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PREFACE

Pain is tricky to study. Along with being the most prevalent chronic medical condition in
the world, pain forces us to combine our understanding of physiology and the philosophy of the
self and mind. This is because pain is considered a “subjective experience”, limited to the
individual themselves.

We can think of many examples where two different people are presented with the same
stimuli or situation and produce a different response: stubbing a toe or holding a hot object, for
example. There are even situations where we may respond to stimuli that shouldn’t result in pain.
A famous example from 1995 describes a 29-year-old builder who jumped onto a 7-inch nail. He
wailed in pain on his stretcher and the ambulance as the nail stuck out of both sides of his steel-
toed boot. But when the doctors peeled off the builder’s boot, they found that the nail hadn’t
penetrated any part of his foot. It had passed between his toes, without a scratch.

This is the problem of chronic pain. Normal, or acute pain, presents itself within
individuals when one encounters painful stimuli; researchers believe that this is possibly part of
an evolutionary mechanism within humans to protect themselves from life-threatening situations.
This means we constantly assess our surroundings for potentially harmful stimuli, and when we
feel pain, it’s because our brain senses a potential problem. In contrast, chronic pain persists
without a stimulus, becoming increasingly painful as it develops. This means pain is entirely
psychological or subjective. At this moment, no medication can cure a person of chronic pain.
Opioids are the only medications capable of analgesia (reducing pain) effectively and
consistently enough for chronic pain, which carry the potential risk of addiction and overdose.

Several members of my family in India suffer with chronic pain in various forms, which
they attempt to fight with over-the-counter medicine and homemade herbal remedies. Some of
them refuse to take their prescribed opioids because of the risk of addiction.

While visiting India, I’d sometimes be tasked to bring them their Tylenol or chai if their
pain flared up. They’d also frequently ask each other how much pain they’re in on a scale of one
to ten; they’d hold up their fingers promptly on one or two hands.

It fascinated me. Even though an aunt suffered with fleeting lower back pain and a great-
uncle suffered with a slow burn on his knees, they could both hold up six fingers: their pain was
entirely different, yet they both held five fingers on one hand and one finger on the other. My
paternal grandma’s knee pain would randomly come back at nine fingers after being only one or
two for the past three days whereas my uncle’s pain would always stay between five and seven
fingers without budging.

For this reason, as | grew older, | became interested with quantifying and modeling
chronic pain’s longitudinal trajectory (development/change over time). The confusion that I’d
felt when seeing my family members report their pain were among the exact problems that



chronic pain researchers grapple with; we simply do not understand or have the ability to
precisely predict how pain changes and develops within subjects. By focusing efforts to
understand pain’s development within and between subjects, we could help clinicians offer
treatment more specific to subjects as well as help clinical trials identify possible, non-opioid
pain medications with more efficiency. It would also offer more insight into scientifically
interpreting other types of qualia or subjective experience, which could fill gaps in our
understanding of thought, perception, and behavior.

To learn more about this area, | immersed myself in statistics, particularly linear
regression and Bayesian statistics. Thankfully my research mentors, Andrew Vigotsky and Dr.
A.V. Apkarian, always welcomed my frequent questions and confusion. Through months of their
guidance and opportunities to research, I began to see math’s ability to simplify even the most
complex of phenomena. It felt like art: with different types of regression, you’d canvas hundreds
of thousands of data points onto a 600 x 600-pixel canvas. You’d know when you’d have made a
masterpiece, because the points would align in a way where everything would make sense.

There are potential pitfalls for these paintings of the world, unfortunately. A simple linear
regression, used improperly, can be overwrought with bias and confounding effects. With the
increased availability of data available to the public, it has become increasingly dangerous to
make assumptions of the world around us. It is the premise of the project that | present to you
today. My project challenges almost two decades of research that confirms the presence of a
statistical phenomena and practice within analgesic clinical trials that could have potentially
invalidated their results.

Pain or not, to produce a more accurate, working model of the world, it is necessary that
the data that we obtain, the methods that we use to analyze them, and the conclusions that we
draw, operate on valid assumptions and understanding. This is the power of combining
mathematics and science; we’re able to unearth previously invisible relationships around us.
There is so much left to operationalize, to reason, to understand. With this in mind, don’t forget
to challenge your own assumptions as well as the assumptions of the world around you to bring
forth a clearer understanding of the tricky things in our world. This is where the progress of
science lies.



INTRODUCTION

Randomized clinical trials are the principal method by which researchers assess treatment efficacy.
Although clinical trials can provide valid evidence of a treatment’s average effect (relative to some
control), they often fail to demonstrate meaningful drug effects relative to placebo. Some
researchers have cited high “placebo response” as the main cause of these “failures” (Khan et al.,
2003; Katz et al., 2008; Tuttle et al., 2015; Alexander et al., 2021), suggesting it may be prudent
to exclude “high placebo responders” prior to trial commencement.

Researchers have sought out correlates to predict pain relief in the placebo-treated group,
which could then be used to exclude patients who would contribute to clinical trial “failure” via
their “placebo response.” One of these identified correlates is pain variability, which has been
shown to negatively correlate with subsequent pain relief in the placebo-treated group across
several chronic pain conditions (Harris et al., 2005; Farrar et al., 2014; Treister et al., 2019). In
other words, patients with the greatest pain variability at baseline tend to have the greatest
decreases in pain following placebo administration. This relationship is specific to pain relief in
the placebo group in some (Farrar et al., 2014) but not all studies (Treister et al., 2019), and even
absent in others (Gillving et al., 2022).

Although previous work demonstrates a relationship between baseline pain variability and
pain relief, other factors such as regression to the mean and natural history can contribute to
improvements in pain reports (Dworkin et al., 2012; Farrar et al., 2014). Indeed, previous studies
have acknowledged, but have not accounted for, the influence of these factors on decreases in pain
reports. In this work, we aim to improve our understanding of the prognostic value of baseline pain
variability by adjusting for baseline pain, natural history, and regression to the mean. Since
baseline variability is simple to collect and calculate (cf. neuroimaging and genetic traits that are
also correlated with greater pain relief following placebo; e.g., (Hall et al., 2012; VVachon-Presseau
et al., 2018)), its prognostic value and (placebo-) specificity could be easily exploited in both trials
and practice.

METHODS

Datasets

This was a secondary analysis of two, previously published randomized, double-blind, placebo-
controlled trials conducted by our research group at Northwestern University in Chicago, IL.
Table 1 contains the demographic characteristics of each study’s subjects.

Table 1: Demographic Characteristics of Placebo | and Placebo II.
Age (SD), years|Women (%)

No treatment (n = 20) |46 (13) 10 (50)
Placebo | |Placebo (n=43) 46 (12) 14 (33)
All (n=63) 46 (12) 24 (38)

Placebo I1{No treatment (n=11) |55 (10) 7 (64)




Placebo (n=32) 58 (10) 18 (56)

Drug (n=33) 53 (14) 12 (36)

All (n=76) 55 (11) 38 (52)

Statistical Analysis

All analyses were performed using R (R Core Development Team, 2020). We built a single linear
regression model for each study (2 in total), using pre-intervention pain (mean of the first 7 days
in the pre-intervention period), group, and baseline pain variability (SDuaseline, Calculated as the
standard deviation of the pre-intervention phase) as independent variables and post-intervention
pain (mean of the last 7 days in the intervention period) as the dependent variable. In addition to
these three independent variables, we included the interaction between group and SDeeseiine (Nerein
referred to as groupxSDhuaseline iNteraction) to isolate the effect of SDpaseline ON poSt-intervention pain
by group. The effects of group and the groupxSDgaseline interaction were computed using modified
backward contrasts, in which each group was compared to the previous group (placebo I: placebo
vs. no treatment; placebo I1: placebo vs. no treatment, drug vs. placebo) and no treatment was the
intercept or reference group. This was done to compare the additive effect of placebo relative to
no treatment and drug relative to placebo, meaning that the previous level controls the level
succeeding it, thereby adjusting for natural history (since the no treatment group represents the
natural course of pain), regression to the mean (through the pre-intervention score covariate and
no treatment group), and placebo effects. Specifically, the following contrast matrices were used
to compare differences between the two groups:

1 0
CPIaceboI = [1 1]1

1 0 O
CPIaceboII =11 1 0]

1 1 1

The rows of these matrices denote the groups in each study (factors for no treatment in row 1,
placebo in row 2, and drug in row 3) and the columns represent the weight of each parameter on
that group. This is mathematically equivalent to dummy coding such that patients in the no
treatment group receive a 0 for placebo and 0 for drug; patients in the placebo group receive a 1
for placebo and 0 for drug; and patients in the drug group receive a 1 for placebo and 1 for drug.
These contrasts enabled us to isolate the effects of SDyaseline ON post-intervention pain by group.
After obtaining the isolated effects, we calculated semi-partial correlations (ry, =

t2(1-R?
sgn(t) |~
determination, and df is the residual degrees of freedom) between SDyaseline and post by group.
Compatibility intervals (CI) for ry, were calculated using the bias-corrected and accelerated
bootstrap with 1,000 replicates. Data are depicted using adjusted effects (DuMouchel, 1988).

. where t is the t-statistic of the effect of interest, R? is the model coefficient of



RESULTS

In total, 139 subjects were examined (63 subjects in Placebo I; 76 subjects in Placebo Il). Figure
1 depicts the independent relationship between baseline pain variability and relief for each group
after adjusting for pre-intervention pain, allowing each group to have a different effect of baseline
pain variability. Model parameters and semi-partial correlations associated with adjusted group
effects can be found in Table 2. Including SDuaseline in the models as a linear (not interactive)
predictor increased Placebo | and Placebo 11 model R?’s by 0.01.
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Figure 1. Adjusted post-intervention pain as a function of SDpaseline and group.
We fit a linear regression to each study, which modeled post-intervention pain as a function of pre-
intervention pain, SDyaseline, and group. Here, we depict the relationship between SDpaseline and post-
intervention pain after adjusting for pre-intervention pain. In Placebo I, the no treatment group has
a weak negative correlation; the placebo group’s SDuaseline IS N0t correlated with post-intervention
pain. In Placebo I, all groups demonstrate negligible correlations with SDpaseline.

Table 2: Relationships between baseline pain variability and relief by group.
f (CI) rsp (CI)
No treatment (n=20)| -1.0 (-2.1, 0.0) —-0.22 (-0.43, -0.02)

Placebo |
Placebo (n=43) 1.2 (-0.1,2.5) 0.22 (0.03, 0.42)
No treatment (n=11) | —0.2 (-1.3, 0.8) —-0.02 (-0.08, 0.02)
Placebo I1 Placebo (n=32) 0.0 (-1.2,1.2) 0.00 (—0.07, 0.07)

Drug (n=33) 0.0 (-0.8, 0.8) 0.00 (-0.10, 0.12)




Compatibility intervals (Cl) are presented at the 95% level. g = unstandardized estimate from the
marginal effect (expected change in post-intervention pain per unit increase in baseline pain SD),
rsp = semi-partial correlation coefficient. DISCUSSION

The purpose of this study was to quantify and isolate the relationship between baseline pain
variability and post-intervention pain by group in two randomized, placebo-controlled clinical
trials. Our work extends that of previous research by adjusting for the effects of regression to the
mean and natural history via a no treatment control group (McDonald et al., 1983; Artus et al.,
2010; O'Connell et al., 2015). By assuming that pain relief is a linear combination of natural
history, regression to the mean, the placebo effect, and the drug effect,! we estimated the placebo-
and drug-specific effects of SDpaseline ON post-intervention pain.

Contrary to previous work, we observed negligible correlations in our primary model, with
SDhuaseline Capturing < 4% of the variance in post-intervention pain across groups in both studies.
Of principal interest was the placebo-specific effect, which previous studies suggest is on the order
of r = —0.3. After adjusting for the no treatment group and pre-intervention pain, our placebo-
specific estimates were incompatible with these previous estimates (Table 1). However, our results
are consistent with the recent findings of Gillving et al. (2022), who observed negligible
correlations between variability and improvements in patients who received placebo. Together,
these results suggest that SDpaseline may not be a strong, consistent, and “placebo’-specific predictor
of pain relief across populations.

The magnitude and precision of our estimates were sensitive to modeling strategy. When
modeling the groups separately, our effect estimates were larger and had greater variance,
especially Placebo II. Thus, modeling the groups separately produced Cls that encompass
previously reported estimates, but our point estimates were still relatively small and did not favor
the placebo group. These results are suggestive that modeling differences may partly explain the
discrepancy between studies. Similarly, differences in populations and sample sizes are important
factors to consider (Harris et al., 2005; Farrar et al., 2014; Treister et al., 2019; Gillving et al.,
2022).

Studies validating a SDraseline-based prediction model are lacking. Nevertheless, the utility
Of SDuaseline for trial exclusion is dubious. Even if SDuaseline Or SOme other variable was strongly
predictive of pain relief following placebo, the removal of so-called “placebo responders” would
also affect the active treatment group, especially since “placebo effects” are thought to be one
component of the active treatment effects. Finally, although removing “placebo responders” would
theoretically improve treatment effect estimates, the observed treatment effect for such a study
would answer a different question since the sample is conditioned on SDpaseline. This may result in
an optimistic, ecologically questionable estimate that may be unlikely to translate to the clinic.

Rather than trying to optimize treatment effect estimates in trials using peculiar exclusion
criteria, researchers should optimize treatments and thus their effect estimates for the ecological

! Although additive assumptions are common, they are likely not true in the mechanistic sense (Kube and Rief, 2017).
Yet, they may serve as reasonable first-degree approximations with high utility, allowing researchers to simplify their
experiments (cf. full-factorial designs) and draw pragmatic conclusions.



patient population. After all, the goal of research is not to find large effects—it is to find large
effects that will successfully translate and improve lives. Notwithstanding the limitations of
conditioning on SDyaseline for trial inclusion, since SDpaseline May not be strongly predictive nor has
it been validated as a prognostic variable, but is still able to capture variance in trial endpoints
(Harris et al., 2005; Farrar et al., 2014; Treister et al., 2019), it may be well-advised to include as
a covariate to improve statistical efficiency and estimates of treatment effects (Schelchter and
Forsythe, 1985).
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