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Abstract 

Subjective expectations are known to be associated with clinical outcomes. However, 

expectations exist about different aspects of recovery, and few studies have focused on 

expectations about specific treatments.  

Here, we present results from a prospective observational study of patients receiving lumbar 

steroid injections against low back pain (N=252). Patients completed questionnaires directly 

before ( 1T ), directly after ( 2T ), and 2 weeks after (3T ) the injection. In addition to pain 

intensity, we assessed expectations (and certainty therein) about treatment effects, using both 

numerical rating scales (NRS) and the Expectation for Treatment Scale (ETS). Regression 

models were used to explain (within-sample) treatment outcome (pain intensity at 3T ) based 

on pain levels, expectations, and certainty at 1T  and 2T . Using cross-validation, we examined 

the models’ ability to predict (out-of-sample) treatment outcome. 

Pain intensity significantly decreased ( 1510p −< )  two weeks after injections, with a reduction 

of the median NRS score from 6 to 3. NRS measures of pain, expectation and certainty from 

1T  jointly explained treatment outcome ( 15 210 , 0.31p R−< = ). Expectations at 1T  explained 

outcome on its own ( 1010p −<  2, 0.19f = ) and enabled out-of-sample predictions about 

outcome ( 410p −< ), with a median error of 1.36 on a 0-10 NRS. Including measures from 2T  

did not significantly improve models. Using the ETS as alternative measurement of treatment 

expectations (sensitivity analysis) gave consistent results.  

Our results demonstrate that treatment expectations play an important role for clinical 

outcome after lumbar injections and may represent targets for concomitant cognitive 
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interventions. Predicting outcomes based on simple questionnaires might be useful to support 

treatment selection.  

 

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

prediction; longitudinal study 

 

 

 

Introduction  

In many areas of medicine, it is well established that outcomes of clinical interventions can 

be shaped significantly by individual expectations [2; 27]. In particular, concerning the 

clinical management of pain, expectation effects on the experience of pain have not only been 

demonstrated by many experimental studies, e.g. in studies on placebo and nocebo responses 

[6; 17; 23; 38; 43; 45], but have also been found in a variety of clinical settings [5; 9; 12; 18; 

21].  

Importantly, in clinical settings, patients can have expectations along multiple dimensions 

[32]. For example, expectations may exist simultaneously about recovery in general 

(unrelated to a specific treatment), about one's ability to cope with pain (self-efficacy), and 

about the outcome of a specific treatment. A recent Cochrane review on low back pain [19] 

evaluated the evidence for the impact of different types of expectations. It highlighted that 

many investigations of general expectations about recovery exist, whereas little is known 

about the impact of treatment-specific outcome expectations.  
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Here, we report results from a prospective observational study that addresses this gap. We 

investigated 252 patients with low back pain who underwent lumbar injections of steroids 

and completed several questionnaires directly before (��), directly after (��), and 2 weeks 

after (��) the intervention. Injection therapy is a useful setting for investigating expectation 

effects because of the controlled nature of the therapeutic intervention and lack of potential 

problems of patient compliance. Additionally, injections are brief, salient interventions that 

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

Our study is novel in two additional ways. First, our study was inspired by contemporary 

"Bayesian brain" theories of perception in general (e.g. "predictive coding" or "predictive 

processing"; [15; 24]) and of pain experience in particular [8; 16; 20; 31; 40]. Consequently, 

we did not only measure expectations about treatment outcome, but also their "precision", 

i.e., how certain patients were in their own expectations about treatment outcome. Together, 

expectations and precision (or certainty) characterise patients’ beliefs about treatment 

outcomes more comprehensively than classical measures of expectations alone. Additionally, 

considering the potential effects of belief precision (certainty) on treatment outcomes is 

motivated by recent work on placebo effects [1; 17; 22] and theories of bodily regulation 

[39], which suggest that the precision of treatment beliefs contributes to therapeutic 

outcomes, over and beyond expectations. 

Second, in addition to conventional statistical analyses that determine statistical associations 

within-sample, we asked whether it was possible to predict (out-of-sample) future pain levels 

from expectations. More specifically, we examined whether reported pain intensities two 

weeks after the injection (at ��) could be predicted from expectations and/or certainty prior to 

treatment (��). Addressing this question is clinically important: a procedure to predict the 

outcome of specific interventions based on simple questionnaires about expectations and/or 

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

ACCEPTED

8 8Copyright � by the International Association for the Study of Pain. Unauthorized reproduction of this article is prohibited.            2022



5 

 

variables as targets for concomitant cognitive interventions to boost the efficacy of injection 

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

 

Methods  

Design and Participants 

306 patients with low back pain participated in this study which employed an observational 

longitudinal design in a naturalistic setting. All patients received the same treatment, i.e., 

lumbar injections under radiological guidance, at the Department of Neurology, Schulthess 

Clinic Zurich. The injections included a local anesthetic (either bupivacaine 0.5% or 

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

or betamethason 17α,21 dipropionate 5mg + betamethason 21-disodium phosphate 2mg). 

Pain ratings and measures of belief (about treatment outcome) were obtained at three 

different times: directly before (��) and immediately after (��) the injection, as well as two 

weeks after the injection (��). Questionnaires for �� were sent and answered by mail. The 

exact wording of the questions and the definition of the rating scales are provided in the 

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

At each time point �, we obtained two main measures (see Figure 1 for a summary). First, we 

asked participants to indicate their perceived level of pain intensity (��) on a numerical rating 

scale (NRS), ranging from 0-10. Using a visual analogue scale (VAS), we also asked them 

how certain they were about the pain intensity they indicated (��
	).  

Second, we asked participants about their subjective beliefs about treatment outcome. Here, 

we distinguished between the expectation about treatment outcome 
� (i.e., the intensity of 

pain they expected to have two weeks after the treatment) and the certainty ��� in this 
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expectation. Expectations were assessed using a NRS (0-10) and certainty was measured 

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

In addition to the VAS, we tried to obtain an additional, novel measure of certainty. Using a 

NRS (0-10), we asked participants to exclude those levels of pain or expectation, 

respectively, which they could exclude with certainty. However, the responses clearly 

indicated that our participants found this novel measure confusing: more than half of the 

participants gave responses which were inconsistent with their statements on their current 

pain intensity and/or expectations. We therefore decided not to use this measure of certainty 

in our analyses. 

 

 

Since different measures of treatment expectations have been proposed in the past, we 

intended to perform a sensitivity analysis and examine whether our results were robust, 

independent of this choice. For this reason, we obtained an alternative measure of subjective 

treatment expectations, using the Expectation for Treatment Scale (ETS; [4]). This 

questionnaire represents a useful alternative measure for a sensitivity analysis because, in 

contrast to our NRS described above, it mainly asks about expected improvements, less about 

the expected outcome per se. Complete ETS data were obtained from 246 of the 252 

participants included in our analysis. Data from 6 participants were missing because these 

participants did not manage to complete all questionnaires in the available time before 

treatment started. 

Finally, at ��,  we assessed several variables that might explain variability of individual 

beliefs about treatment outcome. Specifically, these variables included: previous injection 

therapy and its success, educational background, pain-specific self-efficacy [30], relevance of 
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the opinions of others for the decision to undergo injection therapy, and duration of 

treatment-requiring pain. Please see the Supplementary Material (available at 

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

measures of these variables were available for 183 of the 252 participants included in our 

analysis. Data from the remaining participants were missing because these participants did 

not manage to complete all questionnaires prior to treatment. 

The study received a waiver from the Cantonal Ethics Committee (Req-201900332). 

Nevertheless, we obtained informed written consent from all participants before they 

participated in the study. Participation in the study did not have any influence on the 

treatment. Inclusion criteria were broad (i.e., any patient receiving lumbar injections against 

low back pain in our clinical department), and the only exclusion criterion was an inability to 

fill in the required questionnaires (e.g., due to acute pain or insufficient command of the 

German language). 

Our sample size was guided by an a priori power analysis. Given the lack of previous data,  

the power analysis concerned the question whether future pain intensities were explainable by 

any subset of the variables (i.e. an F-test on all regressors in the most comprehensive model 

��; for its definition, see below). We adopted a conservative approach, assuming a small 

effect size (i.e., 
� = 0.1) and requiring a power of 0.9, at a significance level of 0.05. Under 

these assumptions, the sample size needed was N=215. Given concerns about attrition and 

incomplete questionnaires, we decided to add a substantial safety margin, under the 

anticipation that data from approximately 1/3 of the participants might not be usable. This 

assumption turned out to be too pessimistic: data from 54 out of 306 (17.6%) participants 

could not be used. Therefore, data of 252 patients (52% female) were included in our main 

analysis. The median age was 70 years (minimum 19 years, maximum 93 years). Note that 

the detectable effect size for some of the analyses is considerably lower than the 
� = 0.1 
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used in the power analysis. The smallest detectable partial effect of confidence ��� in the 

smaller model ��  has for example an effect size of 
� = 0.04 (with power and significance 

level as above).  

 

Statistical analyses 

 

 As described in the Introduction, our study was inspired by general "Bayesian brain" 

concepts of perception ([15; 24]). One postulate of these concepts is that perception 

corresponds to a posterior belief (about the state of the world) that results from integrating 

sensory data (in statistical terms: the "likelihood") with prior beliefs. Notably, these prior 

beliefs are not only characterised by expectations; instead, their precision (i.e. subjective 

certainty) matters as well. This motivated our experimental strategy (as described above) to 

collect measures of both subjective expectations about treatment outcome and the subjective 

certainty therein. 
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Given this background, a natural analysis strategy would have been to construct a fully 

Bayesian model of how posterior beliefs result from updating prior beliefs. However, the 

clinical setting of our study-imposed constraints on the type of data we could acquire, leaving 

only time for limited questionnaire-based assessments. Given these available data, 

constructing a fully Bayesian model faces major challenges. These challenges required us to 

resort to an approximation, as explained in the following. 

The most critical problem concerns the question how one would obtain an estimate of the 

likelihood. For example, this would require experimental control over the mean and variance 

of the sensory inputs that result from the cause of pain (e.g. pain-inducing stimuli). In our 

clinical setting, this was not possible, since the dense clinical routine only allowed for a brief 

assessment using questionnaire-based self-reports. This makes the construction of a model 

which describes the transition from prior to posterior difficult.  

However, even in the absence of precise information about the likelihood, we know that (all 

else being equal) a variation in the prior precision should lead to a variation in the posterior 

mean (and posterior precision). In other words, provided one has valid measures of subjective 

expectations and confidence, one would expect variations in these statistics of prior beliefs to 

result in variations of posterior mean and precision. In the absence of knowledge about the 

exact mathematical form of this relationship, a linear model can be chosen as the simplest 

approximation. Clearly, this approximation may fail if the relationship is sufficiently non-

linear. The practical advantage of this approximation is, however, that it allows for 

constructing multivariate regression models that explain pain intensity after treatment as a 

linear combination of the questionnaire-based measures of subjective expectations and 

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

ACCEPTED

8 8Copyright � by the International Association for the Study of Pain. Unauthorized reproduction of this article is prohibited.            2022



10 

 

Generally, it should be kept in mind that, while our analyses are inspired by a Bayesian 

perspective on perception, they do not employ a proper Bayesian model and should therefore 

not be viewed as trying to confirm or disprove a Bayesian perspective on pain experience. 

The analysis tested 7 hypotheses which were specified ex ante in a time-stamped analysis 

plan (https://gitlab.ethz.ch/tnu/analysis-plans/muellerschraderetal_pain_expectation_2021). 

Bonferroni correction resulted in a corrected significance level of �� =  0.05/7 = 0.0071. 

For comparisons of pain levels across time points, we report Cohen's d as effect size. In the 

context of multiple regression models, we used R2 to report the global effect size (i.e., for the 

entire regression model) and Cohen's f2 to report local effect sizes (i.e., for variables of 

interest). All effect sizes are reported with 90% confidence intervals. The analysis was 

conducted using the open-source statistical computing language R, Version 3.6.3 [37], and 

several of its packages.  

Regression analysis 

For our analyses, we constructed several multiple linear regression models which explain 

treatment outcome, i.e. pain intensity �� at ��, as a function of variables assessed at �� and, in 

some cases, also �� (compare Figure 1). 

The simplest model, ��, included only three regressors: the initial pain level �� as an 

explanatory variable, and age � and gender � as confounds. Hence, �� constituted a basic 

model to explain treatment outcome �� without reference to beliefs. All other models were 

extensions of this model, with additional regressors that represented measures of beliefs 

(expectations, certainties). We used �-tests to assess whether the inclusion of additional 

regressors significantly improved models. 

Model �� contained all main measures obtained before the injection (i.e., at ��): In addition 

to ��, � and �, we included the expectation about treatment outcome, 
�, and the certainty in 
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this expectation, ���. Furthermore, we also included ��	, i.e., how certain they were about the 

indicated pain intensity ��. 

We assessed (�-test) whether �� explained the treatment outcome significantly better than 

��. Two subsequent �-tests focused on the specific roles of treatment expectation 
� and 

certainty ��� within ��. First, we tested whether the subjective belief in toto (i.e., the 

combined effect of expectation and certainty) contributed significantly to explaining 

treatment outcome ��. Second, we tested whether treatment expectation and certainty, 

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

Extensions of model 

Next, we tested two extensions of ��: model ���int, which additionally included interaction 

terms (see below), and ��, which extended �� by including measures obtained at �� (directly 

after the injection). 

Model ���int included the interaction terms �� ⋅ ��	 and 
� ⋅ ��� as well as 
� ⋅ ��. The 

inclusion of these interaction terms is motivated by the Bayesian perspective on pain 

experience described in the Introduction. In brief, under Gaussian assumptions, Bayesian 

treatments of perception describe the updating of beliefs as a precision-weighted compromise 

between sensory data and prior expectations [35]. Here, we attempt a crude approximation to 

this principle by considering the interaction of certainty (as a measure of precision) with pain 

and expectation, respectively.  

Model �� included measures of pain and beliefs obtained directly (within 30 min) after the 

injection (��). Placebo research suggests that the invasiveness of a procedure is related to the 

strength of placebo effects [32]. Hence, individual differences in the experienced 

invasiveness of the injection might induce variations in expectations about longer-term 
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outcome. Similarly, immediate therapeutic effects (due to the anesthetic that is administered 

together with steroids) that change experienced pain intensity right after injection can occur. 

For model ��, we therefore included the additional regressors 
�, ���, ��, and ��	. 

For both models, we used an �-test to assess whether the additional regressors (compared to 

��) significantly improved explanation of treatment outcome ��. 

Out-of-sample prediction 

After checking whether the above models can explain the treatment outcome (within-sample), 

we examined whether it was also possible to predict the treatment outcome (i.e., pain 

intensity �� at ��) out-of-sample, based on data acquired before (��) or shortly after (��) the 

injection. We conducted this analysis using the models ��, �� and ���int described above. 

As a comparison, we also included the basic model ��. 

For prediction, we employed a 10-fold cross-validation scheme. In each fold !, we used the 

training data (9/10 of the data) to estimate the regression coefficients " of our models. We 

then tested the prediction �̂�$ on the held-out sample, %&, using the estimates of " from the 

training data. Here, ' ∈ %& indexes the held-out samples, and ��$ denotes the treatment 

outcome (pain intensity at ��) for participant '.  

To assess the goodness of the prediction, we used two separate metrics. For each fold, we 

calculated these metrics over all held-out participants in that fold and averaged these metrics 

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

)%*+k = , �
|./| ∑ 1�̂�$ − ��$3�$∈./ .        (1) 

Here, |%&| denotes the cardinality of the fold (i.e., how many participants were held out). 

As a second metric, we used the coefficient of determination ()�): 
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)&� = 1 − ∑ 14∈5/ 	6748	7439
∑ 14∈5/ 	6748	‾739.         (2) 

Here,  �̅�denotes the mean of ��. 

For each metric, the cross-validation procedure resulted in one value per model. We used 

permutation testing to statistically assess the significance of these results: We randomly chose 

10,000 permutations of the numbers from 1 to =, where = denotes the number of 

participants. For each of these permutations >, we permuted the treatment outcomes ��$ 

(keeping the rest of the data fixed) so that we arrived at new tuples ?��$, 
�$, ⋯ , ��
A1$3B (for 

' = 1, . . . , =). This procedure completely removes any dependence between �� (the outcome) 

and the predictors. We then performed the same cross-validation procedure for all 

permutations, yielding 10,000 values of our metrics per model, which represent predictions 

under the null hypothesis that there is no relation between the predictors and the outcome. �-

Values were calculated with reference to this null distribution. 

So far, we examined how well the models ��, �� and ���int were able to predict relative to 

chance. In order to analyse how capable the models were of predicting over and beyond the 

basic model ��, we defined �C�, the residuals when explaining p� by �� in the training 

dataset. We repeated the analyses (cross-validation and permutation testing) with �C� as 

outcome. If any model was still able to predict better than chance, this prediction would have 

to rely on information not captured by model ��. 

Formation of beliefs 

In this analysis, we investigated which of five candidate variables (previous injection therapy, 

educational background, pain-specific self-efficacy, weight of the opinions of others for 

choosing injection therapy, duration of treatment-requiring pain) might explain variability of 

individual beliefs about treatment outcome before the treatment was administered (i.e., at ��). 
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To this end, we constructed two separate multiple regression models that explained treatment 

expectation 
� and certainty ���, respectively, using the above variables together with 

measures of pain (�� and ��	) as regressors. Using �-tests, we tested, for each of the variables 

of interest, whether it was significantly associated with treatment expectation 
� or certainty 

���, respectively. 

The question whether any of our candidate variables bears a relation to beliefs constitutes one 

of the 7 hypotheses tested in this study (see above and the analysis plan for details). This 

particular question, however, necessitates 10 distinct tests. To avoid inflating our overall false 

positive rate, for this particular question, we used the Benjamini–Hochberg FDR-correction 

with a false discovery rate equal to the overall Bonferroni-corrected level of �‾ = 0.0071. 

Sensitivity analysis: replacing beliefs with ETS scores 

The analyses above showed that the belief at �� allowed for explaining (within-sample) and 

predicting (out-of-sample) the treatment outcome two weeks later, at ��. In order to check the 

robustness of these results and to test whether they would change qualitatively if a different 

construct were used, we replaced the measured components of subjective beliefs (treatment 

outcome expectation 
� and certainty ���). For this sensitivity analysis, we used the measure 

of treatment outcome expectation provided by the Expectation for Treatment Scale (ETS; [4]) 

at ��. 

This resulted in a new model ��,E, which had the same regressors as ��, except that 
� and 

��� were replaced by the (summed) ETS score. Using an �-test, we assessed whether the ETS 

was significantly associated with treatment outcome at ��. 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 data as histograms. We then show the results of the 

regression analyses and finally proceed to the out-of-sample prediction of pain at outcome 

(��).  

Histograms of data 

Figure 2 shows the distribution of the main data obtained directly before (��3, directly after 

(��3, and two weeks after (��) the injection. Using a two-sided Wilcoxon signed rank test 

with continuity correction, we found that compared to ��, pain intensity was significantly 

reduced (� < 2.2 ⋅ 108�K; L = 22654) 2 weeks after treatment at �� (N
O��'1��3 =
6, N
O��'1��3 = 3). Between �� and ��, there was no significant change in treatment 

outcome expectations 
� (� < 0.13; L = 2520.5) and in certainty about pain intensity ��
	 

(� < 0.69; L = 11880), while there was a significant change in pain intensity �� (� < 2.2 ⋅
108�K; L = 14337) and certainty about treatment outcome expectation ��� (� < 0.015; 

L = 9580). 

 

Regression analysis 

The basic model �� already explained a significant amount of the variability of treatment 

outcome �� (��,�RS = 16.23; � = 1.2 ⋅ 108T; )� = 0.16 [0.10,0.23]). Including measures of 

beliefs – i.e., expectation of treatment outcome 
� and certainty therein, ��� – improved the 

model significantly: In ��, the expectation 
� and certainty��� jointly contributed 

significantly (��,�RW = 27.023; � = 2.5 ⋅ 108��;
� = 0.22 [0.12, 0.33]) to the treatment 

outcome, showing that beliefs had a strong relation to treatment outcome over and beyond the 

basic information (pain intensity, age, gender) provided by ��. When examining 
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expectations and certainties separately, we found a significant contribution by expectation 
� 

on its own (��,�RW = 47.205; � = 5.3 ⋅ 108��;
� = 0.19 [0.11, 0.30]), but not by certainty 

��� (��,�RW = 1.5649; � = 0.21; 
� = 0.007 [0.00,0.03]). Taking into account all regressors 

in ��, Figure 3d visualizes the relation between expectation 
� and treatment outcome ��: the 

partial correlation is 0.40 (� < 5.3 ⋅ 108��, X = 6.87) and the partial regression coefficient is 

" = 0.59. This means that a change of expectation by one point corresponds to a change of 

0.59 in �� (treatment outcome) on the 0-10 NRS (when adjusting for the other factors).  

 

Extensions of model by interaction terms and data from T2 

Neither extending model �� with interaction terms (�int:  ��,�R� = 0.3882; � = 0.76; 


� = 0.005 [0.00 0.02]) nor extending it with data from �� (��: �R,�R� = 1.4164; � = 0.23; 


� = 0.02 [0.00 0.05]) improved explanation of treatment outcome �� significantly. 

Out-of-sample prediction 

After having established a relation of expectations with treatment outcome in the above 

regression analyses, we attempted to predict treatment outcome out-of-sample. To this end, 

we employed the same regression models as above but used a 10-fold cross-validation 

procedure to train the model on part of the data (training data) and predict treatment 

outcomes for the held-out participants.  

The results are summarized in Figure 4. The first thing to note is that all models yield 

predictions that are better than chance. More precisely, for all models (��, ��, �int and ��) 

and all metrics ()� and RMSE), compared to null distributions consisting of 10,000 random 

permutations, at most one sample showed higher accuracy than the real data. This suggests 

that the result is unlikely to occur by chance (�=108R). Furthermore, it is worth noting that 
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the most predictive model (i.e., the model showing the highest )� and lowest RMSE; Fig. 

4a,b) was model ��, i.e., the model including beliefs about treatment outcome before the 

injection took place (��). This model showed a median absolute deviation (MAD) of 1.32. 

From a practical perspective of clinical utility, this finding means that the median error of 

prediction is 1.32 when using a numerical pain rating scale with a range from 0 to 10. 

Next, we investigated the improvement in prediction that was afforded by including beliefs 

about treatment outcome. First, we examined whether the prediction improvement achieved 

by models ��, �int and �� (which included beliefs about treatment outcome) relative to our 

basic model �� (which did not include beliefs) was statistically significant. We calculated �-

values for predictions over and beyond the null model �� (compare also Figure 4c,d). These 

were smaller than 6 ⋅ 108R for all models (��, �int and ��) and both metrics ()� and 

RMSE), indicating that the inclusion of beliefs about treatment outcome significantly 

improved predictions. 

In a second step, we quantified the degree of improvement that was afforded by including 

beliefs about treatment outcome. For this purpose, we focused on the most predictive model 

(��) and the basic model (��), and examined the differences in )� and RMSE compared to 

the null distributions generated by the permutations. We found that the RMSE was reduced 

by approximately 8% using ��, but roughly 17% when using ��. Furthermore, )� increased 

from 0.18 when using ��, to 0.30 for ��.  

 

Formation of beliefs 

The analyses described above demonstrated that subjective beliefs about treatment outcome 

prior to therapy (at ��) were significantly associated with and strongly contributed to 

predicting the actual outcome. In a subsequent analysis, we investigated which variables 
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might have shaped individual beliefs (i.e., both expectations and certainty therein) about 

treatment outcome. We focused on the following 5 candidate factors: previous injection 

therapy, educational background, pain-specific self-efficacy, opinions of others for the 

decision to undergo injection therapy, and duration of treatment-requiring pain. Using 

multiple regression, we tested which of these variables was significantly associated with 

treatment expectation 
� or certainty ���, respectively. 

The overall regression model explained a significant amount of variance in both subjective 

expectation 
� (� = 2 ⋅ 108W;��K,�KK = 3.51,)� = 0.25 [0.17, 0.33]) and certainty ��� 

(� = 7.8 ⋅ 108W;��K,�KK = 3.21,)� = 0.24 [0.16, 0.32]) at ��. When investigating the 

specific influence of each of the 5 candidate variables on expectation and certainty, only one 

of the 10 pairs showed a significant effect after correcting for multiple comparisons (compare 

Table 1). Specifically, the opinions of others concerning injection therapy contributed 

significantly to explaining certainty ��� (��,�KK = 13.439; � < 3.3 ⋅ 108R; 


� = 0.07 [0.02 0.15]). 

Originally, we had intended to perform a mediation analysis to examine whether a possible 

influence of these additional measures on treatment outcome �� was mediated by beliefs, but 

since we did not find a significant effect of ��� on ��, there was no possible causal path to 

perform the mediation analysis on. 

 

Sensitivity analysis: replacing measures of beliefs with ETS scores 

In order to verify that our results concerning the influence of expectations on treatment 

outcome did not depend on the particular choice of measurement scale (a standard NRS 

ranging from 0-10), we conducted a sensitivity analysis. For this purpose, we chose the 
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Expectation of Treatment Scale (ETS) as an alternative measure of expectations about 

treatment outcome. ETS measures were available for 246 participants; the tau-equivalent 

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

As expected, we found that ETS scores were negatively correlated with 
� (Y = −0.49, 

X = −8.67, � = 6.3 ⋅ 108�K); they were also positively correlated with ��� (Y = 0.18,X =
2.86, � = 0.0045).  

Using the ETS score instead of the belief measures 
� and ��� as part of the regression model 

�� led to qualitatively similar results: ETS scores also showed a significant (��,�R� =
20.503; � = 9.4 ⋅ 108K; 
� = 0.08 [0.03, 0.16]) relation to treatment outcome (model ��,E). 

Figure 5 (which is structured analogously to Figure 3) visualises the relation between ETS 

and treatment outcome. 

Similarly, the out-of-sample analyses were able to predict treatment outcome �� at �� from 

measurements obtained before the injection at �� ()�: � < 108R, RMSE: � < 108R). 

Prediction was also still possible on the residuals after having applied �� ()�: � < 0.0216, 

RMSE: � < 0.0039). 

 

Discussion 

This study on the impact of treatment expectation effects on the outcome of injection therapy 

in low back pain had a triple motivation.  

First, as highlighted by a recent systematic review [19], numerous studies have investigated 

effects of general recovery expectations on low back pain. By contrast, the role of 

expectations about specific treatments has received far less attention. Here, we focused on 

injection therapy because it is frequently used, is not affected by potential compliance 

problems, and allows for anchoring treatment expectations to a well-defined time point. We 
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are not aware of any previous study examining the impact of expectations on outcomes of 

injection therapy. 

A second aim of our study was to test predictions from the "Bayesian brain" theory of 

perception (also referred to as "predictive coding" or "predictive processing"; [15; 24]). This 

concept has been remarkably successful in explaining a wide range of perceptual phenomena 

[25; 34], and is increasingly applied to explain the experience of pain [8; 16; 20; 31; 40]. In 

brief, the "Bayesian brain" theory holds that the brain represents states of the world 

(including the body) in terms of "beliefs" (probability distributions). These beliefs are 

characterised, at a minimum, by an expectation (mean) and certainty (or precision, the inverse 

of variance). Furthermore, the Bayesian perspective implies that pain perception results from 

integrating prior beliefs and sensory inputs, weighted by their relative precision. In other 

words, expectations exert stronger effects if imbued with certainty (i.e., if the belief is 

precise). This implies that studies of expectation effects on pain would benefit from 

incorporating measures of certainty or precision. Indeed, recent studies on placebo analgesia 

[1; 17; 22] have provided evidence of the importance of belief precision for pain perception. 

However, to our knowledge, it has not been tested whether measures of belief precision also 

contribute to explaining and predicting treatment outcomes. 

A third goal of our study was to test whether individual responses to injection therapy could 

be predicted from individual expectations and certainties prior to therapy. This analysis 

adopted cross-validation to investigate whether out-of-sample predictions, as opposed to 

within-sample statistical associations, would be possible. A positive answer to this question 

would have clinical implications: the ability to predict individual treatment response from 

expectations and certainties could guide treatment selection and might offer novel targets for 

boosting existing therapies by cognitive interventions [11; 27; 33]. While some attempts of 

predicting future pain states exist [3; 7; 28; 29; 41; 44], these are mostly not tied to a specific 
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intervention. Furthermore, to our knowledge there is no study that has tried to exploit 

individual expectations for predicting treatment outcomes out-of-sample. Although implied 

by the wording in some papers (e.g., [9; 26]), previous studies on the relation between 

expectations and treatment outcomes have not presented out-of-sample predictions, but 

within-sample analyses of statistical associations. 

Our multiple regression analyses examined which pre-treatment variables (��) explained 

treatment outcome after two weeks (��). In addition to our variables of interest (treatment 

expectation and certainty), our models also included baseline status (pain intensity at ��) and 

potential confounds (age, gender). We found that beliefs about treatment outcome at �� were 

highly significantly associated with the actual treatment outcome at ��. When examining the 

belief components separately, we found a significant association for expectations, but failed 

to detect such an association for certainty (belief precision). It is worth emphasising that the 

latter finding should not be misunderstood as disproving the "Bayesian brain" perspective on 

pain perception. This is for two reasons. First, the validity of our questionnaire-based 

measures of subjective certainty is unclear: there is presently no validated questionnaire of 

this sort; additionally, one of our questionnaires had to be discarded due to logical 

inconsistencies in participants' responses. Second, given methodological problems of 

constructing a fully Bayesian model (see Methods), we used a simple linear approximation. 

This approximation may have failed to adequately capture the non-linear relationship 

between prior and posterior beliefs. For these reasons, the relevance of belief precision 

(certainty) for explaining treatment outcomes remains an open question that should be 

revisited with improved questionnaires and models. 

Using the same multiple regression models for out-of-sample predictions (10-fold cross-

validation) showed that utilising information about individual beliefs (expectations and 

certainty) considerably improved predictions: incorporating pre-treatment beliefs at �� 
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allowed for highly significant predictions about treatment outcome at ��, with a median error 

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

These results demonstrate the importance of individual expectations for treatment outcomes 

in patients receiving lumbar injections against low back pain. Our findings have two 

important clinical implications. First, they suggest that success of injection therapy could be 

enhanced by cognitive interventions that optimize expectations (compare [11; 27; 33]); the 

model suggests a reduction of pain of 0.59 per point improved expectations (on 0-10 NRSs). 

Additionally, the demonstration that it is possible to predict individual treatment response 

based on information obtained via simple questionnaires might support treatment selection, 

for example, determining whether individual patients are likely to benefit from injections or 

whether different treatment options should be prioritised. Clearly, it can be debated what 

level of accuracy is needed to support treatment selection. Our analyses indicate that pain 

intensity two weeks after the injection can be predicted with a median error of 1.36 on a 0-10 

NRS. While this level of accuracy may already allow for triaging patients, more accurate 

predictions might be achieved in the future by augmenting the prediction models with further 

information (e.g., clinical history or neurophysiological data). In this study, we deliberately 

focused on simple models that only required a minimum of information. 

A few additional results are worth highlighting. First, adding information about individual 

beliefs obtained directly after the injection (��) improved neither explanation nor prediction 

of outcomes. We had expected this post-intervention information to be potentially valuable 

because the immediate effect of the injection (due to the local anesthetic) might induce an 

additional expectation that could influence longer-term outcome. However, our results speak 

against this. Furthermore, in separate analyses, we examined which factors might contribute 

to the formation of beliefs about treatment outcome. Amongst the five factors we considered 

– self-efficacy, previous injections and their perceived success, pain duration, weight of the 
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opinions of others in the decision to undergo injection therapy, and educational background – 

the opinions of others showed a significant relationship with belief certainty. Surprisingly, 

however, none of the above factors showed a significant association with expectations about 

treatment outcome. Finally, we performed a sensitivity analysis in order to examine whether 

our results depended on the specific questionnaire we used. To this end, we repeated our 

analyses using scores from the ETS questionnaire. Reassuringly, both the within-sample 

analyses of associations and the out-of-sample prediction analyses provided the same 

qualitative results. 

Our study has strengths and weaknesses. Beginning with strengths, we focused on a well-

defined intervention in a single-center setting that provided a relatively homogenous clinical 

situation and a precise time point at which expectations can be assessed. Our sample size was 

informed by a conservative power analysis, and we obtained multiple measurements of key 

components of individual beliefs (expectations and certainty), as a basis for sensitivity 

analyses.  

Turning to weaknesses, we used two measures of belief precision (VAS and a questionnaire 

asking to exclude possible future pain states) that have not been validated. Generally, the 

question of how to measure subjective belief precision or certainty is an important topic in 

cognitive neuroscience and is beginning to be studied in pain research [10] (It is worth 

mentioning that the construct of "confidence" is often used interchangeably; here, we follow 

previous recommendations [36] and refer to "certainty" as opposed to "confidence".) For 

example, in studies of metacognition, indices of certainty are often computed using signal 

detection theory or Bayesian models, based on trial-wise responses (e.g., using VAS) about 

the certainty in one's decisions [13; 14]. To our knowledge, the construct and predictive 

validity of scales measuring subjective certainty are not established. This represents an 

important area of future work.  
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A second important limitation of our work is the lack of a completely separate (held-out) test 

dataset. External validation of our current approach, using datasets from additional samples, 

will be important. 

Finally, our current study was restricted to data from simple and brief questionnaires. While a 

deliberate choice for this study, including additional biological data might substantially 

increase the accuracy of outcome predictions [42]. In particular, neuroimaging and 

electrophysiological data have proven powerful for predictions in other areas of pain research 

[3; 28; 29; 41; 44]. Clearly, their additional complexity and costs make clinical applications 

considerably less straightforward.  

In summary, this study demonstrates that treatment expectations are not only associated with 

two-week outcomes after lumbar injection therapy but allow for individual predictions. 

Future studies should examine whether such predictions could usefully guide treatment 

selection. Additionally, our findings suggest that injection therapy could be enhanced by 

cognitive interventions targeting expectations. Finally, it would be worthwhile investigating 

the possibility of including neurophysiological or neuroimaging data into predictive models 

of treatment outcomes, while carefully considering practical feasibility and the cost-benefit 

ratio. 
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Figure legends 

Figure 1: Visual summary of the study design. Pain ratings and measures of beliefs (about 

treatment outcome) were obtained at three different time points  �� - �� (at �� pain ratings 

only, which served as outcome measure). At each time point ��, patients were asked to 

indicate pain level 1��3, expectation about treatment outcome 1
�3 and confidence therein 

1��
	/���3. 

 

Figure 2: Presentation of raw data. Note that expectation and pain levels are discrete, while 

the certainty measures are continuous. Variables indicate pain levels (p), expectations (e), or 

certainty (c); subscripts indicate time (please see Figure 1); superscripts indicate whether 

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

 

Figure 3: a: Relation of initial expectation 
� and treatment outcome �� illustrated as a 

distribution of the number of patients per combination of 
� and ��. b/c: Marginal 

distributions of �� and 
�, respectively. d: Relation between the expectation 
� and the 

adjusted treatment outcome �� (i.e. that part of the treatment outcome which cannot be 

accounted for by other regressors in ��). The gray dots show the full treatment outcome �� 
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(as in a). The red dashed line indicates the partial regression of 
� in ��. Abbreviations: 
� 

denotes the expectation at time ��; �� indicates treatment outcome (pain level) at time ��. 

 

Figure 4: Prediction of treatment outcome ��: results of cross-validation for different 

models. The histograms represent null distributions and are created by permuting the labels of 

the treatment outcome ��. The lower row (c/d) shows the results of cross-validation on the 

residuals �C� after using �� to explain the data (also indicated by “*” in the model names).  

 

Figure 5 a: Relation of ETS and treatment outcome �� illustrated as a distribution of the 

number of patients per combination of ETS and ��. b/c: Marginal distribution of ETS and ��, 

respectively. d: Relation between ETS and the part of the treatment outcome �� that has not 

been accounted for by other regressors in ��,E. The gray dots show the full treatment 

outcome �� (as in a). The red dashed line indicates the partial regression of ETS in ��,E.   
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 Explaining expectation 
� Explaining certainty ���  

�     
� �     
� 

Previous injection therapy 0.03 0.03 [0.00,0.09] 0.66 0.004 [0.00,0.02] 

Educational background 0.18 0.03 [0.00,0.07] 0.61 0.02 [0.00,0.03] 

Pain-specific self-efficacy 0.04 0.04 [0.01,0.11] 0.01 0.02 [0.00,0.07] 

Opinions of others  0.34 0.003 [0.00,0.03] 3.31 ⋅ 108R * 0.07 [0.02,0.15] 

Duration of strong pain 0.57 0.008 [0.00,0.03] 0.97 0.001 [0.00,0.00] 

Table 1: Results of testing whether any of the candidate variables could explain beliefs about 

treatment outcome (consisting of expectation 
� and certainty ���) at ��. P-values reported in 

this table are uncorrected. When corrected for multiple comparisons, only the weight of the 

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

contribution to explaining certainty ���.  
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