and guarding of the limb being touched (e.g., blocking the examiner's attempt with another body part); vocalizations included any vocalizations if the participant was nonverbal (e.g., moaning, grunting, yelling) and only words related to the experience if participants had verbal language (e.g., “that hurts”).

To start, coders identified behaviors that would meet the operational definitions for the codes described above but occurred repeatedly or constantly outside the context of the exam. These codes were only scored during the exam if they increased in intensity or frequency during the PEP, such as a slightly open mouth at baseline opening widely during an arm movement. This process was included to minimize the impact of movement disorders or other idiosyncratic non-pain movements on scores. Subsequently, each behavioral category was scored for each limb of the four limbs on a 0–3 scale, with 0 being no observed behaviors from that category and three being three or more seconds or three or more occurrences of a defined behavior in that category. Scores for each category were summed for a total score for each limb from 0 to 12, and a total test score of 0 to 48.

All coders were trained to a 90% or higher interobserver agreement criteria with the lead coding trainer. All videos were first coded independently by two coders, then disagreements between the two coders' score sheets were resolved via consensus to create a final score for each PEP. Pre-consensus IOA for this sample was 86.50% (SD = 6.13).




Statistical Analyses

Descriptive statistics, including means and standard deviations, were calculated for all variables. Paired t-tests were calculated to evaluate simple change from before surgery to follow-up for each outcome. For descriptive purposes, change scores for each outcome were calculated by subtracting the value for each participant at follow-up from their value prior to surgery. Bivariate correlations were calculated for all continuous predictors and outcomes, including change scores.

Restricted maximum likelihood linear mixed models were used to evaluate change relationships between demographic factors, communication abilities, and PCS-P scores on change in pain interference, and behavioral reactivity scores. All analyses were conducted in R (35) using the lme4 (36), lmerTest (37), ggeffects (38), and cAIC4 (39) packages. P-values for fixed effects were estimated via the Satterthwaite approximation (37) for descriptive purposes only. For each outcome, a full model was calculated and then backwards elimination was used to remove uninformative terms from the models by comparing AIC values at each step (40). The model with the smallest conditional AIC value was selected as the final model (39). All models included random intercepts for participant dyads. The initial full models included time (i.e., before surgery and at follow-up), child sex, child age, GMFCS level (i.e., Levels II/III and Level V each compared to Level IV), spoken language ability, PCS-P scores, and the interaction between communication score and PCS-P score as predictors. Because preliminary analyses suggested that the “no spoken language” and “some words” groups did not differ from each other in any of the models, spoken language ability was dichotomized into “phrase speech” or “no phrase speech” for the purposes of the analyses. Each predictor was also included as an interaction with time to evaluate its effect on the slope of change. All continuous predictors were mean-centered and scaled to range from −1 to 1 to maximize the likelihood of model convergence. Time to follow-up (in weeks) was not correlated with any of the predictors or outcomes and so was not included in any models. For interpretation of reduced model results, estimated marginal means were calculated at the 25th and 75th percentiles from the current sample for continuous predictors as high and low values.

Although pain interference scores showed significant skewing, residuals plots from the final model showed that the assumptions of heteroscedasticity and normality of the residuals were reasonably met when using Gaussian (identity) link models for both variables. Behavioral reactivity scores were approximately normally distributed.




RESULTS

No significant differences were found by spoken language ability for child age or sex, parental educational attainment, race, or PCS-P, or pain interference scores. Although behavioral reactivity scores did not differ between dyads with and without phrase speech prior to surgery (t27 = 0.537, p =0.596), the two groups did show significant differences at follow-up (t27 = −3.992, p < 0.001). There was a strong association between verbal ability and reported degree of cognitive impairment (gamma = −0.763, p < 0.001), and between communication ability and GMFCS (gamma = −0.701, p < 0.001). Descriptive statistics by spoken language ability are reported in Table 2.


Table 2. Summary of demographic and clinical characteristics by spoken language status.
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Correlations among the pain outcomes and child age are reported in Table 3. At the bivariate level, PCS-P scores were most strongly correlated with pain interference scores before surgery (r = 0.422, p = 0.007), and at follow-up (r = 0.374, p = 0.017). Behavioral reactivity scores were not associated with parental pain catastrophizing. None of the variables were associated with child age.


Table 3. Bivariate relationships among all predictors and outcomes.
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Full and reduced model results for pain interference scores are presented in Table 4, and estimated marginal means are presented in Figure 1. On average, pain interference score decreased from 41.68 (SD = 32.63) prior to surgery to 22.23 (SD = 23.91) at follow-up [t(39) = 4.00, p < 0.001, Cohen's d = 30.73]. Child age and sex were not maintained in the final model as main effects or interactions with time. GMFCS level was maintained as a main effect only. On average, individuals functioning at Level V (i.e., requires support to sit) had higher reported pain interference scores across both time points. The three-way interaction between spoken language, PCS-P scores, and time was retained in the reduced model. Among dyads in which the child did not use phrase speech, estimated pain interference scores estimated at the 25th percentile of PCS-P scores decreased were 21.89 [95% CI: (4.58, 39.20)] prior to surgery and 4.29 [95% CI: (−12.95, 21.72)] at follow-up; at the 75th percentile of PCS-P scores, estimated pain interference scores were 45.98 [95% CI: (28.68, 63.27)] and 13.48 (−3.87, 30.84). For dyads in which the child had phrase speech, at the 25th percentile of PCS-P scores, estimated pain interference scores were 25.54 [95% CI: (5.41, 45.67)] and 15.93 [95% CI: (−4.20, 36.06)]; at the 75th percentile of PCS-P scores, estimated pain interference scores were 35.71 [95% CI: (8.69, 62.74)] and 38.63 [95% CI: (11.60, 65.66)].


Table 4. Full and reduced linear mixed model results for pain interference scores.
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FIGURE 1. Estimated marginal mean pain interference scores at the 25th and 75th percentile scores on the Pain Catastrophizing Scale for Parents (PCS-P) by child spoken language ability prior to surgery and at follow-up.


Full and reduced model results for total behavioral reactivity are presented in Table 5. For the total behavioral reactivity during the PEP, scores decreased from an average of 23.28 (SD = 7.30) prior to surgery to 18.93 (SD = 7.71) at follow-up [t(28) = 2.94, p = 0.014, Cohen's d = 8.92]. Child sex, gross motor function, and PCS-P scores were not retained in the reduced model. Only child age and phrase speech were maintained as main effects and interactions with time. Estimated marginal means over time for dyads in which the child did and did not use phrase speech are presented in Figure 2. Overall, dyads in which the child did not use phrase speech showed a decrease in behavioral reactivity from 23.25 [95% CI: (20.26, 26.24)] to 17.44 [95% CI: (14.42, 20.46)], whereas dyads in which the child used phrase speech showed no substantial change in behavioral reactivity, with a mean of 20.78 [95% CI: (14.79, 26.76)] prior to surgery, and 24.66 [95% CI: (18.72, 30.59)] at follow-up.


Table 5. Full and reduced linear mixed model results for behavioral reactivity scores.
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FIGURE 2. Estimated marginal mean behavioral reactivity scores prior to surgery and at follow-up by child spoken language ability.




DISCUSSION

The purpose of this exploratory study was to evaluate whether child spoken language ability and parental pain catastrophizing influenced parent-reported pain and child behavioral expression of pain during a standardized pain exam among children and adolescents with CP undergoing ITB implantation. Overall, parents' pain interference ratings showed substantial decreases following ITB pump implantation, but the changes in behavioral expression of pain were modest. The interaction between PCS-P scores and child language ability scores predicted change in pain interference scores over time, with dyads in which the child used phrase speech and the parents reported high PCS-P scores estimated to have the smallest decreases in pain interference scores. As anticipated, however, higher PCS-P scores were associated with higher pain interference scores across levels of communication ability. These results suggest that, although parental negative pain cognitions appear to be related to estimated pain interference prior to surgery, relatively independent of the child's ability to communicate verbally, the change in parents' perceptions of pain interference following surgery may depend, at least in part, on the child's verbal communication ability. Nevertheless, these effects were fairly modest, and confidence intervals for the estimated pain interference scores were wide, particularly in the group with phrase speech. Further, the findings do not provide information regarding the causality of the relationship between pain interference and PCS-P scores. In the context of chronic pain, this relationship is likely bidirectional, with higher child pain leading to greater parental catastrophizing, which in turn, leads parents to restrict activities or engage in other protective behaviors that ultimately increase child disability and chronic pain (9). Still, these results provide preliminary evidence that parent pain-related cognitions and resulting behaviors that are believed to mediate the relationships between cognitions and child pain outcomes may be most pronounced among dyads in which the child has more spoken language abilities. This relationship may be mediated by differences in the child's ability to describe their pain and advocate for pain relief, how parents talk with their children about their pain, and the degree to which the children are able to imitate and learn from their parents' pain-related behaviors. Prospective longitudinal studies that evaluate parent psychosocial factors prior to the onset of child chronic pain are needed to fully understand these complex relationships.

PCS-P scores were not associated with behavioral reactivity in the current analysis. Although behavioral reactivity did not differ by spoken language ability prior to surgery, on average, individuals without phrase speech showed relatively large decreases in behavioral reactivity across time, whereas individuals with phrase speech showed no substantial change and a trend toward increasing reactivity. The reasons for this finding are unclear, although there are several potential explanations. One plausible explanation is that the finding is attributable, at least in part, to differences in cognitive ability between the two groups. Cognitive function was not formally measured in this study, and as such was not included in the statistical models. Assessing cognitive ability among children with severe communication and motor impairments is extremely challenging, but evidence suggests that communication abilities are often (but not always) correlated with cognitive ability in CP (41, 42). It is therefore plausible that individuals with more language abilities were also more aware of the context in which the study took place, and therefore more likely to exhibit anxiety in anticipation of the potentially painful exam, which may have inflated their reactivity scores at follow-up. Alternatively, it is possible that the behavioral observation scale used, which was designed to evaluate pain and discomfort among individuals with severe IDD, is not a valid measure for use among individuals without cognitive impairment. Behavioral expression of pain varies widely between individuals, and it is possible that individuals with more severe cognitive impairment may be less susceptible to social and environmental influences that may lead individuals to mask or suppress signs of pain. Scores for the two groups did not differ prior to surgery, however, suggesting that the measure captured some pain signs in this group in this context, and making this explanation less likely. Finally, because individuals with phrase speech were also more likely to have better gross motor function, it is possible that the observed differences are due to these factors as opposed to communication ability specifically. GMFCS level was included in the statistical models, however, and did not contribute to model fit for the behavioral reactivity models, suggesting that gross motor function does not account for the finding.

Although the current study was not set up to evaluate longitudinal relationships between the pain outcomes, it is notable that change in pain interference was not significantly correlated with change in behavioral reactivity. One possible explanation for these null results is that the way in which the standardized pain examination was implemented may have obscured improvements in musculoskeletal pain for some participants. Because the protocol indicated that the examiner should move each joint through the full range of motion to the degree possible, many participants likely exhibited a greater range of motion in their joints at follow-up due to the effects of the ITB pump. As a result, it is possible that changes in behavioral reactivity were not observed for some participants because there were minimal changes in the amount of pain elicited, despite likely improvements in pain during activities of daily living. Future work using similar measures should consider ways to control for such variability in the change of range of motion.

To our knowledge, this study was the first to examine the relationships among PCS-P scores, child spoken language ability, and pain outcomes among children and adolescents with IDD and associated chronic health conditions. As such, the study was exploratory in nature and all of the findings should be considered preliminary and specific to the sample. It is unclear whether these results would be replicated among samples of individuals with different etiologies of IDD, or in samples of individuals with CP without intellectual disability. Given the important role of parents as advocates for their children in healthcare contexts, future research is needed to replicate and extend these results.

The small sample size and missing data, particularly for the direct observational measure, are significant limitations of the current study. The dyads with complete data likely were not representative of the population of mother-child dyads undergoing ITB implantation. It is likely that the participants who returned to the hospital for follow-ups (as opposed to seeking follow-up care with other providers) differed from those who did not in terms of geographic location and other demographic factors. Because of the small number of father-child dyads who participated in the study, we were unable to include this group in the analyses. Preliminary analyses showed that pain catastrophizing scores, pain interference scores, and behavioral reactivity scores were all lower among father-child dyads compared to the rest of the sample, suggesting a potential influence of parent sex on parent psychosocial factors and child outcomes. Previous research has shown that mothers typically engage in higher levels of pain catastrophizing than fathers (43). As only one parent completed the measures, we were unable to consider triadic influences in two-parent families, or the role of sibling influence at the sibling subsystem or family level. Future research should consider specifically selecting for differences in family structures and expanding beyond the dyadic level to better understand these relationships.

Another limitation is that the pain measures used in the study did not specifically differentiate between acute and chronic pain. Although we attempted to isolate the effects of chronic musculoskeletal pain in the current analyses, relying on parent report of recent painful events is imperfect. Visits in which the parent reported a recent acute pain were excluded from the analyses, but this likely missed pain events that were not mentioned by or known to the parent. Nevertheless, we believe that the current results primarily reflect the impact of chronic pain in this population.

Several participating dyads did not complete the relevant questionnaire measures because translated versions of the measures were not available and the parents did not speak or read English well enough to complete them. As is the case for many pain studies, the resulting study sample was predominantly white and well-educated. Because pain experience and expression are likely influenced by family ethnocultures and microcultures (44), research in more diverse samples is needed to evaluate whether the impact of parent psychosocial factors on child outcomes varies across ethnic, racial, and socioeconomic groups.

In addition to the limitations already noted, several additional issues should be considered. Although the PCS-P has been used extensively in other populations, there are many other psychosocial variables that likely play a role in how parents rate and respond to their child's pain. For example, parent behavioral responses to pain, parent and child symptoms of anxiety and depression, and specific coping strategies have all been associated with outcomes for typically-developing children and adolescents with chronic pain [e.g., (12, 45–48)]. There is also some disagreement in the literature regarding the validity of the construct of pain catastrophizing as measured through self-report (49). Nevertheless, it remains among the most predictive psychosocial variables examined to date. Categorization of child spoken language ability was also limited; as this study was a secondary data analysis, however, no other standardized communication, cognition, or adaptive behavior measures were collected. Because the phrase speech variable was based primarily on the behavior of the individual with CP during study visits, it is possible that some individuals with the ability to use phrase speech were missed. The measure also did not take into consideration receptive language ability or nonverbal forms of communication, including formal augmentative and alternative communication systems and devices.

Many different measures exist for the assessment of pain and discomfort among individuals with CP and IDD, and selection of measures likely influences their relationships with parental variables. The pain interference scale was selected for the current analysis because it is a global measure of the parents' perceptions of the degree to which their child's quality of life is impacted by pain, as opposed to a more direct measure of pain intensity. We hypothesized that this would be more closely related to parents' levels of pain catastrophizing than other parent-reported pain measures, although there is no work investigating these relationships. The direct observation measure was selected because it was specifically designed to elicit signs of the musculoskeletal pain that was considered to be most relevant in the current context. Although both measures used in the current study have previously been documented as useful pain assessments among children with CP, there is no consensus regarding the most appropriate measures for this population, and development and validation is an ongoing process. Future research is needed to evaluate the relationships between parent psychosocial factors and the various pain assessment methods and to determine the most useful measures for specific purposes.

Despite these limitations, the results of the current study provide preliminary evidence that parent and child factors may influence proxy report measures of pain in children and adolescents with CP, although child factors appear to be more relevant for the direct observational measure. Palermo and Chambers suggest an integrative framework for the role of parent and family factors in a child's pain (2005). In this framework, pain expression in the family is a reciprocal process influenced by a child's developmental status that occurs within an ecological context (9). Parent catastrophizing or child verbal ability could be understood as individual variables that impact the dyadic and family levels. At the dyadic level, the parent's catastrophizing influences the child's catastrophizing and the child's verbal ability impacts the parent's perceptions of the child's pain interference (19). For example, the child's pain expression may be influenced by their parent's modeling of pain expression over time, including facial expressions, vocalizations, and gestures. The parent's perception of pain interference may be influenced by the child's verbal complaints or requests for analgesics, comfort, or rest.

At the family level, the family microculture around pain expression and management may be influenced by pain catastrophizing and/or child verbal ability. Consistent with the communal coping model of pain, Kraljevic et al. describe a family's microculture around pain as a “specific cognitive style for coping with pain, which is associated with a child's responses to pain experiences” (2011, p. 115). Over the long term, catastrophizing may adversely affect family atmosphere; this is likely bidirectional, as there is also evidence that family dysfunction predicts catastrophic thinking (50). When a child has significant disabilities associated with chronic pain, such as cerebral palsy, the risk for adverse effect on family atmosphere likely becomes more pronounced. Child verbal ability is also likely to have an influence on the family microculture as it relates to their pain; the family's communal coping style and pain management patterns may more or less depend on verbal cues.

There is an urgent need to understand the variables that may influence proxy report of pain for individuals with IDD because of the clinical implications of analgesic decision-making in this vulnerable population. This is the first investigation showing that parent-reported pain interference and behavioral reactivity in the context of a standardized pain exam vary according to both parent (pain catastrophizing) and child (communication ability) psychosocial factors. The construct of pain catastrophizing and how it relates to parents serving as proxy pain reporters for their child with a developmental disability needs further investigation, as does the construct of child communication ability, and this investigation should be considered in the context of parent-child dyadic and family level interactions over time.
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Background: Self-reported pain levels, while easily measured, are often not reliable for quantifying pain. More objective methods are needed that supplement self-report without adding undue burden or cost to a study. Methods that integrate multiple measures, such as combining self-report with physiology in a structured and specific-to-pain protocol may improve measures.

Method: We propose and study a novel measure that combines the timing of the peak pain measured by an electronic visual-analog-scale (eVAS) with continuously-measured changes in electrodermal activity (EDA), a physiological measure quantifying sympathetic nervous system activity that is easily recorded with a skin-surface sensor. The new pain measure isolates and specifically quantifies three temporal regions of dynamic pain experience: I. Anticipation preceding the onset of a pain stimulus, II. Response rising to the level of peak pain, and III. Recovery from the peak pain level. We evaluate the measure across two pain models (cold pressor, capsaicin), and four types of treatments (none, A=pregabalin, B=oxycodone, C=placebo). Each of 24 patients made four visits within 8 weeks, for 96 visits total: A training visit (TV), followed by three visits double-blind presenting A, B, or C (randomized order). Within each visit, a participant experienced the cold pressor, followed by an hour of rest during which one of the four treatments was provided, followed by a repeat of the cold pressor, followed by capsaicin.

Results: The novel method successfully discriminates the pain reduction effects of the four treatments across both pain models, confirming maximal pain for no-treatment, mild pain reduction for placebo, and the most pain reduction with analgesics. The new measure maintains significant discrimination across the test conditions both within a single-day's visit (for relative pain relief within a visit) and across repeated visits spanning weeks, reducing different-day-physiology affects, and providing better discriminability than using self-reported eVAS.

Conclusion: The new method combines the subjectively-identified time of peak pain with capturing continuous physiological data to quantify the sympathetic nervous system response during a dynamic pain experience. The method accurately discriminates, for both pain models, the reduction of pain with clinically effective analgesics.

Keywords: sympathetic nervous system, electrodermal, EDA, SCL, VAS, cold pressor, capsaicin


INTRODUCTION

Pain involves a subjective experience influenced by factors such as fear, emotion, anxiety, cognitions, autonomic responses and malaise (1). Self-reported pain intensity does not correlate well with the severity of the pathological condition (2). Thus, quantification of analgesic effects in clinical trials, even with established analgesics, is frequently inconclusive (3).

Today's standard for pain measurement, the visual-analog scale (VAS) or electronic VAS (eVAS), allows participants to self-report their subjective experience of pain either statically–by reporting a single number, or dynamically–by turning a dial or moving a slider, usually along a scale from 1 to 100. While such scales have become the gold standard, being quick and easy to use, they have long been recognized to have problems with accuracy and reliability, with many factors beyond pain that influence the scores people give (1, 4). While many efforts are made to optimize self-report measures, e.g., customizing how it is presented for a particular population such as older adults (5), a holy grail of pain measurement is to obtain a more objective measure that sensitively reflects changes in pain experience and is easy to use. It also needs to work reliably and repeatably, across different participants experiencing different levels of pain in a lab study, and also on different days and visits, with repositioned equipment making valid measures, across different types of pain and analgesic use.

Recent surveys reviewed a growing number of automated methods to quantify pain objectively using facial expressions, vocalizations, physiology, brain-activity sensing, and more, and indicated the need for personalization of measures (6), as well as many wearable sensing approaches that can help quantify pain more objectively (7). While all of these measures show promise, each fully-objective method has its limitations, typically ignoring user-dependent subjective information, and focusing only on the objective data for one type of pain model and only during one day's visit or assessment period. The same emotions in the same person can exhibit patterns of physiology that change from day to day (8), so it is important to make sure that any pain-sensing method can account for this day-based variation.

Methods to elicit pain in a controlled manner have been refined via a large number of human pain models (9). In this work we use two well-established methods to induce pain: (1) the cold pressor, placing a limb into icy-cold water and holding it there, known for deep intense pain activating the descending pain system and its sensitivity to opioids (10), and (2) intradermal injection of capsaicin, which generates stable, long-lasting, and reproducible primary and secondary hyperalgesia lasting 2 to 3 h (11–13).

While many attempts have been made to develop an objective measure of pain, we focus in this work on a new measure that can be used easily and efficiently deployed in a variety of environments including the emergency room, post-operative recovery space, etc. This requirement rules out EEG, MRI, MEG, and fNIRS, despite that there has been exciting progress with these brain-based methods, e.g., (14, 15). We choose a measure that can be assessed as easily as vitals are assessed today with a readily applied wearable sensor, and measure the sympathetic nervous system response using a new characterization of electrodermal activity (EDA), which can be obtained quickly and easily by placing a sensor on the surface of the wrist or lower leg. The sensor can optionally be worn for continuous monitoring 24/7. Unlike the heart, which receives both sympathetic and parasympathetic nervous system innervation, the skin receives only sympathetic innervation (16). EDA thus provides a sensitive measure of sympathetic nervous system activity that can be captured effortlessly, and that changes continuously during a pain experience.

Sometimes EDA is considered non-specific, because it can be influenced by changing humidity and sweating, hydration, and strong emotions. Our method addresses the specificity problem by synchronizing the quantification of the EDA temporally to two precisely defined moments: (a) the moment of onset when applying a painful stimulus, and (b) the moment, identified subjectively, of “peak pain” experience. By using relative values in the regions anchored by these time points, EDA-based measures are likely to be highly specific to pain because they occur during an elicited experience of pain, acknowledged by a self-reported peak pain. Also, changes due to humidity, sweating, hydration, and emotions-unrelated-to-pain are minimal within the time-frame measured. We evaluate the proposed measure across people, across different days, across two pain models, and across three treatments, showing it addresses these traditional concerns.

While objective physiological data often have the strong and helpful property of being able to be continuously measured, sometimes they are limited because they change only at a subset of the moments of interest during a pain experience; for example, facial expressions might be most likely to occur at the onset of a cold pressor task, but the expression might fade or disappear completely, even as pain continues to increase, an observation identified decades ago (17). We seek in this work to develop a measure that continuously represents the trajectory of pain's anticipation, response, and decay.

While the subjectively reported levels provided on a VAS or eVAS can vary because of many factors unrelated to severity of pain, it is still routinely used. In our work, we use it in a way that extracts the timing of its peak, but then we discard the actual eVAS values. More specifically, when self-reporting pain, the exact value selected is highly subjective: it might be low simply because the participant wants to appear stoic. However, when a dial is turned continuously after a painful stimulus, it usually will increase up to a point, before it falls. Thus, each participant shows a moment of peak pain—the highest value relative to their other values. In our work, we find that the time to arrive at this peak is stable across pain sessions, even on different days with different pain treatments. The temporal position of the peak eVAS value is used to delineate two regions: The region rising up to this peak, and the region recovering from this peak. Our new measure then quantifies the EDA in these regions.

We also choose to include in our measure one more region: the assessment of the physiology during a period of anticipation immediately before the pain onset. This choice was inspired by hearing pediatric nurses discuss how some children flinch as if in pain or utter “ouch” before the needle touches them and by work showing that pre-pain anxiety can predict self-reported pain (18). Quantifying this pre-pain anxiety is not typically done in pain research, but we think it is important for better understanding patient pain experiences and we recommend its measurement, at least as a contextualizing factor before the actual pain stimulus occurs.

To summarize, the proposed new method precisely characterizes and quantifies physiology over three temporal regions:

I (Anticipation): From the announcement of an imminent painful stimulus to the pain stimulus onset

II (Response) From the stimulus onset to the moment of subjectively reported peak pain

III (Recovery) From the peak pain moment to recovery from pain, or for a fixed time after the peak

These three quantities characterize our three-region pain measure.

It is well-established that pain should be highest during a painful-stimulus condition when no treatment is provided, reduced slightly under a placebo treatment, and reduced the most by effective analgesics. On placebo effectiveness, see for example Colloca and Barsky (19) and also demonstrations that higher-priced placebos work better than lower-priced ones (20). Using this knowledge, we test the novel three-region measure in a rigorous study with a 3-armed, placebo-controlled, randomized crossover trial design including 24 healthy adults. We systematically compare each measure before and after the effects of placebo, oxycodone and pregabalin. We also examine temporal situations known to affect pain measures, including the heightened anxiety expected during a “first visit,” which can be expected to translate into a report of higher pain on the first time than when the identical procedure is repeated later. Finally, we show that the new measure outperforms the eVAS in all of these tests, demonstrating excellent pain discriminability.



METHODS

The methods used in this study are designed to evaluate a new measure of pain in the context of a clinical trial setting. We use treatments of previously established efficacy against pain (pregabalin, oxycodone) in a design of a randomized control trial. The trial applies a double-blind placebo-controlled multi-treatment, multi-day design. Outcomes were compared for all treatments both within and across participants, across days and weeks, and across different placements of the sensors, in order to comprehensively evaluate if the new pain measure is robust to all of these important variations. All study procedures were pre-approved by an ethics review board and the study was registered by ICON Development Solutions, under registration number EudraCT 2012-000484-25.


Participants

We recruited 24 healthy male adults, with normal body mass indexes (18–30 kg/m2) and normal laboratory health tests. Each committed to attend four visits experiencing pain stimuli on four different days within a two-month period. Participants were non-smokers or light smokers (up to 5 cigarettes or equivalent per day). We focused this study on males since resources were limited and we wanted to reduce gender-based interactions and effects, as well as avoid menstrual-cycle changes and their impact on pain and physiology, which is a complex topic of ongoing research (21–23). Properly controlling the complexity associated with the female physiology would require a larger and longer study, even if it results in the same measure working for women as what we study here for men. Informed consent was obtained before commencing the study.



Pain-Elicitation: Cold Pressor and Capsaicin
 
The Cold Pressor Test

After preliminary equilibration of the hand temperature, and after alerting the participant that the process would start in 2 min, the participant was instructed to put one hand (the one without the palmar EDA sensor) into a cold-water bath (2°C) for 2 min whilst continually recording the pain intensity using the eVAS with the other hand. The right hand and left hand were used alternatingly on different visits. At the end of 2 min, the participant was instructed to remove his hand from the water bath. Pain was scored continuously using the eVAS starting at the time of the immersion and continued throughout the immersion.



The Intradermal Capsaicin Test

Participants were familiarized with pain evoked from 100 μg of capsaicin at the Training Visit. A single intradermal injection of capsaicin (100 μg) was made into the volar surface of the upper forearm (Manufacturer: ICON Development Solutions Manchester. Composition: 1 mg/ml capsaicin in 10% v/v ethanol, 7.5% v/v Tween 80 in 0.9% sodium chloride solution (100 μg/100 μL).) The injection of intradermal capsaicin was announced to the participant 5–8 min before the injection. The right arm and left arm were used alternatingly on different visits. Pain was scored continuously using the eVAS starting just prior to the intradermal injection and continued for 15 min after the injection.




Pain-Measurement: eVAS and EDA
 
Recording of eVAS

Pain intensity was assessed using an eVAS with the left end (=0) being equivalent to “no pain” and the right end (=100) referring to “worst pain imaginable”. Participants were asked to evaluate pain intensity continuously by selecting the point on the eVAS that corresponds to the pain intensity they have at that moment in time. Participants were instructed to take both pain intensity and unpleasantness into account when scoring pain. While these can be considered two different dimensions, many studies show similar behavior of both dimensions during experimental pain, e.g., Duncan et al. (24), and efforts to distinguish them are ongoing (25) and not addressed in our study design.



EDA

EDA was measured electrically as skin conductance, using the Affectiva Q sensor, which measures skin conductance level (SCL) in microSiemens using 1 cm Ag-AgCl dry electrodes. Sampling rates were 8Hz. Each participant wore synchronized Q sensors on five different locations, left wrist (LW), right wrist (RW), left ankle (LA), right ankle (RA) and right or left palm (P). The palm side was alternated over the four visits and was worn on only one side because the cold pressor test required submersion of one hand into ice water. In the rest of this paper, only the data from the four limbs was used as the palm data was too often noisy from movement artifacts.




Protocol

The Protocol is illustrated in Figure 1. Each patient made four visits: An initial training visit (TV), followed by three treatment visits (Treatments A, B, and C) in randomized order. Treatments were applied double-blind to treatment condition, and all data analyses in this paper were conducted initially without the condition being revealed. Later, they were revealed to be: A=pregabalin, B=oxycodone, and C=placebo. All four visits had a similar structure: First the patient put on the five EDA sensors. Next, a baseline heat-pain stimulation on the non-dominant hand was performed (but is not analyzed in this work, as the timing of each part of the series of rapid stimulations was not reliably recorded for comparison to the EDA). Next, they experienced the cold pressor, while filling out eVAS continuously during the immersion. Then the treatment was applied in the form of an oral capsule, except during the first visit, the TV, when no treatment was made. Then, the patient rested for an hour, which allowed treatment A, B, or C to take effect. Next, they experienced again the same cold pressor test, while continuously reporting eVAS levels. Then, 10 minutes elapsed while they filled out the State Trait Anxiety Inventory (STAI) (26) (not analyzed here). Next, the capsaicin was administered while they continuously reported eVAS levels. Finally, the sensors were removed and the participant was dismissed.
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FIGURE 1. Study protocol, showing three time periods where eVAS was measured. EDA was measured for the entire session (~3 h).


Overall, this design enabled systematic examination of multiple important comparisons including: (1) measuring the same stimulus (cold pressor) before and after treatment (no treatment, placebo, oxycodone, or pregabalin) within the same day; and (2) measuring reported pain across different days (cold pressor and capsaicin) x (no treatment, placebo, oxycodone, pregabalin). Since a person's physiological patterns can vary a lot from day to day, it is important to see if the proposed eVAS-peak-anchored electrodermal measure shows consistent differentiation both across days as well as within days.

In an effort to mitigate the effects of anticipatory arousal, which is likely to increase with increasing uncertainty, the sequence of events was first shown to all participants up front during their first visit (TV), and then this same sequence of events was used in that visit and all subsequent visits. Only the treatment (blinded administration of A, B, or C) was randomized across the subsequent visits. All visits followed the same procedure to reduce the influence that uncertainty has on autonomic stress responses. Also, participants are given an indication 2 min before each cold pressor task that it is going to start in 2 min and similarly 5–8 min before the capsaicin injection, so that anticipatory effects and time periods are held as constant as possible across the procedures and days. This helps eliminate “surprise” effects on autonomic responses.



Data Processing

ICON recruited 27 healthy adult male participants. Of these, three men dropped out of the study early and we received data sets for 24 participants x 4 sensors (LW, RW, LA, RA) x 4 visits = 368 sets of physiological responses. One participant's data had the wrong sampling rate for visit 1, no eVAS for visit 2, and no data for visit 3, so we dropped his data, leaving 23 sets.

Each file was visually inspected to confirm that the data record contained quality signals throughout the entire visit. Some files needed to be omitted due to bad data quality (malfunctioning sensor or sensor placed too loosely to record, causing visibly high levels of noise). Also, a total of 9 participants missed some visits or dropped out at some point after completing the training visit. Overall, 295 of the potential 368 files from the four limbs and 92 visits were obtained with high quality (80.2%). These 295 are distributed as: TV = 76 files, A = 73 files, B = 73 files, C = 73 files. All of these are used in the analyses that follow.


EDA Filtering, SCL Normalization, and Down-Sampling

Electrodermal activity can be divided into the “tonic component,” the slowly varying part of the signal usually referred to as skin conductance level (SCL), and the “phasic component,” the relatively fast changing peaks usually referred to as skin conductance responses (SCR's). The SCL is usually measured over intervals ranging from tens of seconds to hours, while SCR's are usually measured within 1–6 s after a discrete event.

Our analysis over the cold and capsaicin regions used SCL's derived as follows:

To separate the tonic from phasic EDA, a 5th order, zero-phase, lowpass Butterworth filter was applied to the raw skin conductance signal. The filter's cutoff frequency was set to 0.05 Hz as tonic activity is observed in 0–0.05 Hz. The SCL for each 1-min epoch was estimated using a 1-min wide centered moving average filter.

We compared data from multiple bodily locations and from multiple people over multiple days as baseline physiology can vary from day to day. We needed a robust way to make the data values comparable across all these files. Also, to accurately assess the changes in SCL after an analgesic, it is necessary to compare the SCL before and after the treatment on a common scale. We chose to use Z-score normalization before making all of these comparisons. To perform Z-score normalization, the (low-pass filtered) SCL for each file (one sensor, one day's session) was used to compute the mean and standard deviation for that session. Then the file's SCL was normalized by subtracting the mean value for the day's session and dividing it by the standard deviation for that session, such that the normalized SCL for the day has zero mean and unit standard deviation. Thus, the two cold and one capsaicin session for a person's visit were normalized using the same mean and standard deviation for that day.

The normalized SCL was subsequently analyzed over each of the regions I, II, and III for each cold and capsaicin segment.



Computation of Three-Region Measure

Pain is a mix of psychologically perceived phenomena and physically experienced phenomena (13). In this work, we combine these two components in a novel way, using two time points—the objectively measured onset time of the pain stimulus and the subjectively measured time of the peak of the self-reported eVAS data—to structure the analysis of the physiological EDA data into three regions of the pain experience. The result gives a measure that improves on eVAS by adding objective data yet incorporates a valuable aspect of the self-reported pain experience—its peak pain moment as perceived by the participant in pain.

Here is how the three-region method works (See Figure 2): Using eVAS data and timing information of when the person was warned of the impending cold or capsaicin stimulus, we define three non-overlapping regions. These three regions separately quantify three regions of the pain response: I. Anticipation, II. Response, and III. Recovery.


[image: Figure 2]
FIGURE 2. Examples from one person illustrating SCL (blue) and eVAS (green) during the Capsaicin segment for the left wrist (LW), right wrist (RW), left ankle (LA) and right ankle (RA). Region I starts when the person is told that the capsaicin treatment is next, and ends when the needle is inserted. Region II starts with needle insertion and continues until the person's self-reported eVAS reaches a peak. Region III is measured from the peak eVAS until 15 min after the onset of the capsaicin treatment. Region III for Capsaicin usually contains decreasing values of SCL, as in the examples shown here.



Region I = Pain Anticipation

For the cold stimulus, participants were warned approximately 2 min before the cold pressor test. For the capsaicin stimulus, the warning period was from 5 to 8 min. We define Region I, “the anticipatory period”, to be the region of time from the onset of the warning to the onset of the pain stimulus. We expect that SCL during this region is affected more by anticipatory anxiety than by physical pain. It is important to include responses during this region because sometimes people appear to actually experience pain before the stimulus touches them: For example, a child might jerk back and scream with “pain” before a needle touches them, and adults sometimes exhibit a facial grimace as if in pain before the onset of actual sensory pain. Thus, we include Region I, the subjective pain anticipatory experience, as part of the pain experience. The eVAS was not reported during region I so we cannot compare physiology with eVAS in that region. However, SCL is hypothesized to rise with anticipation, uncertainty, and anxiety, and our study data confirm that the SCL usually rises during Region 1, even sometimes taking on high values here.



Region II = Pain Response (Rising From Onset to Peak)

Region II is defined as the region of time that begins with the onset of the pain stimulus and ends when the person reports their peak pain level. In this study, the cold stimulus begins when the hand is placed in the ice water, and the capsaicin stimulus begins when the needle is inserted. The participant begins to report eVAS at this onset moment. Region II spans the time from the start of the pain stimulus and start of the eVAS recording to the peak reported eVAS level. The timing of this peak is clearly visible for capsaicin, which has eVAS that tends to follow the shape shown in Figure 2 (green line = eVAS, blue line = SCL).

For cold pressor, we compute the peak location differently, as the eVAS often climbs monotonically and doesn't peak until the 2-min cold pressor test ends (See Figure 3). If we counted the peak as the right-most point, then we would often have just Region II and no Region III. We think it is valuable, even though the hand is still immersed, to examine this later portion of the cold pressor task where the eVAS tends to “level off” separately from the first portion of the immersion, where the eVAS typically climbs fast. Thus, for cold pressor pain we define the peak to occur at the time that the eVAS levels off–specifically, where it ceases to go up more than 0.005 units or 99.99% of the maximum value.
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FIGURE 3. For the cold pressor, the eVAS tends to grow monotonically throughout the task. Thus, a region defining Region III strictly as following the “peak" could be of zero duration. We thus define a function of the peak as the point at which the eVAS does not change > 0.005. The red dot shown above marks the onset of Region III for this participant. Typically, the SCL does not drop during Region III of the Cold pressor test; thus, we measure Region III over a fixed 2-min duration.




Region III = Pain Recovery (Sustain or Decay)

In this study, for both cold pressor and capsaicin, Region III is defined to begin at the peak identified in the eVAS. For cold pressor, Region III is measured until the cold pressor is ended (2 min from cold pressor onset), while for capsaicin, Region III is measured until 15 min following the onset of the capsaicin stimulus. For cold pain, this region is where the eVAS is usually leveling off–pain is “sustained.” For capsaicin pain, this region tends to be where the eVAS values “decay” as the person is in recovery from the initial capsaicin injection.

Using these pain regions, I, II, and III, defined by the times of announcement of the stimulus, the onset of the pain stimulus, and the time of the patient-reported eVAS peak, we next examine how an objective measure–the normalized, low-pass filtered SCL–changes both within each region and across the regions for each type of visit and each type of treatment. In particular, we wish to evaluate if the new method presented here, anchoring physiology relative to these three regions, is useful for more objectively measuring pain and for measuring the efficacy of active vs. placebo treatments.

Below we examine the performance across three pain-stimuli events: Cold1 (cold pressor applied before the treatment pill was consumed), Cold2 (cold pressor applied more than an hour after the pill was consumed), and Capsaicin (after the Cold2) during each of four visits made by each participant: Training visit (TV), Treatment A, Treatment B, and Treatment C. The oral treatment was administered on visits A, B, and C between the first and second half of the session in a double-blind way by a staff person who came in the room to give them the pill and otherwise did not observe the patients during the trials. Thus, the analgesic is given time to take effect before Cold2 and Capsaicin on visits A and B, while the placebo is given for visit C. The visit ordering was randomized across the patients, with the exception that no treatment is given during the first visit, TV.






RESULTS


Cold Pressor Pain

For each visit, a participant experiences two cold pressor tests: Cold1 (before the pill is given) and Cold2 (after the pill is given). On the training visit, there is no pill given but the patient rests for the hour between the two cold pressor tests. Our hypothesis is that participants will experience significantly less pain during Cold2 than during Cold1 when the treatment contains an analgesic (A or B) and the difference in pain between Cold2 and Cold1 will be small during C (placebo) and insignificant during TV. We also predict that the response to Cold1 will be highest on the first visit (TV) because of the extra anxiety and uncertainty associated with the novel pain experience.

In Figure 4, we see the results of the analyses applied to the full set of data. The bars indicate standard errors. The data from sensors on the LA, RA, LW, and RW were compared for n = 23 participants. The blue lines represent the mean normalized SCL values of regions I, II, and III during Cold1. As hypothesized, it is seen that, the Cold1 lines (blue) climb in value during all four visits, TV, A, B, and C, i.e., the means increased steadily through all three regions for all the Cold 1 episodes, as there is no treatment present during any day's Cold1 experience. The largest normalized SCL increase is observed during TV's Cold1. While this is not a finding central to our hypotheses, it was expected nonetheless: We have usually seen in studies with SCL that greater uncertainty is associated with higher SCL. Given this was the first visit, and the first experience of an unknown amount of (untreated) pain, it is expected that this visit would have had both the highest uncertainty and the highest increase in SCL. It is one of the reasons we designed the study to have a TV and also a placebo control, so that benefits of the new method are not overestimated by this “first visit” effect.
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FIGURE 4. Mean and standard error bars of normalized SCL in Regions I, II, and III. Blue = Cold1. Red = Cold2. Data are from the four limb sensors for n = 23 participants. Analgesics were applied in A and B, and are associated with a lack of increase across the Cold2 pressor.


In these same figures, the red lines represent the mean normalized SCL during the second experience of Cold pressor pain each day, Cold2. We see for TV's untreated and C's placebo treatment that the SCL climbed over time, similar to all the visits in Cold1. For analgesic treatments A and B, however, the objective SCL shows that even if the overall level was a little higher at the moment of starting the pain segment (e.g., from hypothesized higher sweating when taking analgesic B), the relative increases that usually happen from the pain onset to peak, and beyond, were clearly attenuated by both analgesics (Note that the stderr bars are too small to be seen graphically in the plots for five of the measurements shown).

Figure 5 plots the two deltas (difference in mean normalized SCL) between adjacent regions of the pain experiences. As predicted, since there is never an analgesic at the time of Cold1, the deltas for Cold1 (blue bars) are significantly larger than the deltas for Cold2 (red bars). The statistical significances of the measures shown in Figure 5 are computed and shown in Table 1. We performed a Wilcoxon Rank Sum test on the deltas between regions I and II, and regions II and III, during Cold1 against the respective deltas during Cold2 (This test was chosen because the deltas do not have a normal distribution). We compared the data from 23 participants and for all the limb sensor locations together for each treatment. We see all hypotheses confirmed: for TV there is no significant difference in the SCL changes during the first and second cold pressor tests, which is as expected given no treatment is given. As hypothesized for analgesic Treatments A and B, there was a significant difference before and after the treatment was given. This difference is consistent with the hypothesized significant reduction in pain expected following treatment A or B, both of which are well-known effective analgesics.


[image: Figure 5]
FIGURE 5. Blue bars = delta values between regions for Cold1. Red bars = delta values between regions for Cold2. Treatments A and B show a significant reduction in the deltas, as hypothesized for these two analgesics.



Table 1. Testing for statistically significant changes in normalized SCL between adjacent regions during Cold1 (before treatment) and Cold2 (after treatment).
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We hypothesized a small reduction in pain in the placebo condition, C, which we also found using the new measure. Interestingly, in condition C, we see a small but statistically significant difference involving the anticipatory period, but not during regions II & III once the pain has become established. Thus, the placebo shows a transient impact on the onset-to-peak pain but no impact on the sustained pain. This is an interesting aspect of the three-region method: It is deliberately separating out the anticipatory region, which may be the region most impacted by cognitive and affective beliefs, such as belief about the helpfulness of a placebo.

In Table 1, h = 1 is used to designate when the changes in SCL between regions I and II, and between regions II and III, were significantly lower. We see that h=1 occurs after the drug for analgesic treatments (in Cold2 for both A and B). For the placebo treatment C, the reduction from region I to II for Cold2 can be interpreted as a transient placebo effect that reduced the pain response during the anticipatory period preceding the stimulus onset. The reduction did not occur from region II to region III for the placebo.

We performed another comparison to further test the significance of the new three-region measure by comparing pain responses under a treatment (deltas between regions I and II and between regions II and III) for treatments A, B, and C, with pain responses during the training visit (no treatment during TV). Passing these tests is more challenging since they occur across different days. An objective physiology-based measure that shows reliable results across cold-pain experiences on different days is less likely than one that shows results only within the same visit's Cold1 vs. Cold2 comparisons because people tend to have different physiology from day to day due to hydration, mood, stress, and other natural variables. Further, mood or stress effects can also bias each person's self-reported eVAS range from day to day.

As seen in Table 2, looking across the multiple days of visits, the new measure's deltas for treatment A and treatment B were still significantly different than were the deltas during the TV and treatment C (placebo) for Cold2. Comparisons were made with a 1-tailed Wilcoxon test. These results show that the median changes in SCL from region I to II and from region II to III during Cold2 (after the drug) for treatment A and treatment B were significantly smaller, as hypothesized, than the median changes in SCL during Cold2 for TV. Thus, the measure shows that the analgesics result in a significantly reduced pain experience, unlike the placebo and no-treatment conditions, and this effect captured by the new measure is robust across different visits.


Table 2. Testing for statistically significant changes in normalized SCL for Cold1 (before treatment) and Cold2 (after treatment) across sessions on different days.
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These tests illustrate several strengths of the proposed new measure: A valid objective pain measure should show that treatments A and B reduce pain compared to placebo treatment C, and compared to no treatment. The results in Table 2 confirm that the new measure shows these statistically significant reductions for Cold2. We see the significant effect of comparing analgesic conditions, A and B, to non-analgesic condition TV, and the non-significant effect of C's placebo compared to TV. Moreover, the new measure's significant differences cannot be attributed simply to day differences, as the study further confirms the presence of no such difference across the days during Cold1, before the analgesics are applied (where all h = 0).



Capsaicin Pain

For each visit, each participant experiences one inoculation of Capsaicin to elicit pain. We make similar tests for the Capsaicin pain model. The big difference in these tests is that now we have only one inoculation per visit in the second half of each visit, so we cannot compare pre- and post-drug within the same day's visit. Instead, we must evaluate the harder challenge of comparing across visits that have analgesics (A, B) and that don't have analgesics (TV, C), even though these occur on different days. Thus, to find a reliable, repeatable result for Capsaicin pain is a greater test of the new measure's robustness than when the measures are made within the same day's session.

We first characterize the changing pattern of mean SCL across Capsaicin regions I, II, and III, as this is a different kind of pain than cold pressor pain. The notation we use for Capsaicin is described in Figure 6, where we again denote the three regions relative to the time of onset of the needle (pain stimulus) and to the (subjective) eVAS-reported peak pain. Again, we show the eVAS in green, and we use its peak to separate regions II and III. The SCL is shown in blue, having an earlier peak at the end of the anticipatory region, the moment when the needle is applied. The first time we saw this “anticipatory” peak preceding the actual reported peak-pain we were surprised (This occurred in a prior pilot study with flu-shot data, where it occurred the moment before the needle was inserted). We find in this clinical trial data that such a peak sometimes occurs as in the example shown here, and sometimes occurs closer to the self-reported peak pain. This phenomenon is another reason to explicitly measure Region I.


[image: Figure 6]
FIGURE 6. Notation for Capsaicin regions and deltas.


In Figure 7, we show the mean normalized SCL for all four types of visits, during each of the three regions of the Capsaicin experience. First, we see a general arc across all the visits TV (blue), A (red), B (green) and C (purple): The anticipatory period is relatively low in all visits. In the middle, we see that the peak pain eVAS period is also in the region usually having the peak SCL. This property of this measure is seen to be robust for all four types of visits. Finally, the slow recovery of eVAS is similar to that of the SCL during Region III.


[image: Figure 7]
FIGURE 7. Mean values of normalized SCL within regions I, II, and III for capsaicin. TV = blue, C = Purple, and the analgesics A = red, B = green. Data combine four limb locations from n=23 participants; bars are stderr.


The capsaicin pain experience is divided into three regions: the anticipation of pain just before the injection, the needle pain with the injection and its feeling of pain increasing to a peak value, followed by the feeling of the burning wearing off slowly as the peak pain subsides.

As hypothesized, the proposed new measure shows that the arc of the three-region response is less severe for the two analgesic conditions A and B than for the non-analgesic TV and C conditions.

We examine the statistical significance of the measure by comparing the mean values of EDA in regions I and II and in regions II and III of treatments A, B, and C with those of the training visit TV. We apply the Wilcoxon rank sum test to examine the mean values within each region, across the conditions (Table 3).


Table 3. Capsaicin pain: comparisons of normalized mean SCL in treatments A, B, and C vs. the training visit, TV, within each of regions I, II, III.

[image: Table 3]

Results show that the mean values of normalized SCL for region II are significantly different between A and TV, and between B and TV, and not between C and TV. These results are all in the hypothesized direction: The analgesics reduce the pain response more than placebo, which reduces it more than no treatment.

Importantly, the changes in our new measure are not due to an “overall reduction in SCL” from the analgesic because we confirm (Table 3) that the SCL is not different in Region I, before the onset of the pain stimulus, even though all treatments had been given more than 90 min before this time.

Note that these statistically significant effects, for both the capsaicin and the cold pressor pain models, were found before the team doing the data analysis was unblinded to conditions A, B, and C.




DISCUSSION

This paper presents a novel measure of characterizing pain response based on objectively identifying the time of onset of a pain stimulus, subjectively identifying the peak-pain moment (from the numerical peak of a self-reported eVAS), and then quantifying physiological changes in the three regions delineated by these two time points. The resulting quantitative measures are shown to provide statistically significant discrimination validating the effectiveness of well-known analgesics compared to placebo and no-treatment.

Does the new method work better than self-reported eVAS data alone, and if so, when might it replace it? Before showing this quantitative comparison, it is worth noting some of the features of traditional psychophysical methods of pain assessment, which request a report of subjective pain experience using either one-dimensional pain scales (like eVAS) or multidimensional pain scales; for a more complete picture of self-reported evoked pain response, various assessments must be used (6, 27–30). Different aspects of pain response such as psychological distress or anticipation, pain intensity, and pain recovery interact in complex ways to determine the perception and experience of pain (31–33). The proposed new three-region model summarizes these complex interactions quantitatively with three physiological values that capture meaningful differences in pain level across treatments both within a day and across days; however, the topic of how the measures of the three regions map to the many subjective aspects of pain, and their assessments by multidimensional pain scales, is not currently captured by the method in this paper. These topics remain a challenge for future studies.

The new method adds some complexity to eVAS: eVAS is only one modality, while combining it with EDA integrates a second. Thus, we directly test: Is the new combined EDA + eVAS method performing objectively better than using only eVAS across this data set? The answer is yes, as seen in Figure 8 where we show the mean eVAS values across conditions TV, A, B, and C for Cold1 vs. Cold2, and Tables 4, 5 where statistical significance comparisons are made. We also tested the max eVAS values and the area under the curve of the eVAS, and the results were similar, with the only case of statistically significant discrimination occurring with eVAS and treatment B in the case of Cold pain, and with no significant discrimination with the Capsaicin model using eVAS alone. Another eVAS measure we tested was the time from the start of the stimulus to the max eVAS, which was found to not differ significantly across the visits for a given pain model. While this means that it fails as an eVAS measure at discriminating treatments that reduce pain, it does add strength to its use in our proposed new measure for defining Region II's endpoint, as it is stable across visits and across treatments. Thus, the value a person gives with the eVAS, used alone, fails to discriminate any pain reduction of using pregabalin for the more than 70 visits where eVAS measures compared Cold1 to Cold2, the latter after the treatment was given, and also fails to discriminate any pain reduction of either treatment with the Capsaicin model.


[image: Figure 8]
FIGURE 8. The mean values of eVAS alone do not successfully discriminate both effective analgesics. The deltas comparing normalized SCL values across adjacent regions are more discriminatory. Cold 1 = blue, Cold2 = red, n = 23 participants. Bars are stderr.



Table 4. Using eVAS, there is no difference in pain response for analgesic A and we see only a marginal difference for analgesic B.

[image: Table 4]


Table 5. Using only mean eVAS, the reported pain comparison for Cold 1 vs. Cold 2 differs significantly only for analgesic B.

[image: Table 5]

A limit of using only eVAS is also seen in the marginally significant difference found between TV and analgesic B (oxycodone) across visits when all measures are based on using only eVAS (Table 5). However, the three-region EDA + eVAS measure clearly distinguished both visits A and B from visits C and TV. Thus, the novel method outperforms traditional eVAS in a randomized control trial evaluating the cold-pressor model of deep pain. The new model is specific to pain (using eVAS to anchor the peak moment of pain) while being more discriminative than eVAS, even with a relatively small number of participants.

Note that it is possible that with a much larger number of participants, the difference between TV and A may eventually become significant when using only eVAS, as might at the same time the difference between TV and C. However, adding more patients adds substantial trial costs, and it requires inflicting pain on a lot more people. If the difference (Cold2 vs. Cold1) using the analgesic with a larger number of participants becomes significant, yet no greater than placebo's significance, then the drug will not be deemed effective. In contrast, the proposed new pain measure is significant in its discriminatory ability when using a small number of participants; thus, it may reduce both clinical trial costs and the ethical costs of inflicting pain on larger numbers of people.

EDA is traditionally recognized as responding to pain, but not specifically to only pain: It usually increases when the sympathetic nervous system is activated, with the fight or flight response, as well as with uncertainty and anticipation (16). Thus, an increase in EDA is usually expected with both anticipation of and experience of painful experiences. Using direct brain stimulation, researchers have shown that EDA is activated ipsilaterally by stimulation of the amygdala, anterior and posterior hippocampus, and anterior cingulate (34), key regions involved in processing pain, emotion, and anxiety. Thus, the EDA measure in general will be sensitive to pain, changing when pain happens; however, it is not specific to only pain; for example, a significant increase in EDA may occur with brain activity during and soon after a grand mal seizure (35); also, it has been observed to be elevated at the time of death in the minutes following a grand mal seizure (36).

Our work here addresses the problem of specificity in several ways. First, like with early work showing that skin conductance responses reflect infant responses to painful heel sticks (37), we measure the level of pain objectively in a situation known to cause experience of pain, as would be expected in a clinical study, hospital, or recovery room, where contextual factors that might influence the pain measure are both observable and controllable. Second, and novel to our work, we specifically anchor the regions to-be-quantified by using the time point where the person explicitly marks their (subjective) peak pain experience. Third, the way that we process the EDA data within the three regions removes effects likely to be influenced by the environment or other day-to-day varying influences: This was shown in our study design requiring visits on different days, likely to span different conditions of hydration, heat, and humidity. Finally, the way we designed the study with a training visit (TV) helped reduce influences due to study-specific effects on emotions that can be caused, for example, by the first visit's arousal where a patient experiences uncertainty and possible fear or anxiety related to the experimental conditions such as “What are they going to do to me next?” or “How badly will it hurt?” The resulting method thus works specifically for pain, as demonstrated not only with one pain model, but with two very different pain models.

We presented a novel method for improving upon a traditionally subjective method of pain measurement by defining three regions of the pain experience, anchoring these specifically to a patient's personalized ‘peak' pain moment, quantifying objective autonomic data for each of the regions, and testing the discriminability of the method over 92 patient visits, including four conditions—two analgesics, a placebo, and a “no treatment” condition—within a randomized control trial. The method uses one piece of information from eVAS—the timing of its peak self-reported pain—but otherwise does not use any of the actual values from the subjectively-reported scale.

One of the interesting findings in this study was how the three-region measure gives insight into physiological changes occurring with the placebo condition, C. In all of the comparisons using the three-region measure, the placebo response was found to lie between that of the no-treatment training visit (TV) and the analgesic treatments (A and B), confirming well-known expectations about placebo effects. This finding is based quantitatively on the objective data from the physiology. Interestingly, when we separately examined the three regions of the pain response, the placebo condition was seen to have its largest affect during the anticipatory period, with smaller effects during regions II and III, once the pain became established. This finding suggests that for those who continue to use only eVAS to measure pain, they may find a different significance level simply by asking patients to report their pain at a different time. We hypothesize that the placebo effect has a different temporal trajectory than the analgesic effect. We suggest that future work examine its dynamics, which could have significant bearing on clinical comparisons, allowing the statistical significance of clinical findings that rely upon eVAS to be manipulated by adapting the timing of when pain is assessed. Methodologically, this timing is an important piece of information, and we suggest it should be reported in future pain study designs to add extra integrity to the design. Note that when today's methods use a “one value” rating of pain for the entire experience (corresponding to our regions II and III), then it will obscure this information (e.g., Figure 8's average eVAS ratings).

Our method was shown to appropriately address the concern that an opioid (oxycodone, treatment B) causes higher sweating than another analgesic (pregabalin, treatment A) and increased sweating might interfere with a method based on SCL (38). We thought it was especially important to test this effect since we measure SCL on the wrists and lower legs, and these sites are sometimes (without evidence that we have seen) claimed as being more thermoregulatory than emotional, even though there is plenty of evidence, across many types of studies, that non-thermoregulatory events, such as those due to changes in neurological (e.g., seizures and sleep stages) and cognitive-affective states result in changes in SCL at these limb locations (16, 35, 36, 39–42). We thus examined the mean values of SCL across the four limbs during Cold 2 to see if there is more overall response with treatment B. As we saw previously in Figure 4, Treatment B's mean normalized SCL has a higher value for Cold2 in region I compared to A, C, and TV. This region is immediately after the treatment is given orally (and allowed to take effect during rest) so we do see increased sweating in the baseline at the start of Cold2. However, our measure considers the change in SCL from region I to II, and from II to III, both of which remain low.

In Figure 9, we continue this examination by plotting the mean normalized SCL values from the four limb sensors during Cold2 region III, across all participants. This region corresponds to the highest SCL in the non-analgesic visits (TV followed by C = placebo) and is reduced significantly for analgesic A. While analgesic B shows values that are reduced from those in the TV and C conditions, we do indeed see higher SCL on average in B than in A, which is consistent with the reports of increased patient sweating with this drug. However, the mitigating effect of the analgesic on the three-region physiological measure is still statistically significant despite the increased sweating. In short, the proposed three-region measure of pain appears to change in a way consistent with reduction in pain, not simply with the amount of sweating. It is robust at discriminating pain relief even given the effects of increased sweating from an opioid (oxycodone).


[image: Figure 9]
FIGURE 9. Mean values of normalized SCL from the four limb sensors during Cold2's Region III.


Returning to Figure 4, not only is the mean SCL higher for Cold2 treatment B in region I, but also it appears to be relatively higher than Cold1 in all of the non-first visits (A, B, and C) in region I. While the reason it is elevated for the opioid condition B is described above, it is interesting to consider what might affect this region I disparity in the other cases. While we cannot be sure of the cause without running a future causal experiment design, we consider some likely contributing factors here: (i) The region I for Cold1 is lower on repeated visits, which we expected because the Cold1 experience is unchanged from the first visit, and thus uncertainty about it is reduced. (SCL tends to increase with increasing uncertainty). (ii) While the repeated visits repeat the entire protocol, there is a novelty at the start of Cold2 during the visits A, B, and C. In these visits, participants have just consumed an unknown drug, A, B, or C, and they don't know if it is going to help or not. They also know that they are starting another round of painful experiences, which during the TV, was the most painful part of the visit. Thus, it is possible that now they are starting to have a little more anxiety, based on that earlier experience. Anticipation and increased uncertainty can raise SCL. Thus, these possibilities could raise baseline SCL for Cold2 during A, B, and C, making it higher than baseline for Cold1 on that visit. We note that the method still works across these variable conditions.

Anchoring the measurements to the three regions defined in this work addresses the specificity problem and using the deltas between these regions provides significant discrimination even with a small number of people (n = 23). Most other measures, such as the absolute ratings given subjectively on an eVAS, require much larger groups of people to achieve significant discriminability. Thus, the new method appears to provide a scientifically significant advantage AND to provide practical cost-saving improvements over the commonly used visual-analog scale. While both are specific to a pain event, the combination used in our method can achieve the level of discrimination desired between study conditions, using a trial with a smaller group of participants.

While the new measure has shown significant performance across many challenging comparisons, this work has limitations. The participants were all healthy adult males, who had to be capable of self-reporting their peak pain moment; thus, this method would not work with infants or others who could not communicate their pain, although adaptations of it may still be useful in such cases (43). It is also unclear how it would work in women; a larger study that examines their physiological changes across months exhibiting the variety of hormonal changes is needed. This work did not have the resources to address the larger study required to control for hormonal influences. The three-region method also requires knowing the timing for the onset of a pain stimulus, which is not likely to be present in all situations, although it can be controlled in many clinical trial studies. While we use a capsaicin injection to model chronic pain, it is also important to examine long-term real-world chronic pain, where we might expect to see significant baseline shifts as well as asymmetries in EDA, and measure also effects on daily behaviors, including pain's impact on sleep and activity patterns and how these relate to the EDA measures (41, 44, 45).

In the future, there are many possible ways to extend and possibly improve upon this work. We decomposed the tonic and phasic EDA data in a very basic, traditional way, and today there is a growing literature describing more advanced ways to analyze components of EDA data, e.g. see the systematic review by Posada-Quintero and Chon (46) especially contributions examining narrower frequency bands that may improve upon our use of a simple low-pass filter to give even better results (47). These additional ways to process the data would be interesting to explore. Many lab-based studies using heat-based pain induction have found that processing the EDA to extract the more rapid SCR's provides more accurate estimation of the pain level than does using the SCL. Particularly intriguing are findings from Posada-Quintero et al. showing that using a narrower frequency band inspired by analyzing sympathetic nervous system activity (similar to in heart-rate variability studies) leads to improved results for estimating the pain stimulation intensity (48, 49). Their findings also showed that EDA was better at estimating the stimulus intensity than the subjects' self-report scores. Our work is not directly comparable because we are not trying to use EDA to estimate self-report level, nor are we trying to estimate the numeric intensity level of a pain stimulus; instead, we are trying to examine, following a typical clinical trials protocol for evaluating a new treatment, if it is showing a significant difference in pain reduction compared to placebo or to no treatment. Our work doesn't directly use self-reported “level of pain” other than as an intermediate step to locate the self-reported moment of peak pain, which is then used to bound a region for measuring the skin conductance.

Despite the different goals of this work, an important future direction is to closely examine the contributing features of an EDA signal, including content from different frequency bands, and how they relate to (1) distress or discomfort, which would be expected to be higher for a first visit (expected in the TV condition and untreated or anticipated-as-untreated conditions), and to (2) characteristics of different pain models and their stimuli. Many studies include repeated stimuli such as electrical or heat pulses, each of which can elicit an anticipatory orienting response in the EDA (these were unable to be examined in our study, because their stimuli were not timed properly for allowing synchronization to EDA). Stress and orienting responses, and small movements they elicit, may confound the pain response. At the same time, several researchers have shown that the high-speed fluctuating changes in EDA have been some of the most valuable features for classifying pain-related distress, (50), levels of self-reported pain, e.g. (51), and objective levels of applied pain intensity (48, 52). The latter have used particularly novel and well-performing frequency-specific methods of extracting SCR's, which would be important to examine in future work. We did not compute SCR's in this work, despite that we initially expected that they would be more informative than SCL, especially with our many-visit study design, since a mean SCL can vary highly within a person across days. Upon inspecting our data, even before smoothing, we observed very few SCR's, and many cases with zero SCR's, even during strongly-reported pain. See, as exemplary, the relatively smooth examples in Figures 2, 3, where there is a dominant change in SCL after the onset of the pain stimulus, but with very few fluctuations around the large rise. In short, counting SCR's in the traditional way would not have given significant pain discrimination in this clinical trial. At the same time, our method does not use SCL in the traditional way, where typically the SCL after the pain stimulus is compared across treatments. That approach does not show a significant difference for analgesics vs. non-treatment or placebo in our study (in part because the opioid increased the SCL). Instead, our method anchors SCL's region of computation specifically to the pain event, normalizes it across a day's session, and computes changes in levels across three regions in a way that apparently reduces its influences from other factors that may have caused “average SCL” to not perform discriminatively in past studies. The new method's results outperform eVAS for discriminating the effects of analgesic vs. placebo under gold-standard blinded test conditions in a professionally-conducted clinical trial.

One might ask “Why compute three regions when only one measure of pain is typically sought?” Indeed, if a medical professional wants to know quickly whether or not a patient is hurting badly, asking for a subjective report is faster and if the patient can provide it, it can suffice for triage. However, a better characterization is needed in clinical trials to examine if one treatment reduces pain more than another. For clinical trials, the proposed new measure provides a better result than using eVAS. The new measure provides objective physiology data, anchored specifically in an onset-of-pain event and a subjectively-timed “peak experience of pain” event, establishing quantitative changes in the anticipatory, peak pain, and recovery regions of the pain experience. All three regions may be targets for future improved treatments. Our study shows that different treatments may affect these regions differently, and that quantifying these three regions in the way described provides greater discrimination of treatment effects than using self-reported pain.

Future work might examine, for different pain models, which way to use the three regions to give the best discrimination. As seen for capsaicin (Figure 7), the biggest differences between the no-treatment or placebo conditions and the two analgesics occur in Region II. If we were to simplify the three-region model to a two-region model (combining Region II and III, and comparing their combined value to that of Region I) then the size of the effect will be reduced, even if in some cases the difference is still significant. For the cold pressor model, it is not Region II but it is Region III that shows the biggest difference; this can be visualized in Figure 4, by shifting the red plots down to match their normalized SCL to that of Cold1 in Region I. The differences are due to the different pain models: capsaicin pain peaks immediately, while cold pressor pain takes minutes before it climbs. By attending to where the regions are most likely to differ for a given pain model, it becomes possible to examine more precisely where the benefits of a treatment occur.

Overall, our work contributes to the important goal of improving the measurement of pain, not trying to make it completely objective or deny its subjective reality, but making it more objective, and making its quantification more specific to three regions of a dynamic pain experience. The method is low-cost, practical, and easily combined (if desired) with studies that use more costly measures such as fNIRS, fMRI, and new kinds of brain imaging. The new method is well-suited for studies that evaluate different treatments for pain, such as clinical trials. Not only does the new method provide better discriminability than eVAS with fewer participants, it reduces the psychological and ethical costs of inflicting pain on a larger than necessary group of people. While the results we have shown suggest that the new method is more sensitive than traditional eVAS for clinical trials, our work has not focused on what is the underlying line of action. The evidence of a more sensitive measurement, compared to eVAS, showing the effects of the two analgesic drugs used, especially pregabalin, may be related to its possible action directly on the sympathetic nervous system rather than specifically targeting the perception of pain. More work is needed to understand how effective the proposed measure continues to be when tested with additional kinds of pain models and treatments. The three-region method also may potentially improve the methodology for studies designed to elicit and measure responses to pain by giving better insights into placebo interactions and the impact of cognitive and affective contexts that can influence the experience of pain, whether these occur before the onset of the actual pain stimulus, after its onset, or during the recovery period after the peak pain. Overall, this study, within the format of a clinical trial, has shown that the proposed method works better than eVAS across multi-day visits by healthy men, across two pain models, and across conditions of no-treatment, placebo, and two well-known effective analgesics.
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Real-time fMRI (rt-fMRI) enables self-regulation of neural activity in localized brain regions through neurofeedback. Previous studies showed successful up- and down-regulation of neural activity in the anterior cingulate cortex (ACC) and the insula (Ins) during nociceptive stimulation. Such self-regulation capacity is, however, variable across subjects, possibly related to the ability of cognitive top-down control of pain. Moreover, how specific brain areas interact to enable successful regulation of nociceptive processing and neurofeedback-based brain modulation is not well understood. A connectivity analysis framework in the frequency domain was used to examine the up- or down-regulation in the ACC and Ins and pain intensity and unpleasantness ratings were assessed. We found that successful up- and down-regulation was mediated by the ACC and by its functional connectivity with the Ins and secondary somatosensory cortex. There was no significant relationship between successful up- or downregulation and pain ratings. These findings demonstrate functional interactions between brain areas involved in nociceptive processing during regulation of ACC and Ins activity, and the relevance of the frequency domain connectivity analysis for real-time fMRI. Moreover, despite successful neural regulation, there was no change in pain ratings, suggesting that pain is a complex perception, which may be more difficult to modify than other sensory or emotional processes.
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Introduction

Real time functional magnetic resonance imaging (rt-fMRI) permits the feedback of neuronal activity, which can then be controlled and regulated. rt-fMRI has been well established over the past 15 years (1, 2) and has often been associated with behavioral changes (3), including pain perception (4), although this could not be consistently replicated (5). Brain responses to nociceptive processing have been shown to involve areas such as primary (SI) and secondary (SII) somatosensory cortices, insula (Ins), the anterior (ACC) or the mid-cingulate (MCC) cortices (6, 7).

The prefrontal cortex (PFC) has also been shown to be involved in pain processing but may be more important in chronic than acute pain (8, 9), and therefore may not be an ideal target for neuromodulation. In addition, the PFC structure is quite complex, and includes different regions, namely, dorsal, medial and ventral prefrontal cortices, involved in various aspects of pain processing, e.g., intensity of pain, spatial aspects of pain processing, emotion regulation, but also involved in various cognitive processes such as attention or decision making (10, 11).

The rostral anterior cingulate cortex (rACC) in particular, has been involved in pain regulation (12, 13), and is therefore a target of choice for rt-fMRI studies (4). In a previous study, we showed that participants could successfully downregulate neural activity related to nociceptive processing in the rACC and the posterior insula (pIns) and upregulate pInsL but not rACC (14). Upregulation or downregulation of either region was unrelated to pain intensity or unpleasantness ratings. The ability to successfully regulate brain activity was also shown to be variable across participants (14), which might be related to lack of cognitive top-down control of pain and deserves further investigation.

We also showed that lower covariation between the two regions correlated positively with the training effect and thus learning, suggesting that the state of the network involved in the processing of pain should be considered in the modulation of pain-evoked activation and related behavioral effects (15). Therefore, in this study, we aimed at examining functional connectivity in pInsL and in rACC and their effect on learning.

In addition, it is unclear how brain areas interact to enable successful regulation of nociceptive processing (16) and neurofeedback-based brain modulation (17, 18). For example, Hinterberger et al., analyzed successful regulation of slow cortical potentials and found that a number of brain regions were involved in successful regulation with a focus on sensorimotor and frontal control regions (19).

We aimed to assess the temporal dependence of activation patterns between brain regions, specifically, the functional connectivity of regulation- and pain-associated brain regions during up- or down-regulation of neural activity related to nociceptive processing. The methodological framework used here to evaluate functional connectivity combines signal processing from data-driven mathematical methods and complex network analysis (20). This integrated approach has previously been applied to various brain signals from electroencephalographic (EEG), magnetoencephalographic (MEG) (21, 22), and functional magnetic resonance imaging (fMRI) data (23). Despite the proliferation of mathematical methods and toolboxes (24–26), there is no general consensus on the most robust and efficient way to assess functional connectivity (27). The use of different computational parameters such as the frequency range, time lag, or the choice of a significance threshold can affect the results at an individual and group level analysis (28, 29). Group analyses allow statistical measures on the validity of the result, but are still affected by sample size and individual variability in complex brain activity and can sometimes hide relevant key brain mechanisms. We investigated some of these issues in our previous works (30, 31) and established a connectivity analysis framework in the frequency domain that we used in the present study. We assessed the effect of self-regulation of the activity from two target ROIs, the rACC and pIns and examined functional connectivity to other areas such as the somatosensory cortex (SII), the anterior and posterior insula (aIns, pIns) and MCC. Based on its role in top-down control, we expected the ACC to play a key role in successful regulation of nociceptive processing and to show functional connections to SII, pIns, MCC.

We added the posterior insula, because it has been involved in the sensory pain aspects (32–34) and was associated with a reliable activation pattern across all subjects (14).



Materials and methods


Participants

Ten healthy right-handed participants were enrolled in the study [mean age, standard deviation M = 29.0, SD = 6.48, range (20, 41)], four females (M = 27.0, SD = 3.92), and six males (M = 30, SD = 7.81). Exclusion criteria were cardiovascular or neurological disorders, brain injury, acute pain, current analgesic medication, pregnancy, lifetime and current substance abuse or dependence, any mental disorder, and metallic implants. The study adhered to the Declaration of Helsinki and was approved by the Ethics Committee of the Medical Faculty Mannheim, Heidelberg University, Germany. All subjects gave written informed consent after a detailed description of the complete study. The sample of this study is identical to that described in a previous study (14). Here we reanalysed the data with respect to patterns of connectivity in Learners and non-Learners of neurofeedback control.



fMRI neurofeedback procedure

The neurofeedback protocol consisted of a baseline run and 24 training trials spread over the course of 4 consecutive days. On the first day, the participants were introduced to the experimental setup and protocol, and the baseline run was recorded. Each session (training day) consisted of six successive training trials; each trial of 7 min was composed of six regulation phases, each lasting 45 s and seven non-regulation phases, each lasting 22.5 s, evenly distributed across each session. The sequence of regulation and non-regulation phases is depicted, the overall duration of a trial is 7 min and consists of 258 samples based on the acquisition time TR = 1.5 s (sampling frequency 0.66 Hz). On the right of Figure 1, as an example, the time-series extracted from a ROI fMRI is shown. During the regulation phases, 2 ms of painful electrical stimulation at a frequency of 2 Hz were carried out using a digitimer DS7A stimulator and applied over the fourth digit of the right hand using concentric bipolar electrodes (see Figure 1A).


[image: Figure 1]
FIGURE 1
Schema of the fMRI neurofeedback setup. (A) Painful electrical stimuli were applied over the fourth digit of the right hand. (B) Online pre-processing and statistical analysis of the BOLD response were carried out from the target ROIs (rACC, pInsL) and a control ROI (UNR). (C) Differences in BOLD response between target ROIs and UNR ROI were computed and represented by a moving ball in front of a black background on a display screen. On the left side of the ball, a white arrow was displayed with the up or down directions depending on if the participants had to up- or down-regulate neural activity from the target ROIs. (D) Trend of a ROI time series in a trial of 7 min where the regulation (grey) and non-regulation (white) phases are highlighted.


Individual detection and pain thresholds were determined by the method of limits, averaging over the last two of three ascending and descending stimulation sequences (15). Pain tolerance was averaged over the last two of three ascending stimulation sequences. Stimulation strength was set at 70% between pain threshold and pain tolerance and adjusted to be rated between 6 and 7 on an 11 point verbal rating scale (ranging from 0 = no pain to 10 = strongest imaginable pain), allowing for a possible increase or decrease of perceived pain strength. The individually adjusted mean stimulation strength was 2.27 mA (SD = 1.76), the pre baseline intensity of this stimulus was rated as 6.40 (SD = 0.61) and the unpleasantness was assessed on a verbal rating scale (raining from 0 = not unpleasant to 10 = extremely unpleasant) amounting to 6.70 (SD = 1.32). The postbaseline stimulus intensity was rated 6.10 (SD = 1.68) and the pain unpleasantness 7.25 (SD = 1.51).

The visual feedback consisted of a moving blue or yellow ball in front of a black background (Figure 1C).

During the regulation phases of the training trials, a stationary white arrow appeared next to the ball on the left side of the screen indicating the vertical direction in which the ball should be moved. Movements of the ball corresponded to changes in the computed BOLD signal from the regions of interest (ROI), i.e., rACC or pInsL and a control ROI (UNR), with activity unrelated to the nociceptive stimulation or pain processing (located in the parietal lobe, bordering the occipital lobe and the height of pInsL), see (14) for detailed information, Figure 1B. The target ROIs, i.e., rACC or pInsL were discernible by the colour of the moving ball (blue or yellow) for rACC and pInsL and the colour was randomized across participants. The baseline run was similar to the training trial, the subjects were presented a stationary white ball on the screen, but no visual feedback was given. The participants were instructed that the vertical change of the blue or yellow ball was an indicator of their own brain activity in selected brain regions and that they would be able to observe the changes with a delay of a few seconds. The subjects were allowed to use any kind of strategy that would not involve body movement (e.g., muscle tension or relaxation). During the non-regulation phases, i.e., in the absence of visual feedback, the participants were told to perform simple mental arithmetic for the purpose of stopping regulation attempts and ensuring comparability across subjects.



MRI acquisition

MRI data were acquired on a 3 T MAGNETOM Trio TIM whole body scanner using a standard 12-channel head coil (Siemens Medical Solutions, Erlangen, Germany). fMRI data were acquired using gradient-echo and echo-planar imaging (EPI) sequence (TR/TE = 1,500/22 ms, matrix size 96 × 96, flip angle 90◦, and bandwidth BW = 1,270 Hz/px). Twenty-four AC/PC aligned slices were acquired with voxel size 2.2 mm × 2.2 mm × 3.5 mm and 0.5 mm gap. A three-dimensional fast low angle shot high-resolution T1-weighted anatomical scan was also acquired for each participant (TR/TE = 23/5.02 ms, matrix size 448 × 448, flip angle 25◦, BW 190 Hz/px, voxel size 0.5 mm × 0.5 mm × 1.0 mm) as anatomical reference. Foam pegs (Siemens Medical Solutions, Erlangen, Germany) were used to immobilize the subject's head during MR scanning.



MRI pre-processing and statistical analysis


Online fMRI data pre-processing and statistical analyses

Brain responses to nociceptive stimulation were recorded and analysed in real-time during the fMRI acquisition using Turbo BrainVoyager Version 1.1 (Brain Innovation, Maastricht, TheNetherlands) as described in (2). The mean BOLD signal change from two target regions of interest (ROIs), i.e., rACC and pInsL was compared with a control region (“UNR”), see Figure 2 and Table 1 for coordinates. The feedback signal was calculated as the difference of the percent BOLD signal change between one of the target ROIs and the UNR ROI (Figure 1B) and visually fed back to the subject in the form of a moving ball on a screen (Figure 1C). The feedback computation and visualization were performed with in-house written scripts based on Presentation® Version 13.0 Build 01.23.09 (Neurobehavioral Systems Inc., Albany, CA, USA) on another computer connected with Turbo BrainVoyager via LAN. The location of the rACC, pInsL and UNR regions was determined in an offline analysis of the baseline run. The criteria for the target ROIs were (a) a position over the most significant cluster active during the stimulation phase and not active during the non-regulation phase and (b) being at the respective areas in the rACC and pInsL regions (15).


[image: Figure 2]
FIGURE 2
Location of the six ROIs (rACC, pInsL, pInsR, MCC, aInsL, SII) used for functional connectivity analyses. The ROI “UNR” corresponds to the control ROI and is shown for illustration purposes.



TABLE 1 MNI coordinates of the regions of interest used in the manuscript.
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The positioning of the UNR region was also monitored online during the training trials to not exhibit significant activation or deactivation. Four feedback conditions were used (see Table 2), assuming that for each target ROI the activity should be larger or smaller than the activity of the UNR region, displayed with up or down vertical directions in the ball displacement on the screen. Table 2 summarizes the four feedback conditions: ACCD, ACCU, INSD, INSU, the feedback signal computation (i.e., control ROI UNR), and the ball displacement on the screen.


TABLE 2 The four conditions for the generation of the feedback signal and their association with the ball displacement on the visual feedback.
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Offline fMRI data pre-processing and statistical analyses

The offline data pre-processing of the fMRI scans was performed using BrainVoyager QX 2.3 (Brain Innovation, Maastricht, The Netherlands, Goebel, 2001). Time courses for the brain connectivity analysis were extracted using an offline GLM analysis of all training fMRI datasets from six ROIs: the two target ROIs (rACC, pInsL), and four other ROIs selected for their involvement with pain processing: the medial cingulate gyrus (MCC), the right posterior insula (pInsR), the left anterior insula (aInsL), the left secondary somatosensory cortices (SIIL), see Figure 2 for their anatomical location.

Classification of Learners and non-Learners were based on the following criteria (14), see also Table 2:


	-For conditions 1 and 2 (i.e., ACCD and ACCU), if the average difference of the activation of rACC and UNR was negative and positive respectively, and if this was the case for at least four out of six training trials, and if the modulation effect for the specific condition improved from trial 1 to trial 6, a subject was considered a Learner.

	-For conditions 3 and 4 (i.e., INSD and INSU), if the average difference of the activation of pInsL and UNR was negative and positive respectively, and if this was the case for at least four out of six training trials, and if the modulation effect for the specific condition improved from trial 1 to trial 6, a subject was considered a Learner.



The other subjects were categorized as non-Learners.




Functional connectivity analysis

The Coherence function was used to evaluate the functional connectivity between the six ROIs for each of the four conditions (see Figure 3). The connectivity matrix (CM), which represents the level of inter- relationship between pairs of brain areas, was computed as a measure of the linear independence in the frequency domain between pairs of brain time-courses. Considering the six ROIs, a CM (6 × 6) was obtained and the values in the diagonal associated with the ROI self-similarity were set to zero. Based on the sampling rate (TR = 1.5 s), the frequency range investigated was [0.0012–0.33] Hz considering the limit due to the Nyquist theorem (fMAX = 2/TR). It was scanned with a frequency step of fstep = fMIN = (1/N) fMAX = 0.0012 Hz where N = 258 is the number of samples acquired. The CMs for each subject for trials 1, 6 per condition were computed by averaging the overall frequency range. In the group analysis the connectivity matrices for the Learner and non-Learner groups were obtained by normalizing the CMs in the range [0, 1] and then averaging all of them by group. The normalization was necessary to make the results independent of subject variabilities of the CM levels. In the last step a cut-off threshold was established to extract the four strongest connections. Those connections were then plotted using a weighted graph representation for a visual inspection. In this graph the nodes are representative of the ROIs, and connections between ROIs pairs are for the CM weights above the defined threshold, otherwise the ROIs remain unconnected. Connectivity strengths were defined by weights of functional connectivity obtained from the coherence analysis. The colours code the strength of the connection between the ROIs. Colors from blue to red indicate weak to strong connection strength respectively and are expressed in arbitrary units (a.u).
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FIGURE 3
Flowchart of the functional connectivity analysis. (Top) The sequence of mathematical method used from the fMRI data matrix (step 1) to the generation of the weighted graphs (step 5). (Bottom) An example of fMRI data transformation from step 1 to 5. Step 1: for each participant, the fMRI data are represented by a matrix with dimensions N × M, in which the N dimension represents the ROIs and the M dimension represents number of samples of the time series (N = 6 and M = 258). Step 2: the coherence mathematical method is performed and a frequency-varying CM in the overall frequency range [0.0012–0.33] Hz is obtained with a frequency step of 0.0012 Hz. Step 3: After the average of the time-varying CM in the selected frequency range of interest [0.15–0.33] Hz, a single CM for each participant is obtained. For group analyses, the single subject CMs are first normalized in the range [0, 1], then averaged to obtain a group-level CM. Step 4: The CM is thresholded using the percentile thresholding method in order to enhance the strongest connections. Step 5: the CM is then used as an adjacency matrix for the graph extraction. The color bar indicates the connection strengths.


In Figure 3 the analysis pipeline is shown as a flow chart representing the connectivity analysis from the data matrix to the CMs averaging in the frequency range and the threshold selection to evidence the strongest links. The simplest method for estimating functional connectivity in the frequency domain is Coherence analysis (35). The Coherence between two individual time-series (yi, yj) over a frequency range f is defined as follows:

[image: dis image]

The squared coefficient of Coherence can be interpreted as the proportion of the power in one of the two time-series (at a selected frequency), which can be explained by its linear relation with the other time course. Coherence is a positive function bounded by [0, 1] and symmetric in i and j. A measure of Coherency, such as an average over a frequency band, is capable of detecting zero-time lag synchronization and fixed time non-zero-time lag synchronization, which may occur when there is a significant delay between two brain sites. However, it does not provide any information on directionality of the coupling between the two recording sites.

Figure 4 shows for a representative Learner (Subject-4), the trends of Coherence obtained for the ROI rACC paired with the ROIs [pInsL, pInsR, SIIL] versus frequency. We note a high variability in the frequency range. The analyses were then carried out averaging the information in the range [0.15–0.33] Hz. No change in the results was detected when changing this range. Due to the CM symmetry, we selected the four strongest connections over fifteen, the threshold value was set based on the 70th percentile and the CM was represented by a weighted and undirected graph.


[image: Figure 4]
FIGURE 4
The trends of coherence versus frequency for the rACC paired with the ROIs pInsL, pInsR, SIIL for a representative learner (subject-4). The overall frequency range is [0.0012–0.33] Hz with a frequency step of 0.0012 Hz.


In addition, we also assessed possible regulation of the control ROI, i.e., UNR ROI. We extracted time courses from the UNR ROI and calculated %BOLD signal change and compared it with rACC for both ACCD and ACCU conditions and with pInsL for both INSD and INSU conditions using paired t-tests (R package version 1.3.1093).

Finally, we compared pain intensity and unpleasantness ratings from the last training sessions (where the maximum effect would be expected) between Learners and non-Learners for all conditions using one way ANOVA (R package version 1.3.1093).




Results

The functional connectivity analysis was investigated in the frequency domain at the group level and at a single subject level for the target ROIs in rACC and pInsL. The results are shown for the first trial (trial 1) and for the last trial (trial 6), the latter considered to be the trial when individuals had learned to regulate neural activity for ACC or Ins. The data showed high inter-subject variability in the learning outcome, which is not represented in the group results. We therefore show also individual results with the best and worst learning outcome in order to provide additional insights in the differences in connectivity. At the single subject level, we selected two participants, one representative of the Learner group (Subject-4) and the other one representative of the non-Learner group (Subject-8). The brain networks underlying the learning process were identified and compared among each other and with the group networks.

On average each condition includes four or five participants, with the exception of condition (INSD) in which the Learner and the non-Learner groups included seven and two participants, respectively (Table 3).


TABLE 3 Classification of participants in the learner or non-learner groups for each condition (ACCD, ACCU, INSD, INSU).
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Differences between Learners and non-Learners were found after normalization of the connectivity matrices in the range [0, 1] and thresholded using the percentile thresholding method to select the strongest connections. After such normalization and thresholding procedures, for ACCD, data from 4/6 Learners and 4/4 non-Learners remained.

For ACCD we found a connection between rACC and pInsL, mean connectivity indices between rACC and pInsL were (mean ± SD) 0.34 ± 0.25 for Learners and 0.30 ± 0.16 for non-Learners. For ACCU, data from 4/5 Learners and 5/5 non-Learners remained, and mean connectivity indices between rACC and pInsR were 0.61 ± 0.20 for Learners and 0.35 ± 0.19 for non-Learners (resp., Figures 5A, 6A).
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FIGURE 5
Connectivity strengths identified using the Coherence analysis for the ACC condition (ACCD, ACCU) in the Learner group (A) and for a representative Learner (B) in the first trial (Trial 1, top) and in the last trial (Trial 6, bottom). The colours from blue to red indicate weak to strong connection strength and are expressed in arbitrary units (a.u).
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FIGURE 6
Connectivity strengths identified using the Coherence analysis for the ACC condition (ACCD, ACCU) in the non-Learner group (A) and for a representative non-Learner (B) in the first trial (Trial 1, top) and in the last trial (Trial 6, bottom). The colors from blue to red indicate weak to strong connection strength respectively and are expressed in arbitrary units (a.u).


In addition, for both ACCD and ACCU conditions and for both Learners and non-Learners, there was a network of three nodes, composed of SII, pInsL and pInsR that were interconnected at a group level (Figures 5A, 6A).

We also found a connection between left and right pIns for both ACCD and ACCU conditions for both Learners and non-Learners and for both group- and single-subject levels (Figures 5A,B, 6A,B).

In the non-Learner group for the ACCD and ACCU conditions, there was no connection between ACC and pInsL or pInsR, neither at a group level (Figure 6A) nor at a single subject level (Figure 6B). In addition, a connection between SII and aInsL is present for ACCD at a group and single subject level (Figure 6A left and Figure 6B left) and for ACCU at a single subject level (Figure 6B right).

For INSD, after data normalization and thresholding, data from 7/8 Learners and 2/2 non-Learners remained. We found a connection between rACC and pInsL, mean connectivity indices between rACC and pInsL were (mean ± SD) 0.39 ± 0.20 for Learners and 0.23 ± 0.13 for non-Learners (resp., Figures 7A, 8A). In the non-Learners we found a connection between rACC and pInsR, mean connectivity indices between rACC and pInsR were 0.25 ± 0.08 for non-Learners and 0.14 ± 0.06 for non-Learners (resp., Figures 7A left, Figure 8A left).
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FIGURE 7
Connectivity strengths identified using the Coherence analysis for the Ins condition in the Learner group (A) and for a representative Learner (B) in the first trial (Trial 1, top) and in the last trial (Trial 6, bottom). The colors from blue to red indicate weak to strong connection strength respectively and are expressed in arbitrary units (a.u).
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FIGURE 8
Connectivity strengths identified using the Coherence analysis for the Ins condition for the non-Learner group (A) and for a representative non-Learner (B) in the first trial (Trial 1, top) and in the last trial (Trial 6, bottom). The colors from blue to red indicate weak to strong connection strength respectively and are expressed in arbitrary units (a.u).


For INSU, data from 4/5 Learners and 3/6 non-Learners remained. We found a connection between rACC and pInsL for the Learners, mean connectivity indices between rACC and pInsL were (mean ± SD) 0.29 ± 0.47 for Learners and 0.14 ± 0.11 for non-Learners (resp., Figures 7A, 8A).

The network of three interconnected nodes (SII, pInsL, pIns) was also found for INSD and INSU at a group level for both Learners and non-Learners (Figures 7A, 8A). This network was also found for the single subject Learner for INSD (Figure 7A left) but not for INSU and not for the single subject non-Learner (Figure 7B right, Figure 8B).

Regulation of the UNR ROI was significantly smaller compared with regulation of rACC for ACCD condition [t(1,9) = 5.62, p < 0.001], mean %BOLD signal change ± SD (UNR ROI: 0.03 ± 1.27 and rACC: 0.49 ± 1.79).

Regulation of the UNR ROI was significantly smaller compared with regulation of rACC for ACCU condition [t(1,9) = 5.00, p < 0.001], mean %BOLD signal change ± SD (UNR ROI: 0.05 ± 0.99 and rACC: 0.12 ± 2.35) for ACCU condition.

For INSD, regulation of the UNR ROI was significantly smaller compared with regulation of pInsL [t(1,9) = −3.29, p < 0.01], mean %BOLD signal change ± SD (UNR ROI: 0.05 ± 0.07 and pInsL: 0.26 ± 0.55).

For INSU, regulation of the UNR ROI was significantly smaller compared with regulation of pInsL [t(1,9) = −5.32, p < 0.001], mean %BOLD signal change ± SD (UNR ROI: 0.07 ± 0.10 and pInsL: 0.14 ± 0.17).

Finally, pain ratings did not differ significantly between Learners and non-Learners with respect to pain intensity and unpleasantness for all conditions [F(1,8) < 0.52, p > 0.50 for pain intensity and F(1,8) < 2.28, p > 0.17 for pain unpleasantness], Table 4.


TABLE 4 Pain intensity and unpleasantness ratings for all conditions (ACCD, ACCU, INSD, INSU) for learners (1) and non-learners (0) for trial 6.
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Discussion

We used a connectivity analysis framework in the frequency domain to examine up- or down-regulation of neural activity in the ACC and Ins and pain-associated brain areas during nociceptive processing. We found that successful up- and down-regulation of ACC and Ins is mediated by the ACC and by its functional connectivity with the posterior Insula. These findings are in line with the literature showing that individuals can learn to control activation in the ACC, a region known to be important for both pain perception and pain regulation (4, 12, 13, 36). We extended these findings by showing that we can not only down-regulate but also up-regulate neural activity in ACC and Ins. Such self-regulation aptitude could be related to factors such as pain coping (Emmert et al., 2017) and it would be interesting to investigate how pain coping relates to functional connectivity strength between SII, left and right posterior insula.

We also showed that voluntary control over activation in rACC and posterior Insula was consistently related to a network of three interconnected nodes composed of SII, left and right posterior insula. This network has been shown to be involved in pain processing (6, 37, 38), the nature of connections between the network nodes has, however, not been investigated. We found that the three nodes (SII, left and right posterior insula) were functionally connected, for both the Learner and the non-Learner group, although the strength of the connections differed between groups and conditions.

Interestingly, individuals who can successfully control activation in the Ins showed functional connections between ACC to pInsL (for both INSD and INSU). The non-Learner group showed an additional connection from ACC to the pInsR, albeit weaker. The non-Learner group showed connections between aInsL and SII (for ACCD), or between aInsL and pInsL (for ACCU and INSU). The Learner group did not show connections to aInsL. The anterior and posterior portions of the insula have been shown to be involved in different aspects of pain processing (38), with the posterior portion processing touch and pain sensation (37) and the anterior part involved in affective-motivational processes of pain perception (39). The connections to the aIns in the non-Learner group could therefore suggest that these individuals were negatively affected by pain perception, which might have disrupted their neural regulation task keeping attention on the nociceptive stimuli instead of regulation.

Despite successful control of the activation in ACC (down only) and pInsL (up and down) in the Learner group, pain intensity and unpleasantness ratings did not significantly differ between Learners and non-Learners. A lack of relationship between the regulation of brain activity and changes in behavior or cognition has also previously been reported (2, 17). A possible reason could be that the targets to be regulated, for example, ACC and pIns are involved in a variety of cognitive and behavioural functions such as emotional processing or somatosensory integration (17, 40–42) and may therefore not yield obvious specific behavioral or cognitive changes (43) and, in addition, pain as complex sensory and emotional experience may be more difficult to target by focusing of individual brain regions, as it involves many brain circuits (7).


Limitations

This study involved four distinct conditions (ACCD, ACCU, INSD, INSU), over the course of 4 days. Switching between up- and down- regulation and between two different regions might have been challenging. This may be an additional reason why there were no significant differences in pain intensity and pain unpleasantness ratings between Learners and non-Learners.

Previous neurofeedback studies modulated only one target (4, 44) and used several training trials (up to four) on only 1 day. In this study, we increased the amount of training trials to six, giving subjects more time to train since two brain regions had to be upregulated and downregulated and the tasks were counterbalanced over the 4 days thus switching both the order of regions and the order of upregulation and downregulation. The use of separate training trials for the directions enabled to compare the course of controllability, as well as to monitor systematic changes that might occur independently from regulation efforts such as an overall decrease (habituation) or increase (sensitization) in the response of the area. Furthermore, we previously showed that the insula could be up and down regulated but ACC could only be down regulated, suggesting that both targets can be regulated successfully (apart from ACC upregulation). Moreover, we showed that success in the modulation of one region and direction of the modulation was not significantly correlated with success in another condition, indicating that regulation of one region might not interfere with regulation of another brain target (14).




Conclusion

Real-time fMRI (rt-fMRI) enables self-regulation of neural activity in localised brain regions through neurofeedback. Previous studies showed successful up- and down-regulation of neural activity in the anterior cingulate cortex (ACC) and the insula (Ins) during nociceptive stimulation. In this work, the brain connectivity analysis was used to investigate how specific brain areas interact to enable successful regulation of nociceptive processing. A connectivity analysis framework in the frequency domain was used to identify a network of interconnected ROIs underlying regulation of neural activity during nociceptive processing. Both the analysis at group level and for single subjects showed that ACC is a key node for a successful control over somatosensory and pain-related areas, and pain regulation underlies an up-down control of ACC. Further work is needed to determine causal influences between somatosensory and pain-related areas during neural regulation of ACC and Ins.
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A thorough pain assessment is of utmost importance when managing pain in clinical practice as it is the foundation for defining pain in need of treatment, either interventional or pharmacological. Pain characteristics can also guide interventional strategies and help evaluate the effect of treatment. In research settings, standardized pain assessment is crucial to improve comparability across studies and facilitate meta-analysis. Due to the importance of thorough visceral pain assessment, this manuscript describes the key elements of pain evaluation focusing on chronic pancreatitis. Most studies in pain assessment have focused on somatic pain, and although chronic pain often shares characteristics between etiologies, some differences must be addressed when assessing visceral pain. Especially differences between somatic and visceral pain are apparent, where visceral pain is diffuse and difficult to localize, with referred pain aspects and often autonomic symptoms dominating the clinical picture. These aspects need to be incorporated into the pain assessment instrument. The manuscript will discuss the different ways of assessing pain, including unidimensional measurement scales, multidimensional questionnaires, and quantitative sensory testing. The advantages and challenges linked to the different methods will be evaluated.
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Introduction

Pain is a frequent symptom in the adult population, with a prevalence of up to 20% (1). It is a common cause of seeking medical advice in primary, secondary, and tertiary health sectors. Chronic pain has significant consequences for the patient's life quality, as it affects not only physical health but also psychological well-being, daily activities, and economic functioning (2–5). Besides this, chronic pain also has enormous direct and indirect, associated societal costs (6). Pain treatment is essential in optimizing patient quality of life and disease-related cost. It can minimize pain-related admission and diminish the need for disability payments by maintaining the ability to work (5, 6).

Somatic and visceral pain have many similarities; however, the differences are also considerable. The transmission of visceral pain sensation varies from somatic pain as the afferent nerves innervating viscera terminate at several spinal levels leading to diffuse pain perception. In the projection to the spinal cord alongside sympathetic fibers, cross-talk often occurs with resultant autonomic symptoms such as nausea, sweating, early satiety, and diarrhea (7). In the spinal cord, the fibers converge with somatic fibers (8). This may lead to pain referred to somatic and other visceral structures.

Visceral diseases are typically associated with severe and disabling pain. According to the International Association for the Study of Pain (IASP) classification of chronic pain, visceral pain can be either primary (previously labeled functional) or secondary (to organic diseases) (9). Although pain is a hallmark of primary visceral pain, in this chapter, we will focus on organic pain, where the diseases are better characterized and understood, with special reference to chronic pancreatitis (CP). However, the principles mentioned in this article can typically also be used in other types of visceral pain, including irritable bowel syndrome, bladder pain syndrome, and endometriosis.

CP is a progressive fibroinflammatory disease where the dominating symptom is visceral pain (10). Pain affects up to 60%–70% of patients, affecting mental health and quality of life (11). The pathophysiology of pain in CP is multifactorial and often caused by a complex interplay between factors such as pancreatic duct obstruction, inflammation, and pancreatic neuropathy (12, 13).

Patients often describe their pain as a continuous, severe, epigastric pain radiating to the back (12), but pain localization varies between individuals (14). The pain is typically fluctuating over time, some patients have pain-free intervals, and other patients have chronic pain with exacerbations (15).

In clinical studies, pain assessment in CP varies considerably. The Pancreatitis-Quantitative Sensory Testing (P-QST) consortium (16) is currently working on a meta-analysis assessing the effect of endoscopic and surgical pain treatment in CP, and preliminary results show that although pain score improvements are similar in the two groups, there are problems with comparing the treatments, as the pain assessment differs considerably between studies. As such, pain assessment varies from comprehensive pain questionnaires to simply asking the patients how they feel. As pain relief is often the primary endpoint in interventional studies of CP, the greatly varying methods for pain assessment across studies are problematic, and studies addressing different treatments can hardly be compared.



Pain assessment tools in chronic pancreatitis

Pain treatment is a difficult and complicated task as chronic pain patients are very heterogenous due to many different origins of pain, diversity in affected pain mechanisms, many pain-associated risk factors, differences in coping strategies, and differing responses to pharmacological treatments that, again, often are associated with many side effects (17). Due to the heterogenicity of the patient group, treatment should be individualized to fit the patient's pain phenotype, depending on, for instance, pain characteristics and affected pain mechanisms. In this context, pain assessment is essential. A scoring of pain severity is used to evaluate the need for analgesic treatment; pain management strategies can be developed from thorough pain characterization; finally, pain assessment is central in evaluating treatment effects (18).

The subjective nature of pain sensation makes objective estimation of pain intensity impossible (18). Therefore, the gold standard for pain assessment is patients’ pain self-reports. The method of the patient report can vary from verbal, unidimensional measurements to written comprehensive multidimensional pain assessment. Pain has many components, including pain intensity, localization, pattern, factors provoking pain, factors exacerbating pain, pain-related symptoms, current treatment (pharmacological), previous treatments (pharmacological as well as interventional), quality of life, mental health, and risk factors for pain. The many aspects of pain underline the need for multidimensional pain assessment.

Unidimensional pain scales such as the Visual Analogue Scale and the Numerical Rating Scale are commonly used in clinic and research practice to assess pain intensity. There are, however, several challenges in using unidimensional scales for pain assessment. The scales are simple measurements, but the interpretation reflects the individual's conceptualization of pain, resulting in significant differences between reports. It has been suggested that the unidimensional scales should be converted to ratio scales to provide information on changes over time rather than a single measurement (19). As the unidimensional scales leave several aspects of pain assessment in the dark, it is likely more suited for assessing acute rather than chronic pain when used as a stand-alone measure (18).

Different recommendations on pain assessment, including the Initiative on Methods, Measurement, and Pain Assessment in Clinical Trials (IMMPACT) and Validation and Application of a patient-relevant core set of outcome domains to assess multimodal PAIN therapy (VAPAIN) recommendations, specify that several core domains in pain should be considered in clinical studies (20, 21). When complying with these recommendations, pain assessment will provide information on pain intensity, characteristics, and how pain affects different aspects of patients’ lives, including sleep, economic function, and psychological health. In visceral pain, changes in pain characteristics can be caused by new disease-related complications, where targeted treatments might exist and are therefore mandatory to assess (22). A more in-depth assessment can provide important clinical knowledge that can be used to evaluate the need for further examinations. Multidimensional scales are, therefore, useful in visceral pain. It can focus on disease-specific characteristics and evaluate further aspects of pain if developed for a specific condition. This gives a complete image of how pain affects the patients’ lives. However, a detailed multidimensional pain characterization is time-consuming, limiting the use of comprehensive pain assessment tools in research and clinical practice.

Until recently, there has been a lack of formally validated pain assessment tools developed specifically for CP. The Izbicki pain scale has commonly been used, as it is developed specifically for CP, but it still lacks the formal validation process. It was presented in a study in 1995 and has been used extensively afterward (23). The questionnaire is quite simple, evaluating pain on intensity, frequency of pain attacks, use of analgesic treatment, and inability to work. Each subpart accounts for 25% of the score, but due to the workability assessment, it is limited in its response to treatments over shorter periods. Besides the Izbicki pain scale, other non-chronic-pancreatitis-specific questionnaires, such as the brief pain inventory, have been validated and used for pain assessment. However, these questionnaires lack evaluation of pancreatic pain-specific domains such as postprandial pain and gastrointestinal manifestations (24).

Recently a comprehensive pain assessment questionnaire, the Comprehensive Pain Assessment Tool (COMPAT), has been developed specifically for CP, complying with the IMMPACT and VAPAIN recommendations (14). It is useful for a comprehensive evaluation of pancreatic pain, but due to the extensive length of 17 pages, some patients might not be able to answer the questionnaire sufficiently. Consequently, a short form of the COMPAT questionnaire, the COMPAT-SF, has been developed (25) and validated as a separate questionnaire. The COMPAT-SF scores correlate to scores from the brief pain inventory and the Izbicki pain scale. It also correlates to patient quality of life and hospitalizations due to pain in the previous year. Reliability has been evaluated both on internal consistency and in a test-retest examination. It has been proven acceptable, especially when considering chronic pain's fluctuating nature (25). Predictive validity and the power as a decision-making tool are still lacking but will be examined in future years.

An international guideline for using different pain questionnaires and recommendations for their use in painful CP has recently been published. For further details, the reader is referred to (26).



Neurophysiological assessment of pain in chronic pancreatitis

Questionnaires can however fail to capture the complexity of visceral pain in CP, and research has focused on identifying additional methods for assessing pain and guiding treatment strategies (27). Quantitative Sensory Testing (QST) can be used to assess pain, where it serves to characterize sensory processing in both peripheral and central pain pathways (Figure 1). It can serve as a means to phenotype the patient's nociceptive profile. In QST, standardized stimulations of somatic and visceral tissue are used to explore different neural pathways and networks. This results in a response quantified with psychophysical and/or objective methods (28). Visceral stimulations of patients are often not well accepted in a clinical setting, and due to convergence between visceral afferents from the pancreas and somatic afferents from the T10 dermatome, QST of the skin can be used to assess whether pain processing from the pancreas to the central nervous system is sensitized (29). In addition, when adding more specific examinations, such as assessment of endogenous descending inhibition from centers in the brainstem and temporal summation, we can analyze whether pain processing in the central pathways is abnormal. QST can be used as a biomarker to categorize pain phenotypes based on affected pain mechanisms (30).


[image: Figure 1]
FIGURE 1
Pain responses ranging from normal through peripheral sensitization to central sensitization. Peripheral sensitization is characterized by increased excitability of the second-order neurons sharing spinal innervation with the pancreatic gland but lacking changes in the central pain processing pathways. Central sensitization is associated with changes in central pain processing pathways. The red stars indicate the generation of a nociceptive response to stimulation, either peripherally or centrally. Hypersensitivity as tested by the P-QST study protocol (pain thresholds as well as temporal summation) is indicated by the red circles; white circles indicate normal P-QST responses. In central sensitization, dynamic QST measures such as conditioned pain modulation can also be affected as shown in the figure.


Quantitative sensory testing involves several tests to enlighten the sensory function of pain perception, from peripheral stimulation to evaluation of the processing in the brain. The tests consist of different standardized stimulations and evaluate patients’ subjective pain intensity response. The stimulation can, for instance, be thermal, mechanical, electrical, chemical, or ischemic (31). The resulting pain intensity registration can be supplied with electroencephalography (EEG) to examine an objective measure. Resting state EEG can be used to examine the brain's default mode, whereas EEG during a painful stimulation in QST gives us information on evoked brain potentials as a result of the pain perception (32). Autonomic reactivity to nociceptive input can also be measured objectively, where heart rate variability is a promising measure (33). It changes due to increased sympathetic-baroreflex activity and a decrease in vagal-parasympathetic activity.

QST, EEG, and functional magnetic resonance imaging have been used in several clinical studies and can be used to identify different dysfunctional pain mechanisms. However, pain itself is a subjective sensation and should be assessed as such (34–36). The German Research Network on Neuropathic Pain has published guidelines on comprehensive QST batteries to examine pain thoroughly (37). Although this gives a detailed description of pain processing, it is unsuitable for clinical practice and cannot be used as a bedside tool to examine visceral pain. Invasive visceral stimulations are also used to examine pain processing in visceral pain (34, 38, 39). These examinations may involve significant discomfort for the patients, fragile and expensive equipment and are therefore not optimal for bedside use in clinical routine work. However, as visceral pain processing can be partly reflected in convergent somatic dermatomes, this can be used as a proxy of central aspects of visceral pain (40). The P-QST consortium was formed to develop and promote knowledge of a bedside QST examination that could be used to evaluate pain processing (16). It consists of three simple tests. One examines sensitization in several anatomical regions using pain detection and tolerance thresholds to standardized pressure (27, 41). If the nervous structures in anatomical regions associated with the pancreas are evaluated as sensitized, and other regions have normal thresholds, it could indicate segmental hyperalgesia corresponding to the pancreatic segment of the spinal cord. If pain thresholds are affected at several sites, it indicates generalized hyperalgesia where the damage is not only located in the peripheral nerve and associated spinal segments but also changes in the central processing of painful stimulations (42).

Another test in P-QST examines the temporal summation score. First, a single pinprick stimulation is performed on a somatic structure, such as the dominant forearm, the pancreatic dermatome (T10), or both, and the patient's corresponding pain intensity is reported. Afterward, a repetitive series of pinpricks are performed one second apart, and the resulting pain intensity is reported. The ratio between the two pain intensities is calculated as the temporal summation score (43). The final P-QST examination evaluates conditioned pain modulation, the change in pain perception after a conditioning stimulus. Conditioned pain modulation has previously been shown to correlate to clinical pain intensity and is an important aspect to include in the neurophysiological examination (41). In the P-QST consortium, the cold pressor test is recommended where a conditioning stimulus, lowering the patient's hand in water with a temperature of 2 degrees for 2 min, is performed. The test stimulus, pressure stimulation on the thigh until the pain tolerance level is reached, is performed before and immediately after the conditioning stimulus and the two values are compared (28).

The P-QST consortium has proposed an algorithm for identifying central and segmental sensitization, where at least 2 out of the following 4 measures (conditioned pain modulation, cold pressor endurance time, sum of pain detection thresholds, and temporal summation on the forearm) indicate central sensitization, whereas 1 out of the following 2 measures (1: Ratio between pain thresholds in T10 and control sites and 2: Enhanced temporal summation at the upper abdominal) indicate segmental sensitization (27).

Over the last decades of pain research, it has been debated whether QST results are gender-specific, as evidence has pointed to a difference in pain perception and pain frequency between males and females (44, 45). A systematic review by Racine et al. from 2012 did however not find results proving lower pain tolerance in women, as there was significant differences in results when comparing different test stimuli and stimulation sites (46). Research does point to variations due to the menstrual cycle, and QST measures should optimally be standardized in regards to menstrual phase (47). This would however be difficult to plan in clinical practice.

In the P-QST consortium, the reference values for pressure pain detection threshold has been differentiated between sexes, as studies show variation in this exact test stimulus (27, 46).

The reliability of QST has been discussed. Static measurements, such as pressure pain stimulation, have acceptable reproducibility, whereas dynamic parameters, especially conditioned pain modulation, show variability over time (28). However, the variability differs between stimulation methods, and there are several ways to improve reliability. This includes, among other, comprehensive training of both examinators and patients and choosing the most reproducible painful stimulation; if this is considered, the assessment method is still a potent prognostic factor in clinical studies (48, 49). The test stimulus in the conditioned pain modulation regimen was chosen due to its reproducibility as a static examination. It is the most commonly used test stimulus and is well tolerated. Although reliability varies according to test site, both inter- and intrasession reliability are generally good (43, 48). The conditioning stimulus can be of different types, as well as different intensities. It can be discussed whether the stimulus can be too painful for certain individuals, and thereby possibly excluding them from completing the stimulus. On the contrary, the stimulus also can be too mild to evaluate pain modulation. Generally, there is low reproducibility for dynamic QST (the conditioning stimulus) due to the complex mechanisms of pain modulation, and the results must be evaluated with this in mind (43). It is however accessible and easy to control, and although some patients might not endure the full conditioning stimulation, this is also a usable result in the final evaluation, as described above.

In recent studies, QST has been used to predict the outcomes of treatments. Olesen et al. have shown that hyperalgesia to electrical stimulations in the T10 dermatome is predictive of the efficacy of pregabalin treatment in CP (50). QST has also been used as a predictor in other types of patients, including diabetic neuropathy, where conditioned pain modulation predicts the efficacy of duloxetine (51), and a mixed group of chronic pain patients, where cold pain intensity and EEG activity induced by cold pain, predicted the pain reduction of opioid treatment (52). Further studies are, however, needed before using this as a decision-making tool in clinical practice, although different pain treatment algorithms using neurophysiological evaluations have been proposed (29, 53).



Conclusion

Pain assessment in visceral pain is complex. As pain affects life in many ways, several aspects besides pain intensity must be evaluated. These include mental health, autonomic symptoms, and quality of life. Unidimensional scales are mostly suited for evaluating changes in pain intensity in acute pain but are too simple for assessing the complexity of chronic visceral pain. Questionnaire validity is increased when developed for a specific disease, as it can provide information beyond general characteristics.

Besides pain questionnaires, QST is gaining ground. It is used to quantify the loss or gain of sensory function and can be performed as a quick bedside examination with only a few instruments available. It can help evaluate the progression of chronic pain from a segmental to a central origin. In the future, it might also help tailor analgesic treatment focusing on affected pain mechanisms (29).

It's important to strive for a uniform assessment of pain in clinical studies, as this will increase the comparability of results. For further information on pain assessment in CP, please see the international guidelines on the subject (26).
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Two behavioural phenotypes in healthy people have been delineated based on their intrinsic attention to pain (IAP) and whether their reaction times (RT) during a cognitively-demanding task are slower (P-type) or faster (A-type) during experimental pain. These behavioural phenotypes were not previously studied in chronic pain populations to avoid using experimental pain in a chronic pain context. Since pain rumination (PR) may serve as a supplement to IAP without needing noxious stimuli, we attempted to delineate A-P/IAP behavioural phenotypes in people with chronic pain and determined if PR can supplement IAP. Behavioural data acquired in 43 healthy controls (HCs) and 43 age-/sex-matched people with chronic pain associated with ankylosing spondylitis (AS) was retrospectively analyzed. A-P behavioural phenotypes were based on RT differences between pain and no-pain trials of a numeric interference task. IAP was quantified based on scores representing reported attention towards or mind-wandering away from experimental pain. PR was quantified using the pain catastrophizing scale, rumination subscale. The variability in RT was higher during no-pain trials in the AS group than HCs but was not significantly different in pain trials. There were no group differences in task RTs in no-pain and pain trials, IAP or PR scores. IAP and PR scores were marginally significantly positively correlated in the AS group. RT differences and variability were not significantly correlated with IAP or PR scores. Thus, we propose that experimental pain in the A-P/IAP protocols can confound testing in chronic pain populations, but that PR could be a supplement to IAP to quantify attention to pain.
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1. Introduction

Pain is an attention-grabbing sensory experience, and acute pain plays a role in protecting our bodies from harm (1, 2). Pain and attention are interconnected. For example, allocation of attention can modulate components of the pain experience (e.g., pain intensity) and activation of pain-related brain regions (3–11). Much of the research that has examined pain and attention interactions has been conducted in healthy individuals, but studies in chronic pain populations are challenging and confounded by the need to apply an experimental pain stimulus in the context of chronic pain.

Our lab has demonstrated that healthy individuals vary in their ability to balance attention towards pain vs. other attentional demands, and that these differences generally can be observed by two behavioural phenotypes. One behavioural phenotype is based on how performance of an attention-demanding task is impacted by concurrent experimental acute pain stimuli. We have designated individuals as either “Attention to task dominants” (A-types) for those that exhibit faster task reaction times (RTs) or “pain dominants” (P-types) for those that exhibit slower task RTs during concurrent pain stimulation compared to a no-pain condition (10, 12–14). The other behavioural phenotype is based on an assessment we developed to determine intrinsic attention to pain (IAP), which reflects the tendency of an individual to attend to an acute pain stimulus vs. mindwander away from the pain stimulus (1, 15). Healthy individuals designated into these two behavioural phenotypes have been shown to have characteristic structural and functional attributes in areas of the dynamic pain connectome in the brain (1, 10, 12–15).

Behavioural phenotypes that identify how an individual attends to pain could provide some individual predictive value of the potential effectiveness of attentional or psychotherapeutic interventions that aim to alter attentional engagement towards chronic pain (e.g., cognitive behavioural therapy) (16, 17). However, A-P types and IAP have not been characterized in chronic pain populations in part because of potential confounds associated with applying experimental pain stimuli in a chronic pain context and the unknown relevancy of using experimental pain as a model for chronic pain (18–20).

In this exploratory study, our main aim was to examine A-P and IAP behavioral phenotypes in people with chronic pain using our standard A-P/IAP protocols that use acute experimental pain. However, because of the inherent confound of applying experimental pain in a chronic pain context, our secondary exploratory aim was to explore whether pain rumination (PR) could be used to quantify attention to pain and provide an experimental pain-free supplement to IAP.

PR is repetitive and continuous negative thinking about pain and the possible causes and consequences associated with it's experience (21). PR is thought to be related to IAP (1, 21) because it also captures an individual's tendency to attend to pain. However, the relationship between these two metrics has not been examined previously.



2. Materials and methods


2.1. Participants

This study comprised a retrospective analysis of behavioural data collected from 43 right—handed people with chronic pain associated with ankylosing spondylitis (AS) (average age = 28.7, SD = +/−6.4 years old; 30 males, 13 females) and 43 age- and sex- matched pain-free healthy controls (HC) (average age = 28.2, SD = +/−6.1 years old; 30 males, 13 females) with the overall ages ranged from 18 to 40 (+/−2) years old.

All study participants provide informed consent to experimental methods that were approved by the University Health Network Research Ethics Board. We recruited individuals with AS from the Toronto Western Hospital's Spondylitis Clinic and that were diagnosed with AS using the modified New York criteria (22, 23). Both HCs and AS participants were excluded if they met any of the following conditions: (1) current or were previously diagnosed with a psychiatric, neurological, or metabolic disorder, (2) previous major surgeries, (3) any serious infection within 4 weeks of data collection requiring hospitalization and/or antibiotics.



2.2. Tasks


2.2.1. Numeric interference task

Participants were familiarized with a numeric interference (NI) task (see 12, 13, 24–27) and underwent a training session before testing began. The NI task required the participants to view a computer screen that displayed 3 separate boxes, each of which contained a different number of digits that ranged in value from 1 to 9. Within each box there were identical numbers but there were different numbers across the boxes. Each participant was instructed to use a numerical keyboard to indicate as quickly and as accurately as possible, the highest number of digits across the boxes. The cognitive-demanding aspect of the task was that participants had to report the highest number of digits (non-dominant information) rather than the highest number value (dominant information) (12, 13, 24–27). The study included 6 blocks with 24 trials each (trial length = 2.5 s, inter-block interval =60 s), and blocks alternated between a no-pain condition and a pain condition during which experimental pain was applied concurrently during the task (12, 13). A computer-controlled transcutaneous electrical nerve stimulation (TENS) device (300-PV Empi Inc.) was used to deliver stimuli to the left median nerve and was calibrated prior to testing to elicit pain intensity of approximately 40–60/100 (0 = no pain, 100 = most intense pain imaginable) for each participant. The NI task was run on EPrime v1.1 (Psychological Software tools). See the Supplementary Materials for more details about the TENS stimulus calibration procedure. The first two blocks of the NI task (one no-pain block and one pain block) were removed to avoid learning effects for each participant.



2.2.2. Measuring performance on the NI task and data-cleaning

Task performance was quantified from each participants' mean RT and RT variability (RTv) (12) across the no-pain and pain blocks, respectively (see our previous study 12). The RTv in each participant was calculated from the variance of the RTs in all of the trials of the no-pain blocks and the pain blocks separately.

Trials with RTs that were <=200 milliseconds (ms) or >=2500 ms were removed. The upper cut-off was determined based on the maximum trial time. The lower cut- off was based on the postulated time needed for physiological processes (e.g., stimulus detection, decision making, motor response) to occur (approximately 100–200 ms) during a reaction-time (28, 29). Participant exclusion criteria was set at having more than 30% of their total trials missing from each block-type and/or all blocks together after data-cleaning was completed. No participants were excluded from analyses after the data-cleaning procedure was implemented.



2.2.3. A-P categorization of individuals

The differences in RT between the no-pain blocks and the pain blocks of the NI task were used to characterize A and P types as we have done in our previous studies: The RTmean of the no-pain blocks was subtracted from the RTmean of the pain blocks (ΔRTmean = RTmean pain—RTmean no pain) for each participant separately (12, 13). Thus, the A-types exhibit negative ΔRTmean values which reflect a general increase in task performance speed from the no-pain to pain condition of the NI task, whereas the P-types exhibit positive ΔRTmean values, which reflect a general decrease in task performance speed from the no-pain to pain condition of the NI task.




2.3. Quantifying attention to pain

We used two approaches to quantify attention to pain; the IAP measure we have developed in our lab that uses an experimental stimulus, and an assessment of pain rumination which is a measure that does not require applying stimuli:

Participants underwent an experience sampling of experimental pain stimuli previously developed by Kucyi et al. (15) to quantify an individual's IAP. To do this, participants were asked to stare at a blank screen with a white fixation cross during which a 20 s transcutaneous electrical stimulus was delivered to the skin overlying the left median nerve (300-PV, Empi Inc.) at an intensity to evoked pain rated at 40–60/100 (0 = no pain, 100 = most intense pain imaginable) that was calibrated prior to the task for each participant separately. See the Supplementary Materials for more information regarding the stimulus calibration procedure. After 20 s, the pain stimulus stopped, and a probe popped up on the screen that asked participants to indicate whether their attention had been “only on pain”, “mostly on pain”, “mostly on something else”, or “only on something else”. After the participants responded to this prompt or after 8 s had passed, an inter-stimulus interval with the blank screen and white fixation cross popped up without pain for 22 s. In total, participants underwent 20 trials of this task. Based on the proportions of trials that reported attention towards pain vs. attention towards something else, a single IAP score was calculated for each participant that ranged from −2 (always attending to something else) to +2 (always attending to pain) as follows (15):
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where n = number of trials

We quantified PR using the 4 item pain rumination subscale of the pain catastrophizing scale (PCS-R). The entire PCS consists of 13 items, each of which is rated on a five-point Likert Scale (0—not at all, 4- all the time). A score between 0 (lowest PR score) and 16 (highest PR score) was generated for each participant based on their responses.



2.4. Analyses

Analyses were conducted using R-Studio, Graphpad-Prism 7, and Microsoft Excel. We used parametric and non-parametric tests as appropriate: Independent sample t-tests were used to examine differences in RTmean and RTv, respectively, between the HCs and AS group. This was done for each NI task condition (no-pain and pain), separately. The difference in IAP scores between HCs and the AS group were examined using an independent sample t-test. The difference in PCS-R scores between the HCs and the AS group were examined using a Mann-Whitney-u test.

We used Spearman's correlations to determine the correlation between IAP and PCS-R scores in the HCs and the AS group, and for the correlations between (i) ΔRTmean values and IAP scores, (ii) ΔRTmean values and PCS-R scores, (iii) ΔRTv values and IAP scores, and (iv) ΔRTv values and PCS-R scores for the HCs and the AS group.




3. Results


3.1. Attention to task-dominant (A-type) and pain-dominant (P-type) characterization and performance on the NI task

Within each cohort of HCs and AS, we delineated 32 A-type individuals and 11 P-type individuals (Figure 1). There were no significant differences in RT mean between the HCs and AS group in either the no-pain condition (HC: M = 1320.47 ms, SD = 163.39 ms; AS: M = 1390.40 ms, SD = 186.64 ms) (t = 1.85, p = 0.068, Cohen's d = 0.40) or in the pain condition (HC: M = 1276.51 ms, SD = 167.39 ms; AS: M = 1343.93 ms, SD = 173.96 ms) (t = 1.83, p = 0.071, Cohen's d = 0.39) of the NI task (Figure 2). Furthermore, there was no significant difference in RTv between the HCs and the AS group in the pain condition of the NI Task (HC: M = 8.6 × 104 ms2, SD = 3.0 × 104 ms2; AS: M = 9.5 × 104 ms2, SD = 4.2 × 104 ms2) (t = 1.24, p = 0.22, Cohen's d = 0.27). However, as shown in Figure 3, there was a significant difference in task RTv between the HCs and the AS group in the no-pain condition (t = 2.15, p = 0.035, Cohen's d = 0.46) such that the AS group exhibited an overall higher mean RTv than the HCs (HC: M = 9.1 × 104 ms2, SD = 3.5 × 104 ms2; AS: M = 1.1 × 105 ms2, SD = 4.8 × 104 ms2).


[image: Figure 1]
FIGURE 1
Change in individual mean task reaction times (RT) from the no-pain to the pain blocks for each individual in the healthy controls (HCs) and ankylosing spondylitis (AS) groups. A-types are represented by the green lines. P-types are represented by the red lines.
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FIGURE 2
Individual and mean group task reaction times (RTs) for the healthy controls (HCs) and the ankylosing spondylitis (AS) group. Individual HCs are represented by the blue dots and individuals in the AS group are represented by the orange dots.



[image: Figure 3]
FIGURE 3
Individual and mean group task reaction time variance (RTv). Higher task RTv was found in the healthy controls (HCs) compared to the ankylosing spondylitis (AS) group in the no-pain blocks (left panel) but not in the pain blocks (right panel). The HCs are represented by the blue dots. The AS group is represented by the orange dots.




3.2. Attention to pain: intrinsic attention to pain and pain rumination

We examined two metrics of attention to pain: IAP and PCS-R. We did not find any significant group differences in IAP scores (HC: M = 0.033, SD = 0.76; AS: M = −0.11, SD = 0.85) (t = 0.80, p = 0.43, Cohen's d = 0.17) or in the PCS-R scores (HC: M = 4.93, SD = 3.75; AS: M = 4.47, SD = 4.04) (p = 0.43, Cohen's d = 0.12) between the HCs and the AS group (Figure 4). Furthermore, the IAP scores were not significantly correlated with the PCS-R scores in the HCs (rho = −0.0056, p = 0.97). However, the correlation between IAP scores and the PCS-R scores in the AS group showed a statistically significant trend (rho = 0.30, p = 0.054) (Figure 5).


[image: Figure 4]
FIGURE 4
Individual and group mean intrinsic attention to pain (IAP) and pain rumination scores. Neither the IAP scores (left panel) or rumination scores (right panel) from the pain catastrophizing scale, rumination subscale (PCS-R) were significantly different between healthy controls (HCs) and those in the ankylosing spondylitis (AS) group. The HCs are represented by the blue dots. The AS group is represented by the orange dots.
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FIGURE 5
Relationship between intrinsic attention to pain (IAP) and pain rumination. The IAP scores were not significantly correlated with the pain rumination scores (derived from the rumination subscale of the pain catastrophizing scale) (PCS-R) in healthy controls (HCs) (left panel) but there was a marginally significant positive correlation between the IAP scores and the PCS-R scores in the ankylosing spondylitis (AS) group (right panel). The HCs are represented by the blue dots. The AS group is represented by the orange dots.




3.3. Relationship between task performance and the metrics of attention to pain

We next examine the relationship between task performance and metrics of attention to pain at the individual and group level. We did not find any significant correlation between the IAP scores and ΔRTmean in the HCs (rho = −0.22, p = 0.15) or in the AS group (rho = −0.18, p = 0.26) (Figure 6). We also examined the consistency of task performance (Figure 7) and again found there was no significant correlation between the IAP scores and ΔRTv in the HCs (rho = −0.17, p = 0.28) and the AS group (rho = −0.12, p = 0.44). Also, there was no significant correlation between the PCS-R scores and ΔRTmean (Figure 8) in the HCs (rho = −0.14, p = 0.38) and the AS group (rho = −0.16, p = 0.32). Finally, we also did not find any significant correlations between the PCS-R scores and ΔRTv (Figure 9) in the HCs (rho = 0.093, p = 0.55) or in the AS group (rho = −0.035, p = 0.82).
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FIGURE 6
Relationship between an individual's intrinsic attention to pain (IAP) and the effect of pain on task reaction time (RT). No significant correlation was found between the IAP scores and the ΔRT mean in the healthy controls (HCs) (left panel) or for the ankylosing spondylitis (AS) group (right panel). The HCs are represented by the blue dots. The AS group is represented by the orange dots. A-type behavior is represented by a negative ΔRT mean value (values that are on the left side of the horizontal axis). P-type behavior is represented by a positive ΔRT mean value (values that are on the right side of the horizontal axis).
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FIGURE 7
Relationship between an individual's intrinsic attention to pain (IAP) and the effect of pain on variance in task reaction time (RTv). No significant correlation was found between the IAP scores and the ΔRTv in the healthy controls (HCs) (left panel) or for the ankylosing spondylitis (AS) group (right panel). The HCs are represented by the blue dots. The AS group is represented by the orange dots. More consistent RTs during pain is represented by a negative ΔRTv value (values that are on the left side of the horizontal axis). Less consistent RTs during pain is represented by a positive ΔRTv value (values that are on the right side of the horizontal axis).
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FIGURE 8
Relationship between an individual's pain rumination score and the effect of pain on their task reaction time (RT). No significant correlation was found between the pain rumination scores (derived from the rumination subscale of the pain catastrophizing scale) (PCS-R) and the ΔRT mean in the healthy controls (HCs) or for the ankylosing spondylitis (AS) group. The HCs are represented by the blue dots. The AS group is represented by the orange dots. A-type behavior is represented by a negative ΔRT mean value (values that are on the left side of the horizontal axis). P-type behavior is represented by a positive ΔRT mean value (values that are on the right side of the horizontal axis).
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FIGURE 9
Relationship between an individual's pain rumination score and the effect of pain on their variance in task reaction time (RTv). No significant correlation was found between the pain rumination scores (derived from the rumination subscale of the pain catastrophizing scale) (PCS-R) and the ΔRTv in the healthy controls (HCs) or for the ankylosing spondylitis (AS) group. The HCs are represented by the blue dots. The AS group is represented by the orange dots. More consistent RTs during pain is represented by a negative ΔRTv value (values that are on the left side of the horizontal axis). Less consistent RTs during pain is represented by a positive ΔRTv value (values that are on the right side of the horizontal axis).




3.4. Supplemental analysis: pain scores in ankylosing spondylitis group, sex differences in task performance and metrics of attention to pain

As a supplementary exploratory analysis, pain intensity scores at the time of testing and on average over 4 weeks were obtained from the AS group using the painDETECT questionnaire, and compared across the A-and P-types (30, 31). There was no statistically significant differences in current (i.e., state) pain scores across A- and P-types. However, there was a marginally significant difference in average (i.e., trait) pain scores over 4 weeks between the A- and P-types such that P-types had higher overall average pain scores than the A-types (see Supplemental Materials). As well, we examined sex differences in RTmean, RTv, IAP scores and PCS-R scores in the HCs and AS group. There were no statistically significant sex differences identified other than a marginally significant difference in RTv between males and females in the AS group for the pain condition of the NI task (see Supplemental Materials). These findings were not included as part of our main analyses due to low and unequal group sizes between the A-P types and the sexes (arising from the male-predominance of AS).




4. Discussion

Categorizing people with the A-P and IAP behavioural phenotypes (10, 12–15) provides insight to understand acute pain and attention interactions but in chronic pain populations this assessment could be confounded by ongoing and fluctuating chronic pain (32–34). Additionally, mechanisms underlying pain-attention interactions may differ for acute and chronic pains. As a first step towards determining the suitability of A-P and IAP testing in chronic pain populations, we characterized A-P and IAP behavioural phenotypes in people with chronic pain associated with AS. Our main findings were that (1) the current A-P and IAP protocols are not suitable for people with chronic pain, and (2) PR can be used as a supplement to IAP to capture attention to pain in chronic pain populations without the need for experimental pain stimuli.

We identified both A and P-type individuals in both the AS group and healthy controls, and there were more A-types than P-types in both groups. This was a surprising revelation, considering that many studies suggest people with chronic pain can demonstrate difficulty attending away from their chronic pain (35–37) and overall impairment in many cognitive domains and tasks (24, 36, 38–40). Therefore, we expected that the AS group's behavioural performance would be affected by other pain experiences like the NI task's concurrent experimental acute pain, and that they would exhibit slower RTs in the task pain condition compared to the no-pain condition. This could have been a result of sampling bias, as A-types might be more likely to volunteer for a pain study than P-types. Another explanation could be that the AS group has built resilience to pain experiences during the course of their disease, thus allowing them to perform better during the NI Task. The AS group may have learned overtime to function normally and accept their pain having been exposed to chronic pain from having AS. Many people with chronic pain build resilience towards their pain, that allows them to operate in their daily lives (41–43). As well, those who have higher acceptance of their chronic pain report lower levels of disability and higher levels of functionality in daily activities than those with lower acceptance (44, 45). The level of resilience and acceptance of chronic pain in the AS group may have supported their ability to perform on the NI task, however we have not tested if this is true.

Similarly to Cheng et al. (12), we used RT variability as a metric of performance to gain insight into inconsistencies in RTs (46), as this measure is considerably understudied in studies looking at pain interference and performance variability (12). Interestingly, there were no differences in RT variances between the HCs and the AS group in the pain condition of the NI task, but there were significant differences in the no-pain condition such that the chronic pain group exhibited overall higher variance compared to the HCs despite there being no experimental pain applied. Since experimental pain is not driving this variance in the AS group, it is possible that the chronic pain experienced by this population could be interfering with the consistency of their RTs on this task. However, our current protocols do not account for fluctuating and spontaneous chronic pain that the AS group may be experiencing during the NI task. To properly determine if an individual is an A or P type, RTs during the task need to be compared in a condition that has no-pain to a condition where pain is concurrently occurring within the behavioural task. Since we cannot verify the occurrence of chronic pain during the NI task, this suggests that these protocols are not appropriate for people with chronic pain and that further modifications need to be made that take chronic pain into consideration.

It is possible the AS group could have experienced an inhibitory pain modulation or “pain inhibits pain” (47) phenomena during the pain condition of the NI task, such that the experimental acute pain inhibited their chronic pain, which allowed them to produce more consistent RTs in the task pain condition compared to the no-pain condition. Including recordings of chronic pain intensity in future iterations of the A-P/IAP protocols would allow us to further explore whether experimental pain inhibits chronic pain experiences during these behavioral tasks.

The marginally significant correlation between IAP scores and PCS-R scores in the AS group suggests PCS-R may be able to quantify “attention to pain” in people with chronic pain, alongside IAP. However, these measures likely quantify different aspects of “attention to pain”. IAP has been shown to be a “trait-like” measure of attention to pain (1, 15), and probes participants to think only about whether their attention was directed towards the administered pain or mind-wandering towards something else. PR is defined as “…perseverative negative thinking about pain” (21), and involves characterizing an individual's tendency to negatively ruminate about their pain experiences (21, 48, 49). Unlike IAP which only quantifies whether or not attention is towards pain, PR has a negative affect (50, 51) component towards pain that quantifies negative thinking about pain experiences. The questions presented in the PCS-R have more emotional valence than the questions probed in the IAP protocol. This may explain why these two metrics were only marginally significantly positively correlated in the AS group and not significantly correlated in the HCs. As well, these findings are inconsistent with previous work in our lab that has shown that IAP scores and PCS scores in healthy individuals exhibit a modest positive trend (15). However, it is important to note that this study looked at scores generated from the entire PCS and not the relationship between IAP scores and PCS-R scores alone. The findings in the current study encourages the need for future work to investigate additional metrics that quantify attention to pain similarly to IAP but do not require an experimental pain stimulus and that do not capture pain affect as prominently as the PCS-R.

We also note that the experiences people are reflecting on when they complete the PCS-R or how long ago they occurred are not known. Someone with chronic pain who experiences persistent chronic pain could more readily recall their pain-related cognitions when completing the PCS-R. This assessment of their tendency to catastrophize (52) and/or ruminate about pain, could then better capture in the PCS-R a more accurate representation of their tendency to attend to pain. In contrast, because healthy individuals are not experiencing pain at the time of assessment, they may vary in how difficult it is to recall a pain experience and their pain-related cognitions when completing the PCS-R (52). This may impact how the PCS-R can capture their tendency to ruminate and attend to pain. This issue further highlights the importance to consider other metrics in future studies that can capture attention to pain and be used in both healthy individuals and people with chronic pain.

We did not find a relationship between the measures of attention to pain (IAP and PCS-R scores) and the performance measures of the NI task (ΔRTmean and ΔRTv). This was an unexpected finding considering our previous work has shown a significant positive correlation between IAP scores and ΔRTmean in healthy individuals (15). Both the A-P and IAP protocols are meant to capture an understanding of pain and attention interactions in individuals, but the lack of correlation suggests these two behavioural phenotypes reflect pain and attention interactions in different ways. IAP reflects a trait-like measure of attention to pain (15, 53). It is currently unknown whether the A and P type characterizations are trait or state-like designations of pain and attention interactions. However, consistent evidence of structural and functional brain region differences between A- and P-types (12–15) suggest that these behavioural characterizations are trait-like in nature. It is clear that more work needs to be done to investigate the trait or state like qualities of the A-P and IAP behavioral phenotypes in both healthy and chronic pain populations.

We also note a study limitation that should be addressed arising from examining AS is that it is a condition that is predominately found in males (54–56), and this has limited our ability to include an equal number of female participants and fully address any sex differences. There is a considerable amount of studies that suggest that chronic pain experiences and prevalence are different between males and females (57–63), and so it is important to observe whether there are differences in the reflection of pain and attention interactions between the sexes. Finally, a limitation is that our study did not include a non-painful stimulation control condition. Thus, we cannot factor out the possibility of a non-specific stimulation distraction effect impacting the participants' performance on our behavioural tasks. Our future iterations of these behavioural tasks will include control conditions that take this possibility into consideration. As well, our future studies will use larger sample sizes to explicitly examine sex differences and behavioural phenotypes in greater detail.

In conclusion, the current A-P/IAP behavioural phenotype characterization protocols are likely not appropriate for people with chronic pain as they do not account for the occurrence of chronic pain throughout their behavioural tasks. Although, PR could be used as a supplement to quantify attention to pain alongside IAP, other metrics are needed to be investigated that are more closely related to IAP and circumvent the use of experimental pain stimuli so that IAP phenotypes can be characterized in people with chronic pain. Attention-based therapies of chronic pain such as cognitive behavioural therapy (CBT) provide inconsistent success to help improve chronic pain (16, 17, 64–68), but a greater understanding of behavioural phenotypes of pain and attention interactions may contribute to a better identification of individuals most likely to benefit from attention-based chronic pain therapies such as CBT.
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Subjects Learners  Pain
(I)/non- intensity unpleasantness
Learners
(0)

st ACcD 0 5 7
52 ACCD 0 5 5
$3 ACCD 1 6 6
s4 ACCD 1 5 6
S5 ACCD 1 7 7
S6 ACCD 1 5 5
57 ACCD 1 5 5
8 ACCD 0 45 75
$9 ACCD 0 75 75
510 ACcD 1 7 6
S Accu 1 7 10
52 AccU 1 5 5
$3 Accu 0 5 6
S4 Accu 1 4 4
S5 ACCU 0 6 6
S6 AccU 1 6 7
57 AccU 0 6 5
8 ACCU 0 25 55
s9 Accu 1 5 5
510 Accu 0 5 6
1 INSD 0 5 5
52 INSD 1 4 4
$3 INSD 1 5 6
S4 INSD 1 5 5
S5 INSD 1 6 6
S6 INSD 1 4 6
57 INSD 0 5 4
8 INSD 1 45 75
$9 INSD 1 7 7
$10 INSD 1 5 4
S| INSU 1 6 8
$2 INSU 1 5 5
$3 INSU 0 5 6
S4 INSU 1 5 6
S5 INSU 0 6 6
S6 INSU 1 4 5
s7 INSU 1 5 4
$8 INSU 0 35 65
s9 INSU 0 5 5
510 INSU 0 9 9

The ratings relate to a verbal rating scale with pain intensity ranging from 0 = no
pain 1o 10 = strongest imaginable pain and pain unpleasantness ranging from
O=not unpleasant to 10=extremely unpleasant. ACCD, rACC
downregulation; ACCU, rACC upregulation; INSD, plnsL downregulation;
INSU, plinsL uprequlation.
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Demographic and clinical variables Behavioral reactivity and proxy report (N = 29) Proxy report only (N = 40)

Categorical variables n % n %
Child sex

Male 16 55 24 60

Female 13 45 16 0

GMFCS level

lor il 5 17 8 20

v 5 17 9 23

v 19 66 23 58
Intellectual disability

None 2 7 3 8
Mild/moderate 11 38 18 45
Severe/Profound 16 55 19 8

Spoken language

No phrase speech 23 79 30 75

Phrase speech 6 21 10 25

Parent college degree 21 72 28 70

Race = white, not Hispanic, Latinx 22 76 32 80
Continuous variables Mean s 1R Mean sp 1aR
Child age (months) 132.83 50.29 99-155 131.73 53.65 96-153
PCS-P scores 37.45 18.11 27-49 38.13 12.00 31-47
Behavioral react. scores

Before surgery 2328 7.30 18-28 23.47 7.35 18-28
After surgery 19.98 7.7 16-25 18.71 7.74 16-25
Pain interference scores

Before surgery 4359 34.18 12-67 41.68 32.63 85-65

Follow-up 25.07 2647 6-36 2223 2391 18-29
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Demographic and No phrase speech Phrase speech

clinical variables. (N =30) (N=10)
Categorical variables n (%) n (%)
Child sex

Male 18 (60) 6(60)
Female 12 (40) 440)
GMFCS level

lor il 3(10) 5(50)

v 6(20) 3(30)

v 21(70) 2(20)
Intellectual disability

None 4013 2(20)
Mid/moderate 7(29) 8(80)
Severe/Profound 19 (63) 0(0)
Parent college degree 23(77) 6(60)
Race = White, not 24(80) 8(80)
Hispanic/Latink

Continuous variables Mean (SD) Mean (SD)
Child age (months) 136.47 (57.34) 117.50 (39.51)
PCS-P scores 3883 (11.44) 38.12(12.00)
Behavioral react. scores

Before surgery 2365 (6.81) 21.83(9.54)
After surgery 17.43 (7.98) 24,67 (1.75)
Pain interference scores

Before surgery 45.80 (32.61) 29.30 (30.97)

Follow-up 21.77 (19.86) 23.60 (34.70)
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Variable

N (F, M)

Age (Y)

80I

PDT Pressure CPM Effect (% change)

PDT Pressure CPM Effect
(absolute change)

TS1 pressure (kPa)
TS2 pressure (kPe)

Pains0 Pressure CPM effect (%

change)

Pain50 Pressure CPM effect

(absolute change)

TS1 pressure pain rating (0-100)

TS2 pressure pain rating (0-100)

TS Pain50 pressure (kPa)

CS pressure (70% PTT) (kPa)

S pressure Pain50 (kPa)

Pain50 Heat CPM effect (% change)
Pain50 Heat CPM effect (absolute
change)

TS1 heat pain rating (0-100)

TS2 heat pain rating (0-100)

TS Pain50 temperature (°C)

CS Pain50 temperature (C)
painDetect score (NNP, MNP, NP)
8P Pain Severity score
BPI Interference score

Healthy group

18(9,9)
318+ 110"
39440
-146+£32.4
-81£66

223+9.7
25.4+13.4
-50.1 +£33.0"

-252+16.6

503+ 0.4
25.1£ 166
36.9+ 14.1
337+ 1256
3424134
-6.5+£32.3
~36+16.4

50.5+93
469+ 185
45714
454£1.4

NA

NA

NA

Chronic pain group

12(7,5)
553 +15.6'
97 £5.1*
~266+ 487
-86+93

22.7£9.0
263+88
—21.4£358"

-108+17.9

502 +0.4
39.4+£17.8
46.8 % 15.0
50.3 £ 129
479+ 144
—-11.1+£336
—65+16.4

496+ 163
431 £17.9
446+30
443+24

19.7(2,2,8) 85
6310
60+18

Group data are shown as mean = standerd deviation. N, Number of participants;
F, Femele; M, Male; BDI, Beck Depression lnventory; PDT, Pain Detection Threshold;
TS1, first test stimulus; TS2, second test stimulus; CS, conditioning stimulus; Pain50,
stimulus evoking pain rating of 50/100; CPM, conditioned pain modulation; PTT, pain
tolerance threshold; NP Neuropathic Pain; MNP, Mixed-NP; NNP. non-NP; BP, Brief
Pain Inventory. Note that the CS pressure used during pressure-based CPM was at 70%
PTT. Asterisks denote statistically significant difference between healthy and chronic pain

group (o < 0.05).
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Learner

non-Learner group

ACCD
ACCU
INSD
INSU
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dition Feedback

Ball displacement

1 ACCD: rACC—UNR <0
ACCU: rACC—UNR >0

3 INSD: pIns—UNR <0

4 INSU: pIns—UNR >0

Down
Up
Down

Up

(1) ACCD represents down-regulation of the BOLD activity in the rACC
(compared with the UNR ROI). (2) ACCU represents up-regulation of the
BOLD activity in the rACC (compared with the UNR ROI). (3) INSD represents
down-regulation of the BOLD activity in the pINSL (compared with the UNR
ROI). (4) INSU represents up-regulation of the BOLD activity in the INS

(compared with the UNR ROI).
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INI coordinates

ROI X Yy z
rACC -1 36 6
pInsL -42 -20 9
pInsk 40 -13 6
MCC -3 -25 38
alnsL -5 6 -6
It -58 -29 2
UNR -2 -61 29

rACC, rostral anterior cingulate cortex; pinsL, left posterior insula; pinsR, right
posterior insula; Sil, secondary somatosensory cortex; MCC, medial cingulate
cortex: UNR. parieto-occipital area (control ROI.
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Trial 1

Trial 6
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Dataset Additive model (NRS), Multiplicative model (AU),

B (Closy) B (Closy)
Placebo | -3(-12,5) 09(08,1.1)
Placebo Il Placebo: ~9 (21, 4) Placebo: 0.8 (0.5, 1.3)
Naproxen: =15 (27, —3) Naproxen: 0.7 (0.4, 1.1)
Levodopa trial 4(-7,15) 15(07,33)

Al effects were modeled using ANCOVA with pre-intervention scores as a covariate.
Multplicative effects use the log-transformed scores and represent the exponentiated
coefficients which can be interpreted as the relative effect of treatment group vs. the
control group [e.g., post-intervention pain in the placebo group (Placebo |) will be 90% of
the post-intervention pain in the no treatment group].
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Comparison

No pain to mild and mild to Moderate (M = 11.73) (M = 21.71)

No pain to mild and moderate to severe (V = 11.73) (M = 30.48)
11.73) (V = 20.65)
Mild to moderate and moderate to severe (V1 = 21.71) (M = 30.48)
Mild to moderate and severe to very severe (V = 21.71) (M = 20.65)
Moderate to severe and severe to very severe (1 = 30.48) (V = 20.65)

No pain to mild and severe to very severe (M

Statistics (¢ test, p-value, effect size)

1(20) = ~3.92,p = 0.001,d = 1.23

1(20) = ~7.08, p < 0.001,d = 2.24
1(20) = ~3.65, p = 0.002, d = 1.20
H20) =
(©20) =

1(20) = 3.18, p = 0.005,d = 1.05
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Variable 1

1 Pain interference T4 .

2 Pain interference T2 0.443 (0.004)

3 Pain interference change (T1-T2)  0.717 (<0.001)
4 Behavioral reactivity T1 ~0.368 (0.049)
5 Behavioral reactivity T2 —0.237 (0.216)
6 Bohavior reactiity change (T1-T2)  —0.096 (0.619)
7 Parental pain catastrophizing 0422 (0.007)

8 Chidage ~0.018(0.912)

~0.307 (0.054)
0.181(0.346)
0.000 (0.999)
0.149 (0.442)
0.374 (0.017)
—0.055 (0.735)

~0.522 (0.004)
—0.243 (0.204)
—0.217 (0.259)
0.157 (0.335)
0.024 (0.884)

0,295 (0.120)
0563 (0.001)
~0.070 (0.720)
~0.246 (0.199)

~0.623 (<0.001)
—0.031 (0.871)
—~0.086 (0.659)

-0.030 0.878)
~0.127 (0512)

—~0.075 (0.647)
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Full model Reduced model

Model terms Est. SE df t P Est. SE df t P
Main effects
Time —27.34 11.73 31.98 -2.33 0.026 -23.96 527 36.19 —4.56 <0.001
Female -10.86 861 57.58 -1.26 0.212
Age -1.27 9.66 57.56 -0.13 0.896
Phrase speech -3.76 11.26 58.93 -0.33 0.739 -2.34 10.36 57.91 -0.23 0.822
PCS-P 99.39 28.60 57.88 3.48 0.001 97.90 27.19 60.65 3.60 0.001
GMFCS
Level ll or il —2.67 14.30 59.86 -0.19 0.852 -6.11 11.50 38.16 -0.53 0.598
Level V 18.85 10.99 57.95 172 0.002 18.19 8.70 34.79 2.09 0.044
PCS-P*Phrase speech 15.26 18.28 36.18 0.84 0.409 —56.55 48.55 59.99 -1.17 0.249
Interactions with Time
Sex 10.92 9.90 32.02 1.10 0.278
Age -0.12 1.1 31.85 -0.01 0.991
Phrase speech 21.36 13.32 32.54 1.60 0.119 1976 10.58 36.03 1.87 0.070
PCS-P —62.69 32.71 32.11 -1.92 0.064 —60.92 30.38 36.34 -2.01 0.052
GMFCS
Level ll or Il —4.37 17.11 32.90 -0.26 0.800
Level V -0.70 12.66 31.99 -0.06 0.967
PCS-P*Phrase speech 121.49 59.36 31.95 2,056 0.049 111.86 53.92 36.09 2.08 0.045
cAIC = 761.82 CAIC =T741.24
df = 34.67 df =30.05

Conditional log-likelihoox

—-341.24 Conditional log-likelihood
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Model terms

Main effects

Time

Sex

Age

Phrase speech

PCS-P

GMFCS

Level llor ll

Level V

PCS-P*Phrase speech
Interactions with time
Sex

Age

Phrase speech

PCS-P

GMFCS

Level l or ll

Level V

PCS-P*Phrase speech

CAIC = 406.50
df = 30.53
Conditional log-likelihoox

Est.

-9.63
—-0.08
-7.00
-3.78
-1217

-0.51
-2.80
15.26

0.86
7.7
11.27
12.31

232
4.03
-14.78

-172.72

SE

4.96
3.18
4.20
4.10
9.09

5.44
4.55
18.28

3.45
4.55
4.52
9.81

6.14
4.96
19.84

Full model

df

20.79
368.13
36.09
36.49
368.53

37.98
36.39
36.18

20.95
20.73
2091
20.99

2128
20.79
20.76

-1.94
-0.02
-1.67
-0.92
—-1.34

-0.09
-0.62
0.84

0.25
1.70
249
1.26

0.38
0.81
-0.75

0.066
0.981
0.104
0.362
0.189

0.926
0.641
0.409

0.806
0.105
0.021
0.223

0.709
0.426
0.465

Reduced model
Est. SE df t
-5.83 1.69 2634 -3.44
-530 337 45.07 —157
—2.48 3.43 45.04 -072
523 371 26,01 1.41
9,69 378 26,00 256

CAIC = 391.63
df =22.98
Conditional log-likelihood = —172.78

0.002

0.123
0.474

0.170
0017
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Pain index

Worst pain
Time in high pain

Least pain

Fluctuating pain

Time in no pairviow pain
Average pain
Unpredictable pain

Mean [SD]

7.60 [2.29)
6.95 [2.67)
6.90 [2.20)
6.58[1.93)
5.75 [2.45)
565 (2.76]
5.20 (2.66]

Pain indices are displayed in order of mean importance ratings from most important to

least important.
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Pain index
Average pain intensity over a week

Level of pain intensity when it is at its
worst during a week

Level of pain intensity when it is at its
least during a week

Amount of time patient spends with
1o or low pain during a week

Amount of time patient spends in high
pain during a week

How much pain intensity fluctuates or
changes during a week

Amount of unpredictabilty of pain
levels during a week

Definition/Explanation

If we take many ratings of a patient's pain intensity during a week, add them up and then divicle by the number of
ratings, this would give us an average of a patient’s pain during that week.

If we take many ratings of a patient’s pain intensity during a week, we could see what a patient's highest pain level
was. This would indicate the level of pain intensity when it was at its worst.

If we take many ratings of a patient's pain intensity during a week, we could see what a patient’s lowest pain level
was. This would indicate the level of pain intensity when it was at ts least.

This refers to how much of the time during the week a patient didn’t feel any or felt very little pain. That is, if we
were to take many ratings of a patient's pain intensity, we could figure out the amount of time during a week that a
patient had no pain or almost no pain.

If we were to take many ratings of a patient’s pain intensity during the week, we could figure out the amount of
time when a patient had ratings of pain intensity at very high levels.

If we take many ratings of a patient's pain intensity during a week, we can get a sense of how much a patient's
pain intensity varies from moment-to-moment or day-to-day over the week. That is, whether the intensity is more
orless constant or how much a patient’s pain fluctuates [that is, goes up and down).

This refers to the degree to which a patient's pain intensity changes for reasons that the patient can't identify. If a
patient doesn’t know when and why his/her pain changes, then a patient's pain levels are unpredictable.
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Characteristic Frequency

Gender Male = 10; female = 35

Age M: 50 (SD = 18); range: 19-81

Pain chronicity Man: 6 years; range: 1 day—40 years
N for pain < 1 year = 10

Ethnicity White British: 28 (62%)

White other: 5 (11%)
Black or Black Biish: 4 (9%)
Asian or British Asian: 1 (2%)
Oher: 1 (2%)
Not Stated or Missing: 6 (13%)
Diagnostic category Arthitis related disorders and problems: 17 (38%)
Gastrointestinal problems: 17 (38%)
Tumour related disorders: 3 (7%)
Injuries and other disorders: 6 (13%)
Missing: 2 (4%)
Recruitment wards Onthopaedics: 21 (47%)
Gastroenterology: 14 (31%)
Oncology: 7 (16%)
Short stay surgery: 3 (7%)
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CPT, cold pressor test.

Test stimuli

Cold pressor
Both hands in
0-1°Cice bucket

Cold pressor
Non-dominant
hand in circulating
~1°C ice bucket

Rating method

Pain intensity

Numeric rating scale, given
every 155 for 180s

Pain intensity

10-point rating scale, given
immediately after CPT
Pain threshold

Seconds

Pain tolerance

Seconds

Gender effects

Intensity
Male participants reported
lower pain intensity to a
female experimenter

Intensity

Both male and female
participants reported higher
pain intensity to a female
experimenter

Tolerance

Female participants had
higher pain tolerances with
amale experimenter Male
participants had higher pain
tolerances with a

female experimenter
Threshold

No experimenter gender
effect found for

pain threshold

Pressure Pain threshold Threshold

Pressure Kiograms Male participants had higher

algometer with pain thresholds with a

0-9kg force range ferale examiner

on upper sternum

Cold pressor Pain intensity Intensity

Non-cominant 0-20 rating scale every 155 No main effect found for

hand in 0-2°C for a total of 300s pain reporting and examiner

ice bucket gender. However, an
interaction was found with
participant race and
examiner gender: Black
participants reported higher
pain intensities than white
participants to a
fermale examiner

Heat TSA I Pain intensity Intensity

Neurosensory 100mm VAS Male participants reported

Analyzer (Medoo,  physiological lower pain intensity to

Israel): 30 0 30MM Dot response fermale examiner

aluminium contact
thermode with a
10°C/s change
rate on

right forearm

Cold pressor
One of two CPT
protocols used on
left hand: (1) 5°C
+ 1°C circulating
ice bucket, or (2)
Isotemp 6200R28
(Fisher Scientific,
usp)
electromechanical
CPT device at 5°C
£0.1°C

pain response
Heartrate variabilty and skin
conductance levels

Pain intensity

10-point VAS, 30s into CPT
Pain threshold

Seconds

Pain tolerance

Seconds

Physiological pain response:
No examiner gender effect
found for

physiological responses

Intensity
Both male and female
participants reported higher
pain intensity to a female
examiner

Tolerance

Subjects had higher pain
tolerances with a

male examiner

Threshold

No examiner gender effect
found for pain threshold

Additional measures

Pain Affective scale
* Males reported less
negative affective words
to female experimenter
Participants rated the
examiner's authority,
competence, likeabilty and
masculinity/fernininity on
seven-point rating scales

Anxiety

* Measured with 10cm
VAS

 Anxiety was low for both
female and male
participants

* No correlation with
pain thresholds

McGill Pain Questionnaire

* No significant examiner
gender effect on pain
scores

* Indicated low emotional
concem in participants

Pain unpleasantness scale

 No main effect for pain
reporting and examiner
gender

« Aninteraction found for
participant race and
examiner gender: black
participants reported
more unpleasantness
than white participants to
afemale examiner

Pain unpleasantness scale

* No significant examiner
gender effect

* Short
Adjective Check List
and Self-Assessment
Manikin scale

* Male participants
reported lower arousal to
female experimenters

« No significant examiner
gender effect with
subjective stress or
mood scales

No additional measures

performed

Study design

Parallel experimental design
Participants

68 (33 fernale, 35 male)
Ages 17-20 (M = 19.13)

Parallel experimental design
Participants

160 (80 fenale,

80 male) Fernale ages
17-36 (M = 23.19, SD 3.59)
Male ages 19-59 (M =
24,55, SD 5.79)

Parallel experimental design
Participants

64 (32 fernales,

32 males) Female ages
18-36 (M= 21.0, SD 4.4)
Male ages 18-49 (M = 23.0,
SD8.1)

Parallel experimental design
Participants

343 (187 females,

156 males) Ages 17-43 (M
=2027)

Parallel experimental design
Participants

64 (32 fernales,

32 males) Female ages
19-40 (M = 23.61, SD 3.99)
Male ages 19-35 (M = 23.3,
SD2.49)

Parallel experimental design
Participants

1 = 352 (48% males) Ages
18-30 (M = 19.8, SD 2.1)
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Socio-demographic characteristics
Gender (N (%))
Woman
Man
Missing
Age mean & sd
Min
Max
Living Environment (V (%))
Rural
Urban
Missing
Race (N %)
White
Prefer not to answer/missing data
Education level (N [%))
High school
Technical degree
University
Living condition (V' (%))
Aone
Family members
Missing
Work status (V [%))
Working
Invalicity
Retired
Work status change (V %))
Same as pre-pandernic
Temporarily laid-off
Remote working
Not applicable
Missing
Psychological and stress characteristics
Pain catastrophizing (PCS)

Stress characteristics based on the STUN framework (SCQ) (0-50)

Sense of low control
Threat to ego
Unpredictabiity
Novelty
Perceived stress scale (PSS-4)
Psychological distress (PHQ-4)
None-mild (0-6)
Moderate-severe (6-12)
Stress associated with COVID-19 pandemic (0-10)
Stress associated with lockdown measures (0-10)
Stress associated with (0-10):
Sense of low control refated to panderic
Threat to the ego related to pandemic
Unpredictability of pandemic
Novelty of pandermic
Pain and health-related characteristics
Pain duration (years)
Mean Pain Intensity (NRS-11)
Worst Pain Intensity (NRS-11)
Pain Unpleasantness (NRS-11)
Pain Interference (BPI)
Global impression of change—pain status (N (%))
Considerably deteriorated
Moderately deteriorated
Siightly deteriorated
Unchanged
Slightly improved
Moderately improved
Greatly improved
Reason for pain deterioration (N [%))
Increased stress
Delayed pain treatments
Other
Missing

The statistics are represented as mean =+ sd unless otherwise specified.

Before (n = 49) During (n = 48)
36[75.0)
12 (25.0)
1
51.13 £106 =
30
78
9[19.6]
37[80.4)
3
44 (89.8%)
5[10.2%)
70143
26(53.0)
16(32.7)
12 (25.0)
36(75.0]
1
16 (28.6]
26(57.1]
7[143)
5[10.4)
5[10.4)
6[12.5)
28(58.4]
483)
2035+ 118
2424 +10.4
27.08 +£10.1
2567 +10.6
3110+£88
74131 74024
31(633) 28583
18(36.7) 2041.7)
- 714624
- 586428.1
56730
2.48+26
648+27
5.60+2.9
1511 £ 113 -
586 1.4 608%20
816+ 1.3 806+15
73318 64224
590+18 511+£21
24.2)
9188
21[438)
13(27.1]
363
0[00]
0[0.0)
20(62.5)
5[15.6)
6[188)
131

Study time points relative to the 1st wave of the COVID-19 pandemic

After (n = 46)

10(21.7)
3(65)
365)

28(60.9)
2[44]

748 £31

31(67.4)
15(32.6)
67224
50326

476£29
241+£28
58925
526426

56318
770+18
6.35+£22
5.09+21

365)
487)
15[32.6)
19141.3)
3(6.5)
0[0.0)
243

9[40.9)
5[2.7)
6(27.3)
200.1)

PCS, Pain Catastrophizing Scale; SAM-S-F Stress Appraisal Measure-Stressfulness subscale applied to pain; PSS-4, Perceived Stress Scale-short version; SCQ, Stress Characteristics
Questionnaire; NRS-11, 0-10 Numeric Rating Scale; BPI, Brief Pain Inventory; QofL, Quality of Life.
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Fixed effects B

Pain intensity

Intercept 5.02
Time 1.16
Time? -033
Pain unpleasantness
Intercept 9.08
Time —247
Time? 0.41
Pain interference (BPI)
Intercept 7.46
Time -198
o2 037
Psychological distress (PHQ)
Intercept 453
Time 0.62
Time? -0.18

SE

0.63
0.68
0.17

091
1.01
0.25

0.68
0.72
0.18

1.44
1.61
0.40

7.9
1.70
-1.04

9.93
215
1.65

10.98
-267
209

3.15
0.39
-0.44

<0.001
0.091
0.054

<0.001
0.036
0.105

<0.001
0.010
0.042

0.003
0.700
0.659

B, unstandardized regression coefficients; SE, standard error; BPI, Brief Pain Inventory;

PHQ, Patient Health Questionnaire-4. Bold values indicate p < 0.05.
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Female examiner

Mean (SD)
Females Males
PCT 45.36 (0.49) 45.48 (0.51)
Covas 29.83 (21.23) 40.34 (26.25)
Heat pain thresholds 43.64(1.73) 435 (1.97)
Verbal rating 4.00 (2.03) 493 (2.25)

adf = 19, interaction effect of participant gender x examiner gender.

Male examiner

Mean (SD)
Females Males
45.45 0.75) 45.70 (0.47)
28.45 (18.16) 27.50 (2053)
43.84 (2.74) 44.93 (2.32)
333 (1.64) 2.94(1.52)

RM-ANOVA, repeated measure ANOVA; PCT, participant controlled temperature; CoVAS, computerized visual analog scale.

RM-ANOVA?*

Flp)

0.45 (0.51)
270 0.11)
1.69 (0.22)
5.61(0.02)
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Male examiner Female examiner Difference scores between
male and female examiners

CoVAS PCT PT Verbal CoVAS PCT PT Verbal CoVAS PCT PT Verbal
Rumination 0.16 -0.16 -0.23 0.12 0.10 -0.16 0.22 0.05 0.10 —-0.05 -0.13
Magnification 0.14 -0.14 -0.21 0.01 0.09 -0.11 0.08 0.05 -0.06 -0.08 -0.09
Helplessness 023 -0.32 -0.28 0.20 0.20 -0.09 0.28 0.00 -0.22 -0.16 -0.13
Total 021 -0.24 -0.27 0.14 0.16 -0.13 0.23 0.03 -0.08 -0.11 -0.13
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xed effects I3
Pain intensity
Intercept 450
Time -0.10
ScQ.control ~0.004
SCQ.unpred -0.02
SCQego —0.44
SCQnew 059
PSS 058
[ 0.04
Pain unpleasantness
Intercept

ime
ScQ.control
SCQunpred
SCQ.ego
SCQnew
pPss
PCS
Pain interference (BPI)
Intercept 410
Time —1.91
Time? 037
scQ.control 0.08
SCQ.unpred .09
SCQ.ego 0.02
SCQunew <0001
pPss 0.10
PCS 0.04
Psychological distress (PHQ)
Intercept 011
Time -0.08
scQ.control ~0.01
SCQ.unpred
SCQego
SCQnew 0.04
pPss 014
[ 0.09

SE

0.88
0.12
0.04
0.03
0.03
0.03
0.03
0.02

118
0.15
005
0.04
0.04
0.04
0.04
0.02

1.30
0.76
0.19
005
0.04
0.04
0.04
0.04
0.02

1.30
0.16
0.05
0.05
0.04
0.04
0.04
0.02

5.07
-0.90
-0.11
-0.62
-153

1.98

2.00

230

5.74
—3.86
007
0.08
—2.21
0.96
204
223

3.16
—254
192
1.70
-215
045
—0.002
262
1.76

0.09
-052
-0.15
-051

0.08

095

3.39

3.82

<0.001
0.370
0913
0.544
0.135
0.056
0.053
0.028

<0.001
<0.001
0.942
0.941
0.032
0.342
0.048
0.031

0.002
0.015
0.060
0.097
0.037
0.655
0.998
0.012
0.086

0.933
0.603
0.882
0611
0.938
0.348
0.002
<0.001

B, unstandardized regression coefficients; SE, standard error; BPI, Brief Pain Inventory;
PHQ, Patient Health Questionnaire-4; SCQ.control, control subscale of the Stress
Characteristics Questionnaire; SCQ.unpred, unpredictabiiity subscale of the Stress
Characteristics Questionnaire; SCQ.ego, threat to the ego subscale of the Stress
Characteristics Questionnaire; SCQ.new, novelty subscale of the Stress Characteristics
Questionnaire; PSS, Perceived Stress Scale-4; PCS, Pain Catastrophizing Scale. Bold

values indicate p < 0.05.
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Variables

Sex

Males

Females

Age range

<40 years

40-69 years

>70 years

Education level

High school or less

College or technical degree

University

Exposure to the COVID-19

Diagnosed with the COVID-19

Currently presenting symptoms of the COVID-19
Been in contact with someone diagnosed with the COVID-19
Pain duration

0-2 years

35 years

6-10 years

11-20 years

21-30 years

>30 years

0-10 pain intensity (original study—2019)
46

=7

0-10 pain intensity (phase 2—2020)

03

4-6

>7

N (%)

12 (44.4%)
15 (65.6%)

4(14.8%)
18 (66.7%)
5(18.5)

0(0%)
12 (44.4%)
15 (55.6%)

0(0%)
3(11.1%)
13.7%)

13.7%)
3(11.1%)
4(14.8%)
7 (25.9%)
8(20.6%)
4(14.8%)

19 (70.4%)
8(29.6%)

5(18.5%)
13 (48.1%)
9(33.4%)

Public health safety measures that directly impacted participants

Dependent children at home

Remote work

Temporary loss of employment

Canceled medical appointments

Decreased medical assistance

Reduction in assistance recelved from relatives

Restriotions on leaving home (e.g., >70 years old,
immunocompromised)

Voluntary 14-day confinement

5(18.5%)
3(11.1%)
3(11.1%)
18 (66.7%)
9(33.3%)
9(33.3%)
12 (44.4%)

13 (48.1%)
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Test TV-A-Coldi TV-A-Cold2 TV-B-Cold1 TV-B-Cold2 TV-C-Cold1 TV-C-Cold2

h o 0 o 1 4 0
P 0.96 0.56 1.00 0.05 0.95 0.56
N 75vs. 76 75vs. 76 75vs. 73 75vs. 73 75vs. 73 75vs. 73
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TVvs. A

h 0 1 &
P 0.409 0.000 0.041
N 75vs. 76 75vs. 76 75vs.76
TVvs.B
I I n
h 0 1 1
P 0.109 0.000 0.021
N 75vs. 73 75vs. 73 75vs.73
TVvs.C
I [ n
h 0 0 0
P 0.110 0.323 0.478
N 75vs. 73 75vs. 73 75vs.73

We see the hypothesized reciuction of pain confirmed in regions I and Il of the analgesic
treatments Aand B (h=1 for both). We also see the “no difference” hypothesis confirmed
for the placebo treatment C, and for all anticipatory periods (before the needle s inserted).





OPS/images/fpain-03-764128/fpain-03-764128-t002.jpg
h

p
N

TVvs.A
Cold1_land Il

0
0.485
75vs. 76

TVvs.B
Cold1_land Il

0
0213
75vs. 73

TVvs.C
Cold1_land Il

0
0.545
75vs. 73

TVvs. A
Cold1_lland Il

0
0.436
75vs. 76

TVvs.B
Cold1_lland Il

0
0.142
75vs. 73

TVvs.C
Cold1_ll and Ill

0
0.788
75vs. 73

TVvs.A
Cold2_land Il

1
0.000
75vs. 76

TVvs.B
Cold2_land Il

1
0.000
75vs. 73

TVvs.C
Cold2_land Il

0
0661
75vs. 73

TVvs.A
Cold2_Il and Il

1
0.001
75vs. 76

TVvs.B
Cold2_ll and Il

1
0.000
75vs. 73

TVvs.C
Cold2_ll and Ill

0
0.659
75vs. 73

Comparison is made between the first visit, TV (no treatment for Cold1 or Cold2), and later
visits A, B, C. As desired in a measure, all of the no-treatment conditions do not differ over
time. The effect of the analgesic is significant only in the diminished responses of SCL to
Cold?2 in conditions A and B (and not in Cold1 conditions or in placebo C).
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A ™v v A A B B c c

land Il Itand Il land Il lland I land Il lland 1l land Il Iland Il
h 0 0 1 1 1 1 1 0
P 0.355 0.151 0.000 0.000 0.000 0.000 0.023 0.085
N 75 7% 76 76 73 73 73 73

One-tailed Wiicoxon rank sum test (testing if delta Cold2 < delta Cold1 and assigning h = 1 if this is true). The significant effect of the analgesic is confirmed for treatments A and B,
while a significant effect is also seen only at the start of the placebo C.
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Plot

Siope of change score
vs. pre-intervention
score (y) vs. number of
points (x)

Absolute value of
resicluals (/) vs. fitted
values ()

Additive

Slopes approach zero as
the number of points utilized
in caloulating pre- and
post-intervention pain
scores increases by
increasing ICC (Figure 3,
left).

No refationship between
absolute residlual erfor and
fitted (post-intervention)
values.

Multiplicative

Slopes increase
minimally with
increasing number of
points (Figure 3, right.

Positive,
heteroscedastic
relationship between
absolute residual error
and fitted
(post-intervention)
values.
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