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ABSTRACT
Previous frameworks have failed to adequately explain the observed correlation between within-
subject variability in pain reporting and analgesic placebo response. These relationships have
been observed in both clinical and experimental setups.
Within-subject variability of clinical pain scores is traditionally assessed based on daily pain
diaries collected during the pre-intervention stage. Experimental variability can be assessed by
the Focused Analgesia Selection Test (FAST), which calculates the relationship between noxious
stimuli administrated at various intensities and pain reports. The variability, either clinical or
experimental, has been shown to predict the placebo response.
In explaining the placebo response, Bayesian Brain Hypothesis (BBH) posits that pain
perception (posterior), is composed of certainty (precision) of expectations (priors due to belief
or conditioning) and incoming sensory information (likelihood), with the bulk of research
focused on the precision of priors. Virtually all placebo analgesia research has focused on the
priors and their certainty, rather than on the certainty of the likelihood, mainly because it cannot
be assessed directly.
We propose that the within-subject variability, as encapsulated by the FAST, is a proxy for
certainty in (or, precision of) ascending sensory signals, and our results suggest that it could not
only be assessed, but also manipulated. If true, our hypothesis will facilitate new lines of
research and could potentially promote precision analgesic medicine by use of variability of pain

scores as a diagnostic method to identify pain patients who will benefit from specific treatments.



BACKGROUND

Overview

In this article, we offer a comprehensive understanding of the relations between within-subject
variability of pain reports, the analgesic placebo response and the Bayesian Brain hypothesis
(BBH). Specifically, we argue that measures of variability could represent a less explored facet
of the BBH. By tying concepts and definitions from these domains together, we offer a more
comprehensive model explaining changes in the perception of pain, and discuss its clinical

relevance.

Introduction to the placebo

A placebo is an inert treatment with no specific therapeutic properties, wherein the placebo effect
is the term applied to the response to the inert treatment. The placebo response is the measurable
improvement in symptoms which come about due to the administration of a placebo [1]. Given
that much of placebo research has centered around the analgesic placebo response, the current
manuscript will focus on placebo analgesia in the clinical and experimental settings. Decades of
study on placebo have shown that a variety of placebo ‘responses’ can ensue from its
introduction, including reported changes to subjective symptoms (e.g. pain, mood) [2,3], which
have been correlated with underlying neurobiological underpinnings [4,5] and potential genetic

markers [6,7].

The prevailing consensus is that the placebo ‘response’ is resultant both from the placebo
treatment itself and the context in which it was delivered. The magnitude of the response is

further mediated by expectations , which are derived from previous experience (i.e.



conditioning), instructions, and social learning [8,9] as well as behaviors embedded in the
patient-physician relationship, such as warmth, attention, tone of voice and bodily
expressiveness. [10]. According to the additivity theory, which is the currently-accepted view
upon which the concept of Randomized Controlled Trials (RCTs) was developed, the response to
a drug is the sum of the non-specific (read: placebo) aspects of the treatment and the specific
pharmacologic aspects with the proviso that the non-specific aspect is equal to the response that
would be seen if only a placebo had been administered. This places the placebo response as an
integral, non-negligible component of the response to any treatment, either active or placebo

[10].

In the early stages of placebo research, the focus was mainly on the properties of the placebo
manipulation itself — the shape, size, color [12,13,14] and route of administration [15,16] have all
been shown to modify the placebo effect. Since then, the emphasis has shifted to the
characteristics of the patient (e.g. expectations) [17], the healthcare provider and their interaction
with the patient (the “healing ritual”) [10,18] and even the interaction between patients

themselves [19].

Given the myriad of insights and knowledge which were accumulated over the past three
decades, experts are now looking to harness the placebo effect to improve outcomes: where in
clinical care, the aim is to try to increase its effects for the benefits of patients [20], and in
clinical drug development, the aim is to reduce the effect, to support improved assay sensitivity,
namely the ability of a trial to demonstrate the benefit of truly efficacious treatment [11,21].

If the additivity theory is true, the latter aim could not be achieved, because successfully

reducing the magnitude of placebo response in a trial would result in the same reduction in the



effect of the active treatment, hence no change would be seen in the treatment effect (which is,
the change in treatment arm minus the change in placebo arm). Indeed, the additivity theory has
started to be challenged, for example by the interactive model [see 11]. Where the additivity
model assumes equal sized effects of the placebo in both the placebo and the drug groups, the
interactive model assumes that drug-specific effects may interact with the placebo responses,
leading to unequal placebo effects in the two groups [11]. Furthermore, it should be noted that
excluding placebo responders will not necessarily improve assay sensitivity — to achieve that one
should exclude those who show a good response to placebo but not to the drug —a subgroup that

could best be described as “preferential placebo responders.”

While it was initially assumed that only a portion of the population was placebo-sensitive, the
emergent research has suggested that almost all individuals can be, in one situation or another,
placebo responders [22]. Hence, the current working model places greater emphasis on the
situational or fluctuating determinants of the placebo response [23]. Situational determinants can
be generated both at the level of the environment (e.g. manipulation of contextual cues) or at the

level of the individual (e.g. manipulation of mood) [3].

Within-subject variability of clinical pain reports as a predictor of the placebo response

While a few predictors, such as sex or optimism, have sporadically been found to predict the
placebo response, none have been consistent [23]. The most often-cited factor to predict the
analgesic placebo response is the within-subject variability of daily clinical pain reports, which

represents the individual fluctuations in day-to-day pain of chronic pain patients.



The first to demonstrate the idea that vacillations in reported pain predict the placebo response
was Harris et al [24] in a retrospective analysis of data from fibromyalgia patients. They
calculated the within-subject fluctuations in terms of individual standard deviation of daily pain
scores, as obtained from pain diaries completed at baseline, prior to the initiation of study
treatment. They found that the individual standard deviation (termed “pain variability index”)
predicted patient response to placebo, but not to the drug. This finding was later confirmed in a
meta-analysis of 12 clinical trials in postherpetic neuralgia and painful diabetic peripheral
neuropathy [25]. Since the publication of this meta-analysis, it has been often recommended to
exclude patients who exhibit large day-to-day variability from analgesic clinical trials [26] as
they have an increased likelihood of responding to placebo, but not to active treatment, thus
compromising the assay sensitivity of the trial [27]. It seems that the relationship between
within-subject fluctuations and the placebo response might not be specific to pain. For example,
in a retrospective analysis, Zilcha-Mano and Barber [28] reported that the larger the change
between the two time points of depression evaluation which took place during the screening

period (prior to any treatment), the larger the placebo response.

Although expectations for benefit from treatment and conditioning due to past experiences are
regarded as the main drivers of the placebo response, they are seemingly unrelated to the
variability of pain scores. Hence, despite the importance of all three abovementioned factors,

current placebo theory does not explain the relationship between them.

Within-subject variability of experimental pain reports as a predictor of the placebo response



In an attempt to learn more about people's tendency to demonstrate fluctuations in perceived
pain, we developed a laboratory analogue to pain diaries, a method termed the Focused
Analgesia Selection Test (FAST), which assesses the within-subject variability in response to
experimentally-induced noxious stimuli of various stimuli intensities [29]. More specifically, the
FAST procedure includes exposure to noxious stimuli, administrated repeatedly at several
different intensities, in a randomized and blinded design. Small adjustments are made to the
location of the applied stimuli to minimize sensitization and/or habituation effects. Pain intensity
ratings are obtained from the participant after each stimulus on a 0-100 numerical rating scale
(NRS) ranging from 0 (*'no pain™) to 100 (“worst pain imaginable™). Relationship between
stimulus intensities and pain reports are calculated (R? and ICC) to assess the magnitude of
variability observed. When the reported pain intensities are concurrent with the intensity of the

applied stimuli, low variability is observed (see example in Fig 1A).

The FAST was implemented in a series of studies. In the first [29], we asked a cohort of
osteoarthritis (OA) patients to report their pain before and after an exercise in which the affected
joint is moved. We know that on average, patients with OA of the knee will report an increase in
pain following such an exercise. We hypothesized that the FAST results will positively correlate
with the increase in clinical pain — because it is reasonable to assume that subjects who show
reduced variability in the FAST will better report the change in their clinical pain. The results of
the experiment were in line with our hypothesis; this was the first hint that the FAST measures a
construct which is clinically relevant. Next, we wanted to learn if variability of reported pain
during the FAST procedure could be reduced through training. To achieve that, we conducted an
RCT in painful diabetic neuropathy [30], in which half of the cohort underwent training aimed to

reduce variability of pain reports. The training was based on preforming the FAST while



receiving feedback on performance. After the training, all patients entered the treatment phase.
As predicted, variability in the FAST was reduced in the trained arm. An unpredicted result was
the effect of the training on the treatment response: while both trained and untrained patients
responded to the drug similarly, the trained patients demonstrated significantly decreased
placebo response, even though the training does not include aspects that might modulate
expectation for pain (or pain relief). These results, in which the FAST predicted changes in
spontaneous pain (compared to the evoked pain in the OA study) further extended the external
validity of our approach. In a third study [31], we found that the FAST results were correlated
with the variability of day-to-day clinical pain ratings, and both correlated with the placebo
response where variability of experimental pain reports, as measured by FAST, predicted
preferential placebo responsiveness. Implementing the FAST either as a screening tool aimed to
identify and exclude candidates who are expected to show preferential placebo response, or
implementing as a training aimed to reduce variability of pain scores in drug development
programs could theoretically improve the assay sensitivity of analgesic trials. Regarding the
duration of the effects of the training, evidence supports that effects last for at least several (~4)
weeks [30], while longer effects were not yet tested. It is possible that in the context of chronic
pain trials, in which the treatment period is commonly 12 weeks or more, training should be

repeated to maintain its effects throughout the study.

To summarize, mounting evidence suggests that large variability in experimental pain, as
measured by the FAST, is associated with large variability of day-to-day clinical pain, and both

can predict the placebo response. (see Figure 2).

Bayesian brain and prediction processing model (BBH)



The Bayesian brain and prediction processing model (also termed the Bayesian Brain
Hypothesis, BBH) is an emerging theory at the intersection of cognitive science and
computational biology [32,33], which attempts to explain the effects of expectation on
perception of various sensory modalities [9,34,35,36]. While once applied mainly to visual and
auditory perception, the BBH has been suggested to be useful in understanding observed

variability of other perceptual domains, including pain.

According the BBH, which is based on probabilistic estimation, perception (posteriors) is not a
direct reflection of reality. Rather, expectation, based on past and present experiences, including
the representation of consciously-perceived and subliminal cues, previous associative learning,
and stored beliefs (prior function) can bias perceptions away from the actual state of sensory
information (likelihood function). The statistical confidence (will be used synonymously with
precision) one has in those cues and beliefs (i.e. precision of the prior function) and in the state
of sensory information (i.e. precision of the likelihood function) determine how much their
perception will deviate from the sensory input; where precision is represented by the inverse of
statistical variance of the function (Fig 3a). The larger the confidence in the priors, the more
perception will shift toward expectations, (Fig 3b), and the larger the confidence in the
likelihood, the less perception will shift toward expectations (Fig 3c). The gap between incoming
information (the likelihood) and the expectation (prior) is termed the “prediction error”. The
eventual perception (posterior) reflects an updating of the priors, based on the recent likelihood.
Later, it forms the prior of subsequent experiences, allowing the agent to predict the next event
more accurately. Thus, BBH provides a mathematically precise way to formalize the broad

understanding of perception as the result of the integration of bottom-up ascending signals from



the periphery and top-down descending signals from brain regions that represent multi-modal

associations.

Recent studies have demonstrated that the Bayesian model explains pain perception better than
other models [34,40,41]. This is in line with studies which have been performed [37,38]
affirming the connection between precision of priors and pain expectations. Using BBH, we can
interpret the studies on the basis of the assumption that expectations for benefit from a placebo
treatment, which are based on past experience and conditioning, shape the priors; that the
likelihood function corresponds to the noisy representation of the actual ascending sensory
signals; and that reported levels of pain following the placebo treatment provide a rough read-out
of the posteriors. For example, Colloca et.al (2010) performed a study among healthy controls,
aimed to assess the effect of repeated conditioning on the placebo response. They found that the
more exposures a participant had to the conditioning paradigm, the longer the placebo lasted. In
BBH terminology, Colloca et. al's intervention increased subjects’ confidence in their priors,
resulting in a larger shift of perception towards them. Likewise, using imaging techniques they
[39] noted that a buildup of fMRI signal changes in the frontal cortex related to repeated
conditioning, further supporting this connection.

In the aforementioned studies, the investigators are taking advantage of experimental pain
paradigms, since they allow control over precise stimuli, which will in turn elicit an internal
representation of the stimuli (likelihood). Those elicited representations could be more, or less,
precise for the subject (precision of likelihood). Once the likelihood is known (controlled),
assessing the effect of manipulations of expectations (priors) on the perceived pain (the

posteriors) is straightforward. In the most recent study, Hoskin et al., 2019, using a cued pain
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task and Bayesian modeling, observed that the best model fit was one that varied the parameters
based on each individual, suggesting that substantial inter-subjects differences exist, and can be

useful in distinguishing individuals based on their sensitivity to pain expectations (priors).

Taken together these results suggest that BBH is an appropriate framework to model the placebo
response, where higher confidence (precision) in expectations (i.e. priors constructed based on

belief or conditioning) leads to an increased impact on pain perception.

THE HYPOTHESIZED METHOD
To date, the focus of analgesic placebo research has centered on the way in which priors and
confidence in them shape the placebo response, while virtually no attention was given to the
precision of the likelihood. This is mainly due to the fact that there are currently no established
measures with which to estimate the precision of the likelihood.
Our hypothesis is that variability of pain scores, and particularly, the variability observed in the
FAST procedure is a proxy measure for the precision of the ascending sensory signals
(likelihood). Within this framework of the BBH — the connection between the performance in the
FAST and the placebo response is intuitive: When expectations (priors) are kept constant,
individuals who demonstrate lower variability of pain reports (better precision of likelihood),
will show less shift away from the actual sensory information. Furthermore, upon training aimed
to reduce variability in the FAST [30], which does not involve modulation of expectations, the

placebo effect is diminished.
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This hypothesis, if true, will expand our ability to investigate factors which are contributing to
the placebo response by permitting assessment and manipulation of the precision of the

likelihood function.

EVALUATION OF THE HYPOTHESIS
Given that pain is a subjective measure with no objective gold-standards, and that ascending
signals are only a component of the process that gives rise to the subjective experience of pain, it
is impossible to assess our hypothesis directly. However, there are several investigational

approaches that could indirectly support our claim.

Although far from perfect, there are well-known correlations between objective biomarkers, and
subjective pain reports. Take for example the correlation between skin conductance and
subjective pain reports [42], or gamma-band event-related synchronization (y-ERS) and within-
subject pain variability [43]. When a subject experiences pain, their sweat glands are activated,
and fluctuations in skin conductance can be measured. Electrophysiological measures, such as y-
ERS have been observed as well to selectively predict within-subject variability specifically for
painful stimuli [43]. As such, it would be interesting to compare the correlations between the
two among FAST performers with high vs. low variance. This could indirectly validate the
FAST as a proxy measure for the precision of ascending sensory signals. With this, the FAST
could be studied alongside measures of interoception, such as the heartbeat perception task, or
multidimensional assessment of interoceptive awareness questionnaire (MAIA), in order to test if
those who present low variability in the FAST will also demonstrate higher levels of

interoceptive ability. Similarly, possible relations between the FAST and other psychological or
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cognitive constructs, such as awareness to bodily sensations (Body Awareness Questionnaire
(BAQ) [44], the Self-Consciousness Scale-Revised (SCS-R) [45]), self-esteem (The Self-Esteem
Stability Scale (SESS) [46]) and optimism (Life Orientation Test-Revised (LOT-R) [47]) should
be investigated.

Second, in order to assess the potential relationship between FAST and Bayesian hierarchical
modeling, it would be beneficial to perform both the FAST and a task which is based on the
BBH, such as the cued pain task [34] in future studies. This framework would serve a dual
purpose, both to test the Bayesian model’s ability to predict the outcome of the FAST, and to test
the validity of the cued pain task against an already established instrument with clinical
relevance. Third, in order to assess the FAST as a proxy measure for precision in ascending
sensory signals it would be prudent to devise an experiment in which the certainty of the pain
stimulus can be manipulated. By adding ‘noise’ or fluctuation, for example by applying several
different temperatures within the same stimulus block, a participant’s ability to judge incoming
sensory information can be ascertained based on the pain intensity ratings that they provide.
Fourth, while it has already been demonstrated in a small number of studies [30,31], it is
worthwhile to incorporate the FAST technique into larger studies performed on diverse clinical
populations. This setup would allow for the validation of previous findings connecting FAST,

fluctuations in clinical pain and the placebo response.

CONSEQUENCES OF THE HYPOTHESIS

Our hypothesis opens new opportunities to investigate factors affecting the subjective experience
of pain and with-it drivers of the placebo response.

In the past decade there has been an extensive body of evidence searching for biomarkers of pain
and its modulation, and more specifically, of the placebo response. Studies from both healthy
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controls and chronic pain patients have highlighted brain areas in which activation has been
found to be related to placebo analgesia. These works focus largely on the expectation of benefit,
or pain anticipation [48]. Studying healthy controls, Roy et. al (2014) suggested that activation in
the PAG is a biomarker for the prediction error of aversive stimuli [49]. Building on these
findings, Grahl, Onat and Biichel (2018) noted that, in a Bayesian framework, the PAG
represents precision of expectations (priors) and its signal change correlated with placebo effects
on a behavioral level [50]. As the PAG is involved in both the ascending and descending pain
system it could be hypothesized that subjects who are more tuned to their ascending sensory
signals (i.e. those who exhibit low variability in the FAST) will also show reduced activation in

the PAG in response to painful stimuli.

In addition to the PAG the most consistent placebo-related biomarkers include prefrontal areas
such as dorsolateral, ventrolateral, and medial prefrontal cortex (dIPFC/vVIPFC/mPFC), medial
orbitofrontal cortex (OFC), mid-lateral OFC, and right midfrontal gyrus (r-MFG) [51,52,53,54].
For example Hashmi et.al (2012) observed that among chronic back pain patients two prefrontal
functional connections synergistically predicted placebo analgesia; where one, left dorsal

lateral prefrontal cortex-left midcingulate cortex(LdIPFC-LmCC) identified placebo responders,
and the other, right dorsomedial prefrontal cortex- left midcingulate cortex (RAmPFC—LalINS)
non-responders [54]. Alongside the neural markers identified by this research, psychological
components, such as interoceptive awareness were also found to predict placebo response [52],

reinforcing their utility in future FAST work.

While Lui et al.s (2010) work suggested that activation in the PAG could be regarded as a proxy
measure for the precision of the priors (in Bayesian terminology); given that our hypothesis is

that the FAST is a proxy for the precision of the likelihood, we do not necessarily anticipate
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correlations between FAST results and activation in the aforementioned areas. Rather, we
hypothesize that these two measures of precision will explain different aspects of the variability
of the placebo response. For example, a study which can assess priors, likelihoods, and their
precision, using a computational model, can be used to more directly link biomarkers to these
quantities. Research [55,56] summarizing the search for pain biomarkers in the brain notes that
future studies should focus on assessing biomarker performance on an individual level, and in
conjunction with tools based on pain-related behaviors that are easier to implement in a clinical
setting. This future directive lends itself to non-invasive measures like the FAST. To conclude,
we posit that the results of the FAST procedure could complement and improve the prediction of

other biomarkers of placebo analgesia.

The main clinical relevance of our hypothesis is the potential to use variability of pain scores as a
diagnostic method to identify pain patients who will benefit from specific treatment (i.e.
personalized pain medicine). For example, take two chronic pain patients, suffering from the
same pathology and expressing the same pain intensity (70/100). In the case of one, the
expectations (priors) are for pain of 80/100 (e.g. | am afraid that it’s going to hurt), the actual
ascending signal is a 40/100, but because the certainty of the likelihood is low, pain is perceived
at a level closer to that of the expectations (70/100) (Fig 4A). For such a patient, training that is
focused on direction of attention towards the body (e.g. mindfulness) should theoretically
increase certainty in the likelihood and consequently reduce their perceived pain level. In
contrast, the other patient expects lower pain (40/100), but with low certainty of priors and an
ascending signal of 80/100 hence their experience is closer to that of the likelihood (70/100) (Fig
4B). Such a patient will perhaps better benefit from behavioral therapy, such as cognitive

behavioral therapy (CBT), which focuses on boosting expectations for benefit from treatment.
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Our hypothesis is aligned with Bergh et.al (2017) who suggest that “medically unexplained
symptoms” (MUS) might be, at least in some patients, due to low certainty of the likelihood.

Hence, interventions aimed to improve it, will also improve the symptom.

In conclusion, pain perception and placebo analgesia has been extensively studied. One model
that was recently adopted to explain both is the Bayesian Brain Hypothesis. Still, there are no
explanations for the robust correlation seen between an individual’s tendency to demonstrate

day-to-day fluctuations in pain and magnitude of placebo analgesia.

The fact that variability of pain scores in response to experimental pain correlated with day-to-
day fluctuations in pain and both predict the placebo response implies that variability of pain
(regardless of its origin, experimentally induced, or of clinical pain) might be a proxy measure
for one's certainty (or confidence) in ascending sensory signals (i.e. likelihood). If true, our
hypothesis will facilitate new studies and could potentially promote personalized pain
management for clinical populations. Further research is warranted to assess the generalizability
of our findings to other, non-painful conditions which depends on the subjective evaluation of

symptoms.
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Figure 2
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Figure 3
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FIGURE LEGENDS
Fig 1.
A Illustrates the results from a patient who presents small variability in the FAST
B Illustrates the results from a patient who presents large variability in the FAST
Fig 2.

A Illustrates the results from a patient who presents small variability in the FAST, demonstrates
reduced clinical pain variability, and has a low placebo response

B Illustrates the results from a patient who presents large variability in the FAST, demonstrates
increased clinical pain variability, and has a high placebo response

Fig 3.

In these 3 figures, the X axis represent pain scores and the Y axis represents probability. Each of
the 3 curves represent a component of the BBH (prior, posterior, likelihood). The priors represent
expectations, the likelihood represent the sensory input, and the posteriors represent the
perception. The intensity of each function is below the peak of each curve, and the precision of
each function is inversely represented by the variance of each curve (large variance = low
precision, and vice versa). In all 3 figures, the intensities of the priors (red) and of the likelihood
(purple) remain constant. The difference between the figures is the confidence of the priors and
the likelihood. The curve of the posterior is compiled from the other two curves.

A Tllustrates an example of a patient who has an equal confidence in their previous beliefs (prior
40/100) and in the incoming sensory information (likelihood 80/100) therefore perceiving the
stimulus (posterior) at an intensity between the two (60/100).

B Illustrates an example of a patient who has a high confidence in their previous beliefs (prior
40/100), but low confidence in the incoming sensory information (likelihood 80/100) therefore
perceiving the stimulus (posterior) at an intensity closer to that of the prior (50/100).

C Illustrates an example of a patient who has a low confidence in their previous beliefs (prior
40/100), and high confidence in the incoming sensory information (likelihood 80/100) therefore
perceiving the stimulus (posterior) at an intensity closer to that of the likelihood (70/100).

Fig 4.

A and B represent two patients, both suffering from pain intensity 70/100, but with different
underlying causes.

A Tllustrates an example of a patient with a high confidence in their expectation (prior) for pain
of 80/100, and a low confidence in the incoming sensory information (likelihood) of 40/100,
therefore perceiving the pain at a level closer to that of their expectation (70/100).
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B Illustrates a contrasting patient who expects lower pain (40/100), but with low certainty of
priors and an incoming sensory signal of 80/100, therefore their experience is closer to that of the
likelihood (70/100).
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