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Abstract

Subjective expectations are known to be associaitidclinical outcomes. However,
expectations exist about different aspects of regg\and few studies have focused on

expectations about specific treatments.

Here, we present results from a prospective obtena study of patients receiving lumbar
steroid injections against low back pain (N=252tiéhts completed questionnaires directly

before (T,), directly after [T, ), and 2 weeks afteil{) the injection. In addition to pain

intensity, we assessed expectations (and certdaatgin) about treatment effects, using both
numerical rating scales (NRS) and the Expectato featment Scale (ETS). Regression

models were used to explain (within-sample) treatnoeitcome (pain intensity &t) based
on pain levels, expectations, and certainty,sandT, . Using cross-validation, we examined

the models’ ability to predict (out-of-sample) tr@a@nt outcome.

Pain intensity significantly decreased €10™°) two weeks after injections, with a reduction
of the median NRS score from 6 to 3. NRS measurpain, expectation and certainty from
T, jointly explained treatment outcome € 10°,R* = 0.37). Expectations af, explained
outcome on its own§<10™° , f > =0.19) and enabled out-of-sample predictions about
outcome (p <10™), with a median error of 1.36 on a 0-10 NRS. Idalg measures frorif,

did not significantly improve models. Using the Ed$&alternative measurement of treatment

expectations (sensitivity analysis) gave consigtesitlts.

Our results demonstrate that treatment expectagitaysan important role for clinical

outcome after lumbar injections and may represegets for concomitant cognitive



interventions. Predicting outcomes based on simpéstionnaires might be useful to support

treatment selection.

Keywords: chronic pain; low back pain; expectatibelief; regression; out-of-sample,

prediction; longitudinal study

Introduction

In many areas of medicine, it is well establisheat butcomes of clinical interventions can

be shaped significantly by individual expectatiZis27]. In particular, concerning the

clinical management of pain, expectation effectshenexperience of pain have not only been
demonstrated by many experimental studies, egjutiies on placebo and nocebo responses
[6; 17; 23; 38; 43; 45], but have also been found variety of clinical settings [5; 9; 12; 18;

21].

Importantly, in clinical settings, patients can éaxpectations along multiple dimensions
[32]. For example, expectations may exist simulbarséy about recovery in general
(unrelated to a specific treatment), about onelgyato cope with pain (self-efficacy), and
about the outcome of a specific treatment. A reGaahrane review on low back pain [19]
evaluated the evidence for the impact of diffetgpes of expectations. It highlighted that
many investigations of general expectations abexavery exist, whereas little is known

about the impact of treatment-specific outcome etgimns.



Here, we report results from a prospective obsemvak study that addresses this gap. We
investigated 252 patients with low back pain whdemvent lumbar injections of steroids
and completed several questionnaires directly bdfg), directly after (), and 2 weeks
after (I’;) the intervention. Injection therapy is a usetitting for investigating expectation
effects because of the controlled nature of theafieutic intervention and lack of potential
problems of patient compliance. Additionally, irjeas are brief, salient interventions that

allow for anchoring treatment expectations to d-defined point in time.

Our study is novel in two additional ways. Firally atudy was inspired by contemporary
"Bayesian brain" theories of perception in genégal. "predictive coding” or "predictive
processing”; [15; 24]) and of pain experience irtipalar [8; 16; 20; 31; 40]. Consequently,
we did not only measure expectations about tredtmenome, but also their "precision”,
i.e., how certain patients were in their own exgeohs about treatment outcome. Together,
expectations and precision (or certainty) charasegratients’ beliefs about treatment
outcomes more comprehensively than classical messifirexpectations alone. Additionally,
considering the potential effects of belief premis{certainty) on treatment outcomes is
motivated by recent work on placebo effects [1;22];and theories of bodily regulation
[39], which suggest that the precision of treatnmaliefs contributes to therapeutic

outcomes, over and beyond expectations.

Second, in addition to conventional statisticallgses that determine statistical associations
within-sample, we asked whether it was possiblarédict (out-of-sample) future pain levels
from expectations. More specifically, we examindtkther reported pain intensities two
weeks after the injection (&) could be predicted from expectations and/or a&stgorior to
treatment T;). Addressing this question is clinically importaatprocedure to predict the
outcome of specific interventions based on simplestjonnaires about expectations and/or

certainty might not only support individual treatmeelection, but would also identify these



variables as targets for concomitant cognitiverirgations to boost the efficacy of injection

therapy (for expectation-focused interventionstimeo domains, see [11; 27; 33]).

Methods

Design and Participants

306 patients with low back pain participated irstbiudy which employed an observational
longitudinal design in a naturalistic setting. pdtients received the same treatment, i.e.,
lumbar injections under radiological guidance hat Department of Neurology, Schulthess
Clinic Zurich. The injections included a local atiestic (either bupivacaine 0.5% or

lidocaine 0.5%) and a steroid (either triamcinolagetonide extended release 40mg or 80mg

or betamethason #721 dipropionate 5mg + betamethason 21-disodiunspiate 2mg).

Pain ratings and measures of belief (about treatmecome) were obtained at three
different times: directly beforel’() and immediately aftefl{) the injection, as well as two
weeks after the injectior{). Questionnaires fdf; were sent and answered by mail. The
exact wording of the questions and the definitibthe rating scales are provided in the

Supplementary Material (available at http://linksi.com/PAIN/B636).

At each time point, we obtained two main measures (see Figure 1 $anamary). First, we
asked participants to indicate their perceivedllef@ain intensity ;) on a numerical rating
scale (NRS), ranging from 0-10. Using a visual agat scale (VAS), we also asked them

how certain they were about the pain intensity thelycated élp ).

Second, we asked participants about their subgtidliefs about treatment outcome. Here,
we distinguished between the expectation aboutntreyat outcome; (i.e., the intensity of

pain they expected to have two weeks after thénrenat) and the certaingf in this



expectation. Expectations were assessed using a(B{R@ and certainty was measured

using a VAS, in the same way as for certainty alpaiir.

In addition to the VAS, we tried to obtain an adxitl, novel measure of certainty. Using a
NRS (0-10), we asked participants to exclude thesels of pain or expectation,
respectively, which they could exclude with certaitdowever, the responses clearly
indicated that our participants found this novebswre confusing: more than half of the
participants gave responses which were inconsigtgnttheir statements on their current
pain intensity and/or expectations. We therefor@dbal not to use this measure of certainty

in our analyses.

Since different measures of treatment expectatiane been proposed in the past, we
intended to perform a sensitivity analysis and aranwhether our results were robust,
independent of this choice. For this reason, waiobtl an alternative measure of subjective
treatment expectations, using the Expectation feafinent Scale (ETS; [4]). This
guestionnaire represents a useful alternative medsua sensitivity analysis because, in
contrast to our NRS described above, it mainly adfksit expected improvements, less about
the expected outcome per se. Complete ETS dataoké&aaed from 246 of the 252
participants included in our analysis. Data fromaticipants were missing because these
participants did not manage to complete all quastires in the available time before

treatment started.

Finally, atT,;, we assessed several variables that might exydaiability of individual
beliefs about treatment outcome. Specifically, ¢heasriables included: previous injection

therapy and its success, educational backgroumakspacific self-efficacy [30], relevance of



the opinions of others for the decision to undengection therapy, and duration of
treatment-requiring pain. Please see the Supplemektaterial (available at

http://links.lww.com/PAIN/B636) for details how the measures were obtained. Complete

measures of these variables were available foroi83 252 participants included in our
analysis. Data from the remaining participants weigsing because these participants did

not manage to complete all questionnaires pridre@ment.

The study received a waiver from the Cantonal EtRlommittee (Req-201900332).
Nevertheless, we obtained informed written confem all participants before they
participated in the study. Participation in thedstdid not have any influence on the
treatment. Inclusion criteria were broad (i.e., pagient receiving lumbar injections against
low back pain in our clinical department), and d¢iméy exclusion criterion was an inability to
fill in the required questionnaires (e.g., duedata pain or insufficient command of the

German language).

Our sample size was guided by an a priori powelyaiza Given the lack of previous data,
the power analysis concerned the question whetheref pain intensities were explainable by
any subset of the variables (i.e. an F-test oregllessors in the most comprehensive model
m,; for its definition, see belowWe adopted a conservative approach, assuming & smal
effect size (i.e.f? = 0.1) and requiring a power of 0.9, at a significareeel of 0.05. Under
these assumptions, the sample size needed was NGR/ER concerns about attrition and
incomplete questionnaires, we decided to add aaois safety margin, under the
anticipation that data from approximately 1/3 of ffarticipants might not be usable. This
assumption turned out to be too pessimistic: data 54 out of 306 (17.6%) participants
could not be used. Therefore, data of 252 patig2% female) were included in our main
analysis. The median age was 70 years (minimunea@sy maximum 93 years). Note that

the detectable effect size for some of the analigsesnsiderably lower than thfé = 0.1



used in the power analysis. The smallest detecfabtél effect of confidencef in the
smaller modetn; has for example an effect sizefdf= 0.04 (with power and significance

level as above).

Statistical analyses

As described in the Introduction, our study waspired by general "Bayesian brain"
concepts of perception ([15; 24]). One postulatthese concepts is that perception
corresponds to a posterior belief (about the sthtke world) that results from integrating
sensory data (in statistical terms: the "likelingaalith prior beliefs. Notably, these prior
beliefs are not only characterised by expectatimstead, their precision (i.e. subjective
certainty) matters as well. This motivated our expental strategy (as described above) to
collect measures of both subjective expectationsiafnpeatment outcome and the subjective

certainty therein.



Given this background, a natural analysis strategyld have been to construct a fully
Bayesian model of how posterior beliefs result fngpaating prior beliefs. However, the
clinical setting of our study-imposed constraintstioe type of data we could acquire, leaving
only time for limited questionnaire-based assesssm&iven these available data,
constructing a fully Bayesian model faces majoidlehges. These challenges required us to

resort to an approximation, as explained in thievahg.

The most critical problem concerns the question boe/would obtain an estimate of the
likelihood. For example, this would require expegital control over the mean and variance
of the sensory inputs that result from the cauggaef (e.g. pain-indueing stimuli). In our
clinical setting, this was not possible, sincediase clinical routine only allowed for a brief
assessment using questionnaire-based self-repbitsmakes the construction of a model

which describes the transition from prior to pastedifficult.

However, even in the absence of precise informatlmyut the likelihood, we know that (all
else being equal) a variation in the prior precisbould lead to a variation in the posterior
mean (and posterior precision). In other wordsyioled one has valid measures of subjective
expectations and confidence, one would expectv@ansin these statistics of prior beliefs to
result in variations of posterior mean and preaisla the absence of knowledge about the
exact mathematical form of this relationship, @éinmodel can be chosen as the simplest
approximation. Clearly, this approximation may fathe relationship is sufficiently non-
linear. The practical advantage of this approxiorats, however, that it allows for
constructing multivariate regression models tha@iar pain intensity after treatment as a
linear combination of the questionnaire-based nreasof subjective expectations and

certainty. Below, we describe several of these rsathat examine different hypotheses.



Generally, it should be kept in mind that, while analyses are inspired by a Bayesian
perspective on perception, they do not employ agn@&ayesian model and should therefore

not be viewed as trying to confirm or disprove g&saan perspective on pain experience.

The analysis tested 7 hypotheses which were spdeKiante in a time-stamped analysis

plan (https://qitlab.ethz.ch/thu/analysis-plans/Heuschraderetal _pain_expectation_2021).

Bonferroni correction resulted in a corrected digance level oix = 0.05/7 = 0.0071.

For comparisons of pain levels across time pomésteport Cohen's d as effect size. In the
context of multiple regression models, we usédoReport the global effect size (i.e., for the
entire regression model) and Cohef®freport local effect sizes (i.e., for variabtés
interest). All effect sizes are reported Wit% confidence intervals. The analysis was
conducted using the open-source statistical comgudéinguage R, Version 3.6.3 [37], and

several of its packages.

Regression analysis

For our analyses, we constructed several multipgal regression models which explain
treatment outcome, i.e. pain intengityatT;, as a function of variables assessel &nd, in

some cases, aldp (compare Figure 1).

The simplest modet,, included only three regressors: the initial dairel p, as an
explanatory variable, and ageand gendey as confounds. Hencey, constituted dasic
model to explain treatment outconpg without reference to beliefs. All other models aer
extensions of this model, with additional regresdbat represented measures of beliefs
(expectations, certainties). We udédests to assess whether the inclusion of additiona

regressors significantly improved models.

Modelm, contained all main measures obtained before jeetion (i.e., af’;): In addition

to p;, a andg, we included the expectation about treatment oné&e,, and the certainty in
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this expectationgf. Furthermore, we also includefl, i.e., how certain they were about the

indicated pain intensity, .

We assessed ' {test) whether, explained the treatment outcome significantlydrethan
my. Two subsequerfi-tests focused on the specific roles of treatmepéetatione; and
certaintycy within m,. First, we tested whether the subjective beli¢bto (i.e., the
combined effect of expectation and certainty) dbnted significantly to explaining
treatment outcomp;. Second, we tested whether treatment expectatiocertainty,

respectively, showed significant relations to tneeit outcome on their own.

Extensions of model

Next, we tested two extensionsmf: modelm, .y, which additionally included interaction
terms (see below), and,, which extendeeh; by including measures obtainedrat(directly

after the injection).

Modelm, iy included the interaction termps - c? ande, - c{ as well a%; - p,. The

inclusion of these interaction terms is motivatgdhe Bayesian perspective on pain
experience described in the Introduction. In brefder Gaussian assumptions, Bayesian
treatments of perception describe the updatingebéts as a precision-weighted compromise
between sensory data and prior expectations [3&e Hve attempt a crude approximation to
this principle by considering the interaction oftaenty (as a measure of precision) with pain

and expectation, respectively.

Modelm, included measures of pain and beliefs obtainestty (within 30 min) after the
injection (I,). Placebo research suggests that the invasivehesgsrocedure is related to the
strength of placebo effects [32]. Hence, individdiffierences in the experienced

invasiveness of the injection might induce variasion expectations about longer-term
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outcome. Similarly, immediate therapeutic effedisqto the anesthetic that is administered
together with steroids) that change experienced ipéensity right after injection can occur.

For modetm,, we therefore included the additional regresserss, p,, andcy.

For both models, we used Brest to assess whether the additional regressomspared to

m,) significantly improved explanation of treatment@mep;.

Out-of-sample prediction

After checking whether the above models egpiain the treatment outcome (within-sample),
we examined whether it was also possiblprtalict the treatment outcome (i.e., pain
intensityp; atT;) out-of-sample, based on data acquired befBreaf shortly afterT,) the
injection. We conducted this analysis using the e, , m, andm, ,;; described above.

As a comparison, we also included the basic moagel

For prediction, we employedid-fold cross-validation scheme. In each féldve used the
training data (9/10 of the data) to estimate thygassion coefficientg of our models. We
then tested the predictigift on the held-out sampléf,, using the estimates gffrom the
training data: Herep € M, indexes the held-out samples, afddenotes the treatment

outcome (pain intensity dt) for participant.

To assess the goodness of the prediction, we useddparate metrics. For each fold, we
calculated these metrics over all held-out paréictp in that fold and averaged these metrics

over all folds. First, we used the root mean saiiareor (RMSE);

1 A
RMSE), = mznemk (B3 —p3)* (1)

Here,|M,| denotes the cardinality of the fold (i.e., how maarticipants were held out).

As a second metric, we used the coefficient of dteation R?):

12
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RZ=1 :
k Ynem,, (0% -P3)?

(2)

Here, p;denotes the mean pf.

For each metric, the cross-validation procedurelted in one value per model. We used
permutation testing to statistically assess theifsiggnce of these results: We randomly chose
10,000 permutations of the numbers from INowhereN denotes the number of

participants. For each of these permutationae permuted the treatment outcorpgs
(keeping the rest of the data fixed) so that weredrat new tupleép{‘, el p;f (")) (for

n =1,...,N). This procedure completely removes any dependeeieserp; (the outcome)
and the predictors. We then performed the same-sa@glation procedure for all
permutations, yieldind 0,000 values of our metrics per model, which represeediptions
under the null hypothesis that there is no relalietween the predictors and the outcome.

Values were calculated with reference to this digtribution.

So far, we examined how well the modeils, m, andm, i, were able to predicelative to
chance. In order to analyse how capable the models wiepeealictingover and beyond the
basic model m,,, we definedps, the residuals when explainipg by m, in the training

dataset. We repeated the analyses (cross-validatidipermutation testing) wifiy as
outcome. If any model was still able to predictéethan chance, this prediction would have

to rely on information not captured by mode].

Formation of beliefs

In this analysis, we investigated which of five dalate variables (previous injection therapy,
educational background, pain-specific self-efficaggight of the opinions of others for
choosing injection therapy, duration of treatmesytriring pain) might explain variability of

individual beliefs about treatment outcome beftwetreatment was administered (i.e T gt
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To this end, we constructed two separate multgdeassion models that explained treatment
expectatiore; and certaintyy, respectively, using the above variables togetlitr

measures of paip{ andc?) as regressors. Usiiytests, we tested, for each of the variables
of interest, whether it was significantly assoailatath treatment expectatian or certainty

cy, respectively.

The question whether any of our candidate varidtdass a relation to beliefs constitutes one
of the 7 hypotheses tested in this study (see ahogddhe analysis plan for details). This
particular question, however, necessitates 10ndistests. To avoid inflating our overall false
positive rate, for this particular question, wediiee Benjamini-Hochberg FDR-correction

with a false discovery rate equal to the overahtoroni-corrected level af = 0.0071.

Sensitivity analysis: replacing beliefs with ET ®ises

The analyses above showed that the beli&f atlowed for explaining (within-sample) and
predicting (out-of-sample) the treatment outcome weeks later, &f;. In order to check the
robustness of these results and to test whethgmtbald change qualitatively if a different
construct were used, we replaced the measured canfsoof subjective beliefs (treatment
outcome expectatiogy and certaintyy). For this sensitivity analysis, we used the measu
of treatment outcome expectation provided by thed€iation for Treatment Scale (ETS; [4])

atT,.

This resulted in a new model, ;, which had the same regressorsnasexcept thae; and
c; were replaced by the (summdt)S score. Using afi-test, we assessed whether EfS
was significantly associated with treatment outcat¥#. Furthermore, we performed out-

of-sample predictions, as for the other models.
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Results

In this section, we first present the raw dataismgrams. We then show the results of the

regression analyses and finally proceed to theobgample prediction of pain at outcome

(T3).

Histograms of data

Figure 2 shows the distribution of the main datamied directly beforely ), directly after
(T,), and two weeks aftef’{) the injection. Using a two-sided Wilcoxon sigredk test
with continuity correction, we found that compated’;, pain intensity was significantly
reduced < 2.2-10716; V = 22654) 2 weeks after treatment B (median(p,) =

6, median(ps;) = 3). Betweerf; andT,, there was no significant change in treatment
outcome expectations (p < 0.13; V.= 2520.5) and in certainty about pain intensity
(p < 0.69; V = 11880), while there was a significant change in paiemsityp; (p < 2.2 -
10716; vV = 14337) and certainty about treatment outcome expectafiqp < 0.015;

V = 9580).

Regression analysis

Thebasic model m, already explained a significant amount of theafaitity of treatment
outcomep; (F5 245 = 16.23;p = 1.2 - 107%; R? = 0.16 [0.10,0.23]). Including measures of
beliefs — i.e., expectation of treatment outcanand certainty thereirry — improved the
model significantly: Inm;, the expectatiorn, and certainty; jointly contributed

significantly ¢, z45 = 27.023; p = 2.5- 1071}, £2 = 0.22 [0.12, 0.33]) to the treatment
outcome, showing that beliefs had a strong relabamneatment outcome over and beyond the
basic information (pain intensity, age, genderymed bym,. When examining
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expectations and certainties separately, we fowsigraficant contribution by expectatien

on its own £ 45 = 47.205; p = 5.3 - 107*%;£2 = 0.19 [0.11, 0.30]), but not by certainty

c§ (Fy245 = 1.5649; p = 0.21; f2 = 0.007 [0.00,0.03]). Taking into account all regressors
in my, Figure 3d visualizes the relation between expecta,; and treatment outcoms: the
partial correlations 0.40 p < 5.3- 10711, ¢t = 6.87) and the partial regression coefficient is
B = 0.59. This means that a change of expectation by om# porresponds to a change of

0.59 inp; (treatment outcome) on the 0-10 NRS (when adjgdtinthe other factors).

Extensions of model by interaction terms and dian T

Neither extending modet,; with interaction termsnfin: F3 4, = 0.3882; p = 0.76;
f% =0.005 [0.00 0.02]) nor extending it with data froffi, (my: F, 41 = 1.4164; p = 0.23;

f?=10.02[0.00 0.05]) improved explanation of treatment outcomesignificantly.

Out-of-sample prediction

After having established a relation of expectatiaith treatment outcome in the above
regression analyses, we attempted to predict tezatoutcome out-of-sample. To this end,
we employed the same regression models as abowsédia 10-fold cross-validation
procedure to train the model on part of the daitan(iing data) and predict treatment

outcomes for the held-out participants.

The results are summarized in Figure 4. The fimsigt to note is that all models yield
predictions that are better than chance. More peggifor all modelst,, m,, m;,; andm,)
and all metricsR? and RMSE), compared to null distributions consggtf 10,000 random
permutations, at most one sample showed higherawgthan the real data. This suggests

that the result is unlikely to occur by chanpe0~*). Furthermore, it is worth noting that

16



the most predictive model (i.e., the model showirghighesk? and lowest RMSE; Fig.
4a,b) was modet,, i.e., the model including beliefs about treatmmuitome before the
injection took placeT(;). This model showed a median absolute deviatioAyof 1.32.
From a practical perspective of clinical utilitiajg finding means that the median error of

prediction is1.32 when using a numerical pain rating scale withregeafrom 0 to 10.

Next, we investigated the improvement in predictioet was afforded by including beliefs
about treatment outcome. First, we examined whetigeprediction improvement achieved
by modelsn,, m;,; andm, (which included beliefs about treatment outconedgtive to our
basic modein, (which did not include beliefs) was statisticadignificant. We calculategd-
values for predictions over and beyond the null ehed, (compare also Figure 4c,d). These
were smaller thas - 10~* for all models #t;, m;,; andm,) and both metricsR? and

RMSE), indicating that the inclusion of beliefs abtreatment outcome significantly

improved predictions.

In a second step, we quantified the degree of ingment that was afforded by including
beliefs about treatment outcome. For this purpeeeiocused on the most predictive model
(m;) and the basic modety), and examined the differencesiih and RMSE compared to
the null distributions generated by the permutatidie found that the RMSE was reduced
by approximately 8% using,, but roughly 17% when using,. FurthermoreR? increased

from 0.18 when usingn,, to0 0.30 for m;.

Formation of beliefs

The analyses described above demonstrated tha&icsivbjbeliefs about treatment outcome
prior to therapy (af’;) were significantly associated with and strongintcibuted to

predicting the actual outcome. In a subsequentysaisalwe investigated which variables

17



might have shaped individual beliefs (i.e., botpextations and certainty therein) about
treatment outcome. We focused on the followingrida#ate factors: previous injection
therapy, educational background, pain-specifica#i€acy, opinions of others for the
decision to undergo injection therapy, and duratibtreatment-requiring pain. Using
multiple regression, we tested which of these Wwemwas significantly associated with

treatment expectatiosy or certaintycy, respectively.

The overall regression model explained a signiti@anount of variance in both subjective
expectatiore; (p = 2 - 107°;F 166 = 3.51,R* = 0.25 [0.17,0.33]) and certaintys

(p =7.8-107%F4166 = 3.21,R? = 0.24 [0.16,0.32]) atT;. When investigating the

specific influence of each of the 5 candidate \@des on expectation and certainty, only one
of the 10 pairs showed a significant effect afarecting for multiple comparisons (compare
Table 1). Specifically, the opinions of others ceming injection therapy contributed
significantly to explaining certaints (F; 166 = 13.439; p < 3.3-107%;

f%=10.07[0.02 0.15]).

Originally, we had intended to perform a mediatoralysis to examine whether a possible
influence of these additional measures on treatmgitomep; was mediated by beliefs, but

since we did not find a significant effect«df onps, there was no possible causal path to

perform the mediation analysis on.

Sensitivity analysis: replacing measures of belkath ETS scores

In order to verify that our results concerning ihituence of expectations on treatment
outcome did not depend on the particular choicmedsurement scale (a standard NRS

ranging from 0-10), we conducted a sensitivity gsial For this purpose, we chose the
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Expectation of Treatment Scale (ETS) as an alteateasure of expectations about
treatment outcome. ETS measures were availab4®participants; the tau-equivalent

reliability (Cronbach's alpha) of these measures veamy good (0.85; 95% CI: 0.82-0.88).

As expected, we found that ETS scores were nedgtioerelated withe; (o = —0.49,
t = —8.67,p = 6.3 - 1071%); they were also positively correlated with(p = 0.18,t =

2.86, p = 0.0045).

Using the ETS score instead of the belief measjresdc; as part of the regression model
my led to qualitatively similar results: ETS scorésasshowed a significanf{,,, =

20.503;p =9.4-107%; f% = 0.08 [0.03,0.16]) relation to treatment outcome (mode| ;).
Figure 5 (which is structured analogously to FigBye&isualises the relation between ETS

and treatment outcome.

Similarly, the out-of-sample analyses were ablpredlict treatment outcoms atT; from
measurements obtained before the injectidf 4R*: p < 10™%, RMSE:p < 107%).
Prediction was also still possible on the residaftisr having applieeh, (R?: p < 0.0216,

RMSE:p < 0.0039).

Discussion

This study on the impact of treatment expectatiteces on the outcome of injection therapy

in low back pain had a triple motivation.

First, as highlighted by a recent systematic rejie®}, numerous studies have investigated
effects of general recovery expectations on lovklgaan. By contrast, the role of
expectations about specific treatments has recdarddss attention. Here, we focused on
injection therapy because it is frequently usedpisaffected by potential compliance
problems, and allows for anchoring treatment exgigxts to a well-defined time point. We
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are not aware of any previous study examining rigaict of expectations on outcomes of

injection therapy.

A second aim of our study was to test predictioomfthe "Bayesian brain" theory of
perception (also referred to as "predictive codiog“predictive processing"; [15; 24]). This
concept has been remarkably successful in exptamivide range of perceptual phenomena
[25; 34], and is increasingly applied to explaie #xperience of pain [8; 16; 20; 31; 40]. In
brief, the "Bayesian brain" theory holds that tihaifb represents states of the world
(including the body) in terms of "beliefs" (probkyi distributions). These beliefs are
characterised, at a minimum, by an expectation in@ad certainty (or precision, the inverse
of variance). Furthermore, the Bayesian perspedatipdies that pain perception results from
integrating prior beliefs and sensory inputs, weghby their relative precision. In other
words, expectations exert stronger effects if intbwéh certainty (i.e., if the belief is
precise). This implies that studies of expectaatiacts on pain would benefit from
incorporating measures of certainty or precisiodekd, recent studies on placebo analgesia
[1; 17; 22] have provided evidence of the imporeaatbelief precision for pain perception.
However, to our knowledge, it has not been testeetiner measures of belief precision also

contribute to explaining and predicting treatmeuicomes.

A third goal of our study was to test whether indinal responses to injection therapy could
be predicted from individual expectations and aetieas prior to therapy. This analysis
adopted cross-validation to investigate whetheraftgample predictions, as opposed to
within-sample statistical associations, would bsgildle. A positive answer to this question
would have clinical implications: the ability togafict individual treatment response from
expectations and certainties could guide treatrsellection and might offer novel targets for
boosting existing therapies by cognitive intervens [11; 27; 33]. While some attempts of

predicting future pain states exist [3; 7; 28; 29; 44], these are mostly not tied to a specific
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intervention. Furthermore, to our knowledge theraa study that has tried to exploit
individual expectations for predicting treatmentammes out-of-sample. Although implied
by the wording in some papers (e.g., [9; 26]), ey studies on the relation between
expectations and treatment outcomes have not gessent-of-sample predictions, but

within-sample analyses of statistical associations.

Our multiple regression analyses examined whicking@ment variables’() explained
treatment outcome after two weel$)( In addition to our variables of interest (treatrh
expectation and certainty), our models also induoieseline status (pain intensityla} and
potential confounds (age, gender). We found thi¢fseabout treatment outcomeTgtwere
highly significantly associated with the actuaktiraent outcome dt. When examining the
belief components separately, we found a signifieasociation for expectations, but failed
to detect such an association for certainty (bglietision). It is worth emphasising that the
latter finding should not be misunderstood as digipg the "Bayesian brain” perspective on
pain perception. This is for two reasons. First, vhlidity of our questionnaire-based
measures of subjective certainty is unclear: tieepgesently no validated questionnaire of
this sort; additionally, one of our questionnainesl to be discarded due to logical
inconsistencies in participants' responses. Seapwely methodological problems of
constructing a fully Bayesian model (see Method®)used a simple linear approximation.
This approximation may have failed to adequateptwa the non-linear relationship
between prior and posterior beliefs. For thesearsghe relevance of belief precision
(certainty) for explaining treatment outcomes reman open question that should be

revisited with improved questionnaires and models.

Using the same multiple regression models for dtgample predictions (10-fold cross-
validation) showed that utilising information abaoadividual beliefs (expectations and

certainty) considerably improved predictions: ingamating pre-treatment beliefs &t
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allowed for highly significant predictions aboutdatment outcome &, with a median error

of 1.36 (on a NRS of 0-10).

These results demonstrate the importance of indalidxpectations for treatment outcomes
in patients receiving lumbar injections against loack pain. Our findings have two
important clinical implications. First, they sugg#sat success of injection therapy could be
enhanced by cognitive interventions that optimigageetations (compare [11; 27; 33]); the
model suggests a reduction of pain of 0.59 pertpoiproved expectations (on 0-10 NRSs).
Additionally, the demonstration that it is possitdepredict individual treatment response
based on information obtained via simple questioeaanight support treatment selection,
for example, determining whether individual patseate likely to benefit from injections or
whether different treatment options should be grgad. Clearly, it can be debated what
level of accuracy is needed to support treatmédatsen. Our analyses indicate that pain
intensity two weeks after the injection can be pried with a median error of 1.36 on a 0-10
NRS. While this level of accuracy may already allowtriaging patients, more accurate
predictions might be achieved in the future by aegtmg the prediction models with further
information (e.g., clinical history or neurophysigical data). In this study, we deliberately

focused on simple models that only required a mummof information.

A few additional results are worth highlightingr$tj adding information about individual
beliefs obtained directly after the injectidfy ) improved neither explanation nor prediction
of outcomes. We had expected this post-interventiftlmmation to be potentially valuable
because the immediate effect of the injection tdude local anesthetic) might induce an
additional expectation that could influence lontgggm outcome. However, our results speak
against this. Furthermore, in separate analysegxamined which factors might contribute
to the formation of beliefs about treatment outcoAraongst the five factors we considered

— self-efficacy, previous injections and their ggved success, pain duration, weight of the
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opinions of others in the decision to undergo iggctherapy, and educational background —
the opinions of others showed a significant reteglop with belief certainty. Surprisingly,
however, none of the above factors showed a sagmfiassociation with expectations about
treatment outcome. Finally, we performed a sensjtanalysis in order to examine whether
our results depended on the specific questionmarased. To this end, we repeated our
analyses using scores from the ETS questionnagas$uringly, both the within-sample
analyses of associations and the out-of-samplaqi@ad analyses provided the same

gualitative results.

Our study has strengths and weaknesses. Beginnihgtrengths, we focused on a well-
defined intervention in a single-center setting firavided a relatively homogenous clinical
situation and a precise time point at which expenta can be assessed. Our sample size was
informed by a conservative power analysis, and btained multiple measurements of key
components of individual beliefs (expectations aadainty), as a basis for sensitivity

analyses.

Turning to weaknesses, we used two measures eff Ipeéicision (VAS and a questionnaire
asking to exclude possible future pain states)lthae not been validated. Generally, the
guestion of how to measure subjective belief prexisr certainty is an important topic in
cognitive neuroscience and is beginning to be studh pain research [10] (It is worth
mentioning that the construct of "confidence" ieafused interchangeably; here, we follow
previous recommendations [36] and refer to "cetyaias opposed to "confidence".) For
example, in studies of metacognition, indices ofatrty are often computed using signal
detection theory or Bayesian models, based onviisg responses (e.g., using VAS) about
the certainty in one's decisions [13; 14]. To coowWkledge, the construct and predictive
validity of scales measuring subjective certaingy/ ot established. This represents an

important area of future work.
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A second important limitation of our work is thekaof a completely separate (held-out) test
dataset. External validation of our current appnoasing datasets from additional samples,

will be important.

Finally, our current study was restricted to datenf simple and brief questionnaires. While a
deliberate choice for this study, including addiabbiological data might substantially
increase the accuracy of outcome predictions #3jarticular, neuroimaging and
electrophysiological data have proven powerfulgadictions in other areas of pain research
[3; 28; 29; 41; 44]. Clearly, their additional colexaty and costs make clinical applications

considerably less straightforward.

In summary, this study demonstrates that treatmegnectations are not only associated with
two-week outcomes after lumbar injection theraplydow for individual predictions.

Future studies should examine whether such predgtould usefully guide treatment
selection. Additionally, our findings suggest thgéction therapy could be enhanced by
cognitive interventions targeting expectations afin it would be worthwhile investigating
the possibility of including neurophysiological meuroimaging data into predictive models
of treatment outcomes, while carefully consideningctical feasibility and the cost-benefit

ratio.
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The analyses tested in this paper were spea@ketite in a time-stamped analysis plan

(https://gitlab.ethz.ch/tnu/analysis-plans/mueliraderetal _pain_expectation_2021). The

analysis code is publicly available on

(https://gitlab.ethz.ch/thu/code/muellerschradére@n_expectation_2021). All patients

were asked for consent that their data could beedh&or those patients who agreed, the data
which entered the analyses presented in this maptisan be obtained on request from tnu-
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Figurelegends

Figure 1: Visual summary of the study design. Pain ratingsraeasures of beliefs (about
treatment outcome) were obtained at three diffelrard pointsT; - T; (atT; pain ratings
only, which served as outcome measure). At each piointT;, patients were asked to
indicate pain leve{p;), expectation about treatment outcof@g and confidence therein

(cPlcP).

Figure 2: Presentation of raw data. Note that expectatiahpain levels are discrete, while
the certainty measures are continuous. Variabltisate pain levels (p), expectations (e), or
certainty (c); subscripts indicate time (pleaselgare 1); superscripts indicate whether

certainty relates to pain (p) or expectation (e).

Figure 3: a: Relation of initial expectatios; and treatment outcoms illustrated as a
distribution of the number of patients per combmabf e; andp;. b/c: Marginal
distributions ofp; ande,, respectivelyd: Relation between the expectatignand the
adjusted treatment outcorpe (i.e. that part of the treatment outcome whichncaiie

accounted for by other regressorsriy). The gray dots show the full treatment outcame
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(as ina). The red dashed line indicates the partial regpesofe; in m;. Abbreviationse,

denotes the expectation at tiffie p; indicates treatment outcome (pain level) at time

Figure 4: Prediction of treatment outconpe: results of cross-validation for different
models. The histograms represent null distributims are created by permuting the labels of
the treatment outcoms,. The lower row ¢/d) shows the results of cross-validation on the

residualgp; after usingm, to explain the data (also indicated by “*” in tim@del names).

Figure5 a: Relation of ETS and treatment outcomaellustrated as a distribution of the
number of patients per combination of ETS prdb/c: Marginal distribution of ETS ang,
respectivelyd: Relation between ETS and the part of the treatrmetcomep; that has not
been accounted for by other regressona4z. The gray dots show the full treatment

outcomeps (as ina). The red dashed line indicates the partial regpesof ETS inm, .
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Explaining expectation; | Explaining certainty;

P f? p f?
Previous injection therapy| 0.03] 0.03[0.00,0.09] 660. 0.004 [0.00,0.02]
Educational background 0.18 0.03 [0.00,0.07] 0.61 .02(00.00,0.03]
Pain-specific self-efficacy | 0.04| 0.04[0.01,0.11] .0D 0.02 [0.00,0.07]
Opinions of others 0.34( 0.003[0.00,0.083.31-10"** | 0.07 [0.02,0.15]
Duration of strong pain 0.57| 0.008[0.00,0.08] 0.97 0.001 [0.00,0.00]

Table 1. Results otesting whether any of the candidate variablesdceuplain beliefs about
treatment outcome (consisting of expectatipand certaintyy) atT;. P-values reported in

this table are uncorrected. When corrected foriplaltomparisons, only the weight of the

opinions of others in the decision to undergo itjgctherapy made a significant (*)

contribution to explaining certaintyf .

32



Sty ’
[N
-
‘
N
<
Sy
/
T
\
\
=
=
&

Time

Oox

1r

L OO0

3

2 weeks

Injection



Belief

Pain

Number of patients

Number of patients

50

25+

|| 61
| III.__
0 1

0
Expectation

0 10
Belief certainty

50

25+

0_

p
&1

P1
IIIII|I||II
0 10

Pain level

0 10
Pain certainty

|| €9 CS

‘ ‘III- -

0 10 0 10
Expectation Belief certainty

ey

5]
|I||I||||_.
0 10

Pain level

0 10
Pain certainty

0 10
Pain certainty

P3
||I|||I||._
(I) IIO

Pain level

('op/\rilnggﬁglpnz International Association for the Study of Pain. Unauthorized reproduction of this article is prohibited.

>
Time




Treatment outcome pg

Number of patients

Expectation e;

Number of patients

(IJ ? 1|0 (.J 2|5 5.0
10 1 ° #Pat. I 10
e o ° 1 .
e © o 0 o @ Q® = I E
&
ccee o I pg 3
o0 o . I 2
-+
®eo . ., 5 o
&
co o0 | L 2 g
3
°os. . 7 X7 | :
3 . V4 @
e oo FN Y b
w
° ]
. L\ |
0 =~ | | 10
e @
® O o 2 e O
c ® 3 o ® @ [3=0.59
s ° .’.. ° -7 -
25 4 | .: ..‘: /// ‘5;
' : LA 2
t !’(/" ° g‘
“1 °
/t!t 2
[} L)
s 3 -0
€1 f Y :
[ [}
[}
L]
(¢ d
0 5 10 0 5 10

Copyright @%B@y&@hlﬁﬂmﬁﬂmsocmmn for the Study of Pain. Unauthorized Em@&t@&i‘%&lﬁl prohibited.



Number of permutations

Number of permutations

75}
1000 - a g 1000-
Mo Mol iy | g My Mo 1M iy Mg
g
—
<]
500 2 5004
S f
o
— |
@ S
Q0
§ |
O i T T T T Z O T T T
0.0 0 bett 0.3 2.00 bett 0
etter etter
R? ( ) RMSE ({Detter
' 2
1000 ¢ ¢ B 1000+ d
* *
My 1MWy I § my Moy g
Y | a S o
g
—
1 <]
500 ST & 5004
[
o
—
<]
Q0
g
O i T T T T Z O i T T T
0.0 0.1 0.2 0.3 2.00 2.25 2.50
better better
) N ; MSE (+——)
Copyneht © 2022 by the/International Association for the Study of Pain. Unauthorized reproduction of this article is prohibited



Treatment outcome ps3

Number of patients

ETS Number of patients
5 10 15 20 0 25 50
10 - ° | - 10
e o B
o0 oo c0 e e 3
© o ®0ce oo I D3 g
#Pat, c0c 00 e I :
a1 ceecce@es oo s
=
®: cecco0 0o oo NN
©: <ecccofe: oo NN %
S
©  eececc@escce NN :
c0000000:-0cc - NN
01 g e «0000-000 TN o
0'- . I ® ‘10
e @
o0+ -0 e @ o
° ° ® @ o o @ o o
e @ o OOO (]
se@e ee@oe e o F5
oO@oOO 8 @ o Z?
25 - o®oooq? - Qe
. 0000 -9000:0:-8 | £
S DS S E R
. 199009000 0 :
BT  E .
-?TS B=-019 ¥y :‘I‘tl\!\' R
504 o 'E:!!!'if‘i‘.‘-L\
i hd ..!”. .= --5
oo‘l.l.‘
C d S oo Toe
5 llO 1I5 2IO 5 llO 1I5 2IO

Copyright © 2022 bﬂwslcmalional Association for the Study of Pain. Unauthorized 1‘cpr0ductior’Em& article is prohibited.



