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Abstract

Background: Many randomized controlled trials (RCTs) of psychosocial

interventions for low back pain (LBP) have been found to have only

small effects on disability outcomes. Investigations of the specific

mechanisms that may lead to an improvement in outcome have

therefore been called for.

Methods: We present an application of the causal inference approach

to mediation analysis using the example of a cluster RCT in a primary

care population with (sub)acute LBP randomized to either usual GP care

(n = 171) or a minimal psychosocial intervention (n = 143). Mediation

analysis explored the causal pathway between treatment allocation and

disability at 3 months by considering pain catastrophizing, fear-

avoidance beliefs, distress and receiving and following advice as

potential mediators, all measured at 6 weeks. We have attempted to

explain this approach to mediation analysis in a step-by-step manner to

help clinical researchers apply this method more easily.

Results: In unadjusted mediation analyses, fear-avoidance beliefs were

identified as a mediator of treatment on disability, with an indirect effect

of �0.30 (95% CI: �0.86, �0.03), although this relationship was found

to be non-significant after adjusting for age, gender and baseline scores.

This finding supports the trial authors’ hypothesis that while fear-

avoidance beliefs are important, this intervention may not have targeted

them strongly enough to lead to change.

Conclusion: The use of mediation analysis to identify what factors may

be part of the causal pathway between intervention and outcome,

regardless of whether the intervention was successful, can provide useful

information and insight into how to improve future interventions.

Significance: This study presents a step-by-step approach to mediation

analysis using the causal inference framework to investigate why a

psychosocial intervention for LBP was unsuccessful. Fear-avoidance

beliefs were found to mediate the relationship between treatment and

disability, although not when controlling for baseline scores.

1. Introduction

Many randomized controlled trials (RCTs) have been

conducted aiming to reduce disability in patients

with low back pain (LBP) using psychosocial inter-

ventions (see Kent and Kjaer, 2012; Pincus and

McCracken, 2013). Identifying what specific

treatment components or mechanisms may lead to

an improvement in outcome are required (Thorn

and Burns, 2011; Ehde et al., 2014).

A mediating factor is one that helps to explain

how a treatment works (Vlaeyen and Morley, 2005).
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Mediation analysis is increasingly used in RCTs to

confirm the hypothesized working mechanism

underlying an intervention, or examine why an

intervention was not successful by helping to iden-

tify possible improvements for the design and evalu-

ation of future intervention studies.

Jellema et al. (2005b) conducted a cluster RCT

which compared a minimal psychosocial interven-

tion strategy (MIS) with usual General Practitioner

(GP) care in a primary care population with (sub)

acute LBP (Jellema et al., 2005b). The MIS aimed to

identify psychosocial prognostic factors (specifically

fear-avoidance beliefs, catastrophizing thoughts and

distress) so that they could be discussed during the

consultation. GPs were trained to firstly explore the

presence of psychosocial factors using standardized

questions; they then gave the patient information

about available treatments for back pain, focusing on

addressing the psychosocial factors identified; specific

goals to resume normal activities were then set

between the GP and patient, and the patient was

given a copy of the Back Book which served to rein-

force the information given by the GP. The authors

hypothesized that patients in the intervention arm

would report better functioning and perceived recov-

ery and less time off work due to their LBP than

patients in the usual care arm, but found that the

intervention was no more effective than usual care.

Post-hoc analyses suggested that although GPs pro-

vided the right behavioural messages and were able

to identify psychosocial risks, the intervention was

not sufficient to modify patients’ behaviours or shift

risk factors (Jellema et al., 2005a).

One key issue across all mediation literature is the

importance of a theoretical basis underlying the pro-

posed mediation pathway (Mathieu et al., 2008;

Green et al., 2010; MacKinnon and Pirlott, 2015). It

has been argued that a sound theoretical basis can

help select which potential mediators to focus the

analysis on (Murphy et al., 2009), and also strengthen

the argument for causality by showing how variables

may occur in a particular order (Mathieu and Taylor,

2006). Use of a theoretical model allows predefined

mediation pathways to be tested by allowing the a pri-

ori identification of key mediating factors. Several of

the factors included in this study (catastrophizing,

fear-avoidance beliefs and disability) are key aspects

of the fear-avoidance model (Vlaeyen and Crombez,

1999; Vlaeyen and Linton, 2012) which hypothesizes

that the experience of pain leads to catastrophizing

thoughts in some patients, resulting in avoiding activi-

ties they feel may lead to further damage, leading to

disability (Vlaeyen and Crombez, 1999).

The present study extends the findings of Jellema

et al. by conducting formal mediation analyses via

the causal inference approach to investigate the

assumed causal pathways underlying the interven-

tion. We tested whether key factors of interest to the

trial authors had an indirect (mediating) effect on

the effect of treatment on disability outcome.

2. Methods

2.1 Background to mediation analysis

Mediation analysis has become increasingly popular

over the last 30 years, with many studies in the psy-

chological literature basing their analyses on the

causal steps approach by Baron & Kenny (Baron and

Kenny, 1986) or the product of coefficients approach

(MacKinnon et al., 2007). However, these

approaches, based on linear regression, make strong

assumptions about the absence of any confounding

variables between each part of the model (Imai

et al., 2011; Valeri and Vanderweele, 2013), with

Baron and Kenny ignoring the issue of confounding.

This is a problem even in RCTs, as while path a (see

Fig. 1) and the total effect (ab + c) can be assumed

to be free of confounding as a result of randomiza-

tion, path b may contain hidden confounders or

additional explanatory variables because both the

mediator and outcome are outcomes of randomiza-

tion (Imai et al., 2011; Valeri and Vanderweele,

2013), which may be important in explaining the

mediating pathway. These assumptions are difficult

to relax, as it is very difficult to account for all

potential confounding and additional potential medi-

ating variables in a single model.

Treatment/
control

Mediator

Outcome

a

c

b

Confounders

Unmeasured 
confounders

Figure 1 Example mediation model.
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Further development in mediation analysis tech-

niques has taken place in the statistical and epidemi-

ological literature following the introduction of the

causal inference approach via the potential outcomes

framework. This framework describes how we only

ever see one outcome for each person, i.e. for those

in the treatment group of an RCT, we know their

outcome following treatment but will never know

what their outcome would have been had they been

randomized to the control group (Imai et al., 2011;

Dunn et al., 2013). The outcome that cannot be

observed is denoted as the counterfactual. So we can

think of the treatment effect as the difference

between the two potential values of the outcome. As

both outcomes cannot be observed in any one indi-

vidual, we cannot observe the individual treatment

effects, but because of random allocation we can

estimate the average treatment effect (i.e. the effi-

cacy of the intervention compared to the control)

(Dunn et al., 2013). In mediation analysis, we are

assuming that there is an effect of treatment on a

mediating variable (a path, Fig. 1), which in turn

leads to an effect on the outcome (b path, Fig. 1),

and we can then similarly estimate the average

treatment effects on the outcome through the medi-

ator (ab path, Fig. 1; Dunn et al., 2013). There are

several differences between this counterfactual

approach to mediation analysis and traditional

regression approaches. Firstly, statistical approaches

to mediation analysis using regression assume linear

effects and no interactions, whereas the counterfac-

tual approach allows for the estimation of direct and

indirect effects when there are interactions (Valeri,

2012). Secondly, linear regression approaches do not

discuss identifiability assumptions (conditions needed

for the results of statistical procedures to have a cau-

sal interpretation). Thirdly, the counterfactual

approach allows for the use and interpretation of

binary and categorical outcomes and/or mediators.

The counterfactual approach is also more able to

explicitly acknowledge the effect of potential con-

founding factors.

It is important to note that while different

approaches to mediation analysis have been devel-

oped with varying language and terminology, the

underlying aim of identifying indirect effects is the

same.

2.2 Description of the mediation model

The basic mediation model is shown in Fig. 1. The

indirect (mediating) effect is represented by the path

from treatment to outcome via the mediator (paths a

and b), and the direct effects are represented by each

of the a, b and c paths separately.

Direct effects are the influence on the outcome,

or on the mediator, that is not mediated by other

variables in the model (Pearl, 2001) (i.e. the change

in the outcome (path c and path b) or the change in

the mediator (path a) that occurs from the change in

the intervention (path a and path c) or from the

change in the mediator (path b) when all the other

variables in the model are fixed).

An indirect (mediated) effect (ab path, Fig. 1)

expresses the portion of the intervention effect that

is mediated through a specific mediator. This is esti-

mated by how much the outcome would change if

everyone in the study had the intervention and the

mediator changed from its natural level had each

individual been assigned to control, to its natural

level had each individual been assigned to treat-

ment.

An indirect effect can still be present if there is no

direct effect of treatment on outcome (i.e. no treat-

ment effect) (Collins et al., 1998). ‘Mediating effect’, a

term from the psychological literature, and ‘indirect

effect’, a term from the epidemiological literature, are

often used synonymously. However, there have

recently been calls to distinguish between the two,

with ‘mediating effect’ being reserved for situations

in which research designs that better allow for causal

inference are employed (Kline, 2015). For the pur-

pose of this paper, we will assume that mediating

and indirect effects are the same.

The total effect is how much the outcome would

change overall if treatment group was changed from

the control to the intervention, which is the sum of

the direct and indirect effects (ab + c).

2.3 Example: low back pain trial

2.3.1 Design and study population

The study population comprised of 314 participants

from a cluster RCT (Jellema et al., 2005b) which

randomized patients to either usual care (n = 171)

or a minimal intervention strategy (n = 143).

Patients were recruited by one of 60 general practi-

tioners in 41 general practices in the Netherlands

(20 practices with 28 GPs were randomized to the

intervention, and 21 practices with 32 GPs were ran-

domized to usual care). To be included in the study,

patients needed to be aged between 18 and 65 years

with non-specific low back pain of less than

12 weeks duration or a worsening of existing low

back pain, and were excluded if their pain was the
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result of specific spinal pathology or if they were

pregnant.

2.3.2 Measures

All measures were recorded by patient completed

questionnaires.

Disability score at 3 months, measured by the

Roland-Morris Disability Questionnaire (RMDQ)

(Rolland and Morris, 1983) was defined as the out-

come for this study. The RMDQ is measured on a

24-point scale with greater values indicating greater

disability.

Factors that were considered as potential mediating

variables between treatment and disability were pain

catastrophizing, fear-avoidance beliefs, distress and

the advice provided by GPs to rest when pain

increases (hypothesized to be lower in the minimal

intervention strategy group), to gradually increase

exercise regardless of pain, or to stay active and mov-

ing regardless of pain (hypothesized to be more fre-

quent in the minimal intervention strategy group).

Fear-avoidance beliefs, pain catastrophizing and dis-

tress were investigated because these were factors that

the GPs explicitly set out to identify and target during

the intervention. Advice was investigated as we felt

that whether patients reported that they received and

followed particular advice given by the GP in the

information phase of the MIS may also have led to

changes in outcome.

Pain catastrophizing was measured using the

catastrophizing subscale of the coping strategies

questionnaire (CSQ; Harland and Georgieff, 2003),

composed of six items that assess negative thoughts

related to pain as well as catastrophic thoughts and

ideations about pain (range 0–36). Higher scores

reflect worse catastrophizing.

Fear-avoidance beliefs were measured using the

fear-avoidance beliefs questionnaire (FABQ; Waddell

et al., 1993; range 0–24). A higher score indicates

stronger fear-avoidance beliefs.

Distress was measured using the distress subscale

from the Four Dimensional Symptom Questionnaire

(4DSQ; Terluin et al., 2006), containing 16 items

(range 0–32). A higher score indicates more severe

distress.

Pain catastrophizing, fear-avoidance beliefs and

distress were measured at baseline and 6 weeks.

Receiving and following advice to rest when pain

increases, to gradually increase exercise regardless of

pain, or to stay active and moving regardless of pain

were given as Yes/No responses at the 6 week

follow-up point.

2.4 Statistical analysis

The analysis was carried out in several stages, firstly

using descriptive statistics to describe the sample

then testing the direct effects of the intervention on

each of the potential mediators (the a path of Fig. 1).

We then fit mediation models to estimate the direct

and indirect effects. Specifically, we tested five mod-

els (to test each individual potential mediator), firstly

assuming no confounding and then adjusting for

potential confounding factors. It is likely that other,

unmeasured confounders could be present along the

b pathway, but in this analysis we must assume that

the model only includes the specified paths. All anal-

yses were conducted using Stata/MP 13.1 (Stata Cor-

poration, College Station, TX, USA).

2.4.1 Step 1. Descriptive statistics

Median (IQR) values were calculated for the contin-

uous variables (catastrophizing, distress, fear-avoid-

ance beliefs and disability score) at baseline and at

6 weeks for the mediators and at 3 months for the

outcome (disability score). The frequencies of the

binary measures (received and followed advice to

rest, received and followed advice to keep active, or

received and followed advice to gradually increase

exercise) were tabulated by treatment.

2.4.2 Step 2. Test of direct effect of treatment on

the mediator (a path, Fig. 1)

Univariable linear regression models were fitted to

the potential mediators to test whether there was an

association between treatment and the mediator.

Since a variable can only be a mediator of treatment

if there is a significant effect (p < 0.05) of treatment

on the mediator (path a), mediation models in Step

3 were only fitted to variables that were significantly

associated with treatment.

2.4.3 Step 3. Test of the indirect (mediating) effect

(ab path, Fig. 1)

Mediation analysis was performed using the methods

described by Valeri and Vanderweele, 2013 to inves-

tigate direct and indirect effects of the minimal inter-

vention strategy on disability at 3 months.

The –paramed- command (based on the SAS and

SPSS macros by Valeri and Vanderweele, 2013) per-

forms the analysis by fitting a regression model to

the outcome (linear regression in this study due to it

having a continuous outcome, but the command can

also be used to fit a logistic, log linear, Poisson or
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Negative binomial regression model dependent on

the outcome), with treatment and the current medi-

ator included as covariates, and then fitting a regres-

sion model to the mediator (linear or logistic

depending on the mediator) including treatment as a

covariate. The direct and indirect effects are then cal-

culated from the coefficients of these models, and

the confidence intervals of the effects are calculated

either by the delta method (Sobel test) or using

bootstrap replications (1000 by default). In this

example, 1000 bootstrap replications were performed

to provide a more accurate estimate of the confi-

dence interval of a non-normally distributed indirect

effect and to account for non-normality of the medi-

ators and outcome variable. As described above, we

are looking at the portion of the intervention effect

(or absence of) that is mediated through a specific

mediator. Each mediation model used the 6 week

score for each potential mediator and the 3 month

outcome of disability.

2.4.4 Step 4. Testing of the indirect (mediating)

pathway for potential confounding

As treatment was randomly allocated, the baseline

characteristics of the two treatment groups were sim-

ilar, but estimates of the direct and indirect effects

can be biased even in randomized trials when there

are unmeasured confounders between the mediator

and outcome (b path, Fig. 1; Emsley et al., 2010).

Hence, we performed the mediation analysis with

and without adjustment for age, gender and baseline

measures of the outcome and mediators (only possi-

ble for catastrophizing, fear avoidance beliefs and

distress), attempting to control for these as potential

confounders in order to add robustness to our analy-

sis.

3. Results

3.1 Step 1. Descriptive statistics

As was seen in the original trial (Jellema et al.,

2005b), there was very little difference in the change

in disability, catastrophizing, distress and fear-avoid-

ance beliefs between the two treatment groups

(Table 1). There was a large difference in the per-

centage of patients who received and followed cer-

tain advice between the treatment groups, as would

be expected as this was something that was targeted

in the minimal intervention strategy. For example,

in the minimal intervention strategy group, 80% of

people received and followed advice to stay active

and moving regardless of pain, whereas in the usual

care group only 8% of patients received and fol-

lowed this advice.

3.2 Step 2. Test of direct effect of treatment on
the mediator

This step tested the a path in the mediation model

(Fig. 1), to identify which potential mediators had a

statistically significant association with treatment

allocation. The potential mediators which were sig-

nificant (p < 0.05) within the regression models

(Table 2), were fear-avoidance beliefs, received and

followed advice to keep active and moving, and

Table 1 Baseline characteristics, 6-week scores for potential mediator

and 3-month outcome by treatment group.

Usual care

(n = 171)

Minimal

intervention

strategy (n = 143)

Male; no. (%) 90 (52.6) 75 (52.5)

Age; mean (SD) 42.0 (12.0) 43.4 (11.1)

Disability (0–24)

Baseline; Median (IQR) 13 (8, 16) 13 (7, 16)

Three months; Median (IQR) 2 (0, 5) 2 (0, 6)

Catastrophizing (0–36)

Baseline; Median (IQR) 11 (6, 15) 10 (5, 15)

Six weeks; Median (IQR) 7 (3, 12) 7 (3, 13.5)

Distress (0–32)

Baseline; Median (IQR) 8 (4, 14) 6 (3, 12)

Six weeks; Median (IQR) 3 (0, 9) 3 (0, 8)

Fear-avoidance beliefs (0–24)

Baseline; Median (IQR) 15 (12, 19) 15 (11, 18)

Six weeks; Median (IQR) 13 (10, 17) 12 (7, 16)

Received and followed advice to

Rest when pain increases; no. (%) 81 (47.4%) 42 (29.4%)

Stay active and moving regardless

of pain; no. (%)

14 (8.2%) 115 (80.4%)

Gradually increase exercise

regardless of pain; no. (%)

32 (18.7%) 93 (65.0%)

Table 2 Regression models testing association between treatment

and potential mediators.

Potential mediator

(measured at 6 weeks) Estimate (95% CI) p-Value

Catastrophizing (range: 0–36) 0.42 (�1.12, 1.97)a 0.589

Distress (range: 0–32) �0.09 (�1.61, 1.44)a 0.913

Fear-avoidance beliefs

(range: 0–24)

�1.36 (�2.62, �0.10)a 0.034

Advice to rest 1.06 (0.64, 1.76)b 0.826

Advice to exercise 5.57 (3.26, 9.50)b <0.001

Advice to stay active 2.90 (1.48, 5.68)b 0.002

aCoefficient (95% confidence interval) from linear regression model.
bOdds Ratio (95% confidence interval) from logistic regression model.
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received and followed advice to gradually increase

exercise. On average, fear-avoidance beliefs score at

6 weeks was 1.36 (95% CI 0.10, 2.62) units lower in

the intervention group than in the control group,

suggesting that the intervention had a positive

impact on fear-avoidance beliefs.

3.3 Step 3. Test of the indirect (mediating)
effect

From the analyses presented above, the only poten-

tial mediator with a significant indirect effect (unad-

justed) between treatment and disability was fear-

avoidance beliefs. The indirect, direct and total

effects of each of the models are given in Table 3.

The indirect effect (ab path, Fig. 1) of treatment on

disability at 3 months, with fear-avoidance beliefs as

the potential mediator, was �0.30 (95% CI: �0.86,

�0.03). This means that if everyone in the study

had the intervention, the 3-month disability score

would reduce on average by 0.30 units (indirect

effect from Table 3) if each participant’s fear-avoid-

ance beliefs reduced by the mean difference in fear-

avoidance beliefs between the control and interven-

tion group (1.36, as given in Table 2). No significant

interaction term was found within the models in our

study.

3.4 Step 4. Test of the indirect (mediating)
pathway for potential confounding

When adjusting for baseline values of disability and

fear-avoidance beliefs, the indirect effect of fear-

avoidance beliefs on 3-month disability was no

longer statistically significant (indirect effect �0.18,

95% CI �0.65 to 0.00), suggesting that baseline

values of both fear-avoidance beliefs and disability

may potentially play a role in the hypothesized

mediating pathway (Table 3).

4. Discussion

This study involved further analysis of a well-con-

ducted RCT comparing the effectiveness of a GP-

delivered minimal intervention strategy with usual

care. The original RCT found the intervention to be

no more effective than usual care, and subsequent

analyses by the trial authors found that this may

be due to the intervention only being effective

within a subset of participants or because the vari-

ables being targeted simply were not being targeted

strongly enough. The present analysis investigated

whether key psychosocial factors and activity beha-

viours hypothesized to be addressed by the inter-

vention had an indirect effect on the effect of

treatment on outcome. None of the potential medi-

ators were found to significantly mediate outcome

in this population. Fear-avoidance beliefs had an

indirect effect on the relationship between treat-

ment and disability, but after adjusting for age,

gender and baseline scores of fear-avoidance beliefs

and disability, this effect was no longer present,

hence we cannot say that fear avoidance beliefs

mediated the relationship between treatment and

disability.

It is interesting that while advice to keep active

and to gradually increase physical activity were

potential mediators of outcome in that they were

associated with treatment, they were not associated

with improvement in the outcome of disability and

hence were not mediators of the relationship

Table 3 Indirect, direct and total effects of the mediation models on disability outcome at 3 months.

Mediator Indirect (mediating) effect

Direct effect of treatment

on outcome Total effect

Fear-avoidance beliefs (N = 290) Unadjusted �0.30 (�0.86, �0.03) 0.74 (�1.26, 2.94) 0.44 (�1.46, 2.37)

Adjusted for age and gender �0.29 (�0.89, �0.03) 0.74 (�1.20, 2.90) 0.45 (�1.43, 2.45)

Adjusted for age, gender and

baseline mediator and

outcome scores

�0.18 (�0.65, 0.00) 0.62 (�1.47, 2.91) 0.44 (�1.80, 2.55)

Advice to exercise (N = 262) Unadjusted 0.06 (�0.72, 0.63) �0.27 (�1.82, 1.10) �0.21 (�2.14, 1.20)

Adjusted for age and gender 0.08 (�0.66, 0.65) �0.32 (�1.88, 1.06) �0.24 (�2.17, 1.22)

Adjusted for age, gender and

baseline outcome score

�0.12 (�1.00, 0.46) �0.08 (�1.56, 1.28) �0.20 (�2.20, 1.14)

Advice to stay active (N = 267) Unadjusted 0.11 (�0.14, 0.55) �0.49 (�2.76, 1.00) �0.37 (�2.20, 1.08)

Adjusted for age and gender 0.09 (�0.16, 0.54) �0.48 (�2.65, 1.01) �0.39 (�2.21, 1.04)

Adjusted for age, gender and

baseline outcome score

0.04 (�0.21, 0.42) �0.37 (�2.52, 1.04) �0.32 (�2.20, 1.04)
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between treatment and outcome. One explanation

could be that while participants received the advice

and reported behaviour change, they may not have

sufficiently changed their behaviour and the self-

reported scores perhaps reflect a social desirability

bias. This intervention was designed to be ‘minimal’

and it might be that a more intensive intervention is

required to actually change patient behaviour. The

finding that fear-avoidance beliefs did have an indi-

rect effect on the relationship between treatment

and outcome (although not once the model was

adjusted) suggests that this variable is potentially a

target for intervention, but that the intervention

either did not reduce fear-avoidance beliefs enough

for it to be an effective treatment, or there were

other factors explaining the large reduction in dis-

ability. For example, as both the intervention and

control arms improved fairly equally, the original

results could reflect the natural history of an episode

of back pain, particularly in a patient group that

included people presenting to their GP with an exac-

erbation of pain (an inclusion criteria of the original

study) and people who had been experiencing pain

for a relatively short period of time (around 12 days;

see Jellema et al., 2005b).

This analysis did not find any statistically significant

mediating effects in the variables tested, although fear

avoidance beliefs were identified as having a signifi-

cant indirect effect before adjustment for baseline

scores. The results of analyses that do not adjust for

confounders should not be over interpreted. However,

the absence of statistically significant mediating effects

identified could be due to the study being underpow-

ered to detect these effects, as the original RCT was

not powered for this analysis. When designing RCTs,

the sample size needed to investigate mediating mech-

anisms should be considered.

The use of mediation analysis to identify what fac-

tors may be part of the causal pathway between

intervention and outcome, regardless of whether the

intervention was successful or unsuccessful, can pro-

vide useful information and insight into how to

improve future interventions. Mediation analysis

provides a more robust test of what might be respon-

sible for an association (or lack of an association)

between intervention and outcome than simply

looking at separate associations between the three

variables as in other common approaches to media-

tion analysis. Importantly, when a theoretical model

is used to underpin the intervention, predefined

hypotheses for how the intervention is thought to

work are in place to be tested in a mediation analy-

sis.

We used the causal inference framework to per-

form this mediation analysis, but as highlighted in the

introduction this is not the only way to investigate

mediating variables. The method chosen depends on

the study design, the data itself and the specific medi-

ation question to be answered. Preacher (2015)

describes the approaches from psychology as focusing

more on the design of the study, and the causal infer-

ence methods from statistics as focusing more on the

formal criteria necessary to infer causality. The use of

longitudinal data collection and analysis methods that

can readily handle longitudinal data, such as struc-

tural equation modelling (SEM; e.g. Cook et al.,

2006) and latent growth curve modelling (LGM; e.g.

Cheong et al., 2003; Roesch et al., 2009) are fre-

quently found in the psychological literature to help

account for temporality, a key aspect of establishing

causality. In the case of a continuous mediator and

continuous outcome, the indirect effects in both the

traditional regression and the causal inference

approaches are equivalent, but the causal inference

approach can be extended, without the necessity of

standardization, to include binary mediators and/or

outcomes. SEM and LGM methods extend the use of

linear regression analysis to include latent factors;

latent constructs in the case of SEM, and the incorpo-

ration of time in the case of LGM. Both methods

allow the use of change scores or numerous time

points, a design issue thought to help solve the issue

of temporality by being able to more fully explore

when the mediator and outcome change (Kazdin,

2007). This is not something that can currently be

incorporated into causal inference methods. However,

it is acknowledged that there are other important

aspects of causality that need to be addressed in order

to truly establish whether a causal link can be con-

firmed, such as the absence of other potential alterna-

tive explanations for the observed link (Shadish et al.,

2002). It is these aspects that the causal inference lit-

erature attempts to target (Valeri and Vanderweele,

2013). Preacher (2015) concludes that no method is

superior and that each has strengths and limitations,

for example, the -paramed- command used in our

analyses cannot adjust for clustering, which was pre-

sent in this dataset. For the purpose of the illustrative

example given here, we have not accounted for any

clustering which may be present to enable us to clar-

ify our main points concerning mediation analysis.

We have also not accounted for any potential correla-

tion between the mediators. The method chosen to

perform mediation analysis should depend on the

study design and available measures of the mediator

and outcome variable(s). Certainly, methods from
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both the psychological and statistical disciplines

appear to be converging (Preacher, 2015); macros for

statistical software originally developed in the psycho-

logical literature (Preacher and Hayes, 2004) have

been extended to incorporate non-linear variables;

Imai et al. (2010) agree that the product of coeffi-

cients approach, a frequently used psychological

approach to mediation, is appropriate provided cer-

tain assumptions are met; and others have presented

suggestions of how to integrate SEM models and lon-

gitudinal designs with the causal inference literature

(De Stavola et al., 2015; Muth�en and Asparouhov,

2015; Bind et al., 2016). This suggests that the meth-

ods used to carry out mediation analysis are becoming

more ‘generic’ and applicable to a wider number of

designs.

We have presented an example of how mediation

analysis can be used to investigate why an interven-

tion does or does not work. The example uses a speci-

fic methodology and framework (causal inference via

potential outcomes) not often applied to clinical data,

to highlight how the analysis of mediators is moving

forward and gaining complexity in the effort to iden-

tify causal links. We have attempted to explain this

method in a simple, step-by-step approach to help

increase its uptake within the applied literature. Medi-

ation analysis is a valuable tool available to research-

ers and clinicians in that it allows us to move beyond

the “efficacy” question in clinical trials and investigate

how an intervention worked. This then provides

important information for future interventions in

terms of what components might be most useful to

include and what can perhaps be removed, therefore

improving the efficiency of treatments.

Acknowledgements

The authors would like to thank Professor Richard Emsley

for his helpful comments on this manuscript.

Author contributions

P.J. conceived and carried out the original trial; D.v.d.W.

conceived the idea for the present analysis; R.W. com-

pleted the statistical analysis; G.M., D.v.d.W. and R.W.

drafted the thesis. All authors discussed the results, com-

mented on the manuscript and approved the final version

of the manuscript.

References

Baron, R.M., Kenny, D.A. (1986). The moderator-mediator variable

distinction in social psychological research: Conceptual, strategic, and

statistical considerations. J Pers Soc Psychol 51, 1173–1182.

Bind, M.A., Vanderweele, T.J., Coull, B.A., Schwartz, J.D. (2016).

Causal mediation analysis for longitudinal data with exogenous

exposure. Biostatistics 17, 122–134.
Cheong, J., Mackinnon, D.P., Khoo, S.T. (2003). Investigation of

mediational processes using parallel process latent growth curve

modeling. Struct Eq Model Multi J 10, 238.

Collins, L.M., Graham, J.W., Flaherty, B.P. (1998). An alternative

framework for defining mediation. Multivar Behav Res 33, 295–312.
Cook, A.J., Brawer, P.A., Vowles, K.E. (2006). The fear-avoidance

model of chronic pain: Validation and age analysis using structural

equation modeling. Pain 121, 195–206.
De Stavola, B.L., Daniel, R.M., Ploubidis, G.B., Micali, N. (2015).

Mediation analysis with intermediate confounding: Structural

equation modeling viewed through the causal inference lens. Am J

Epidemiol 181, 64–80.
Dunn, G., Emsley, R., Liu, H., Landau, S. (2013). Integrating biomarker

information within trials to evaluate treatment mechanisms and

efficacy for personalised medicine. Clin Trials 10, 709–719.
Ehde, D.M., Dillworth, T.M., Turner, J.A. (2014). Cognitive-behavioral

therapy for individuals with chronic pain: Efficacy, innovations, and

directions for research. Am Psychol 69, 153–166.
Emsley, R., Dunn, G., White, I.R. (2010). Mediation and moderation of

treatment effects in randomised controlled trials of complex

interventions. Stat Methods Med Res 19, 237–270.
Green, D.P., Ha, S.E., Bullock, J.G. (2010). Enough already about

“Black Box” experiments: Studying mediation is more difficult than

most scholars suppose. Ann Am Acad Pol Soc Sci 628, 200–208.
Harland, N.J., Georgieff, K. (2003). Development of the Coping

Strategies Questionnaire 24, a clinically utilitarian version of the

coping strategies questionnaire. Rehab Psychol 48, 296–300.
Imai, K., Keele, L., Yamamoto, T. (2010). Identification, inference

and sensitivity analysis for causal mediation effects. Stat Sci 25, 51–
75.

Imai, K., Jo, B., Stuart, E.A. (2011). Commentary: Using potential

outcomes to understand causal mediation analysis. Multivar Behav Res

46, 861–873.
Jellema, P., van der Windt, D.A., van der Horst, H.E., Blankenstein,

A.H., Bouter, L.M., Stalman, W.A. (2005a). Why is a treatment

aimed at psychosocial factors not effective in patients with (sub)acute

low back pain? Pain 118, 350–359.
Jellema, P., van der Windt, D.A., van der Horst, H.E., Twisk, J.W.,

Stalman, W.A., Bouter, L.M. (2005b). Should treatment of (sub)acute

low back pain be aimed at psychosocial prognostic factors? Cluster

randomised clinical trial in general practice. BMJ 331, 84.

Kazdin, A.E. (2007). Mediators and mechanisms of change in

psychotherapy research. Annu Rev Clin Psychol 3, 1–27.
Kent, P., Kjaer, P. (2012). The efficacy of targeted interventions for

modifiable psychosocial risk factors of persistent nonspecific low back

pain – A systematic review. Man Ther 17, 385–401.
Kline, R.B. (2015). The mediation myth. Basic Appl Soc Psychol 37, 202–

213.

MacKinnon, D.P., Pirlott, A.G. (2015). Statistical approaches for

enhancing causal interpretation of the M to Y relation in mediation

analysis. Pers Soc Psychol Rev 19, 30–43.
MacKinnon, D.P., Fairchild, A.J., Fritz, M.S. (2007). Mediation analysis.

Annu Rev Psychol 58, 593–614.
Mathieu, J.E., Taylor, S.R. (2006). Clarifying conditions and decision

points for mediational type inferences in organizational behavior. J

Organ Behav 27, 1031–1056.
Mathieu, J.E., DeShon, R.P., Bergh, D.D. (2008). Mediational

inferences in organizational research: Then, now, and beyond. Organ

Res Methods 11, 203–223.
Murphy, R., Cooper, Z., Hollon, S.D., Fairburn, C.G. (2009). How do

psychological treatments work? Investigating mediators of change.

Behav Res Ther 47, 1–5.
Muth�en, B., Asparouhov, T. (2015). Causal effects in mediation

modeling: An introduction with applications to latent variables. Struct

Eq Model Multi J 22, 12–23.
Pearl, J. (2001). Direct and indirect effects. Proceedings of the Seventeenth

Conference on Uncertainty in Artificial Intelligence, pp. 411–420.

© 2016 The Authors. European Journal of Pain published by John Wiley & Sons Ltd on behalf of Eur J Pain 21 (2017) 614--622 621
European Pain Federation - EFIC�.

R. Whittle et al. Applying mediation methods to clinical trial data



Pincus, T., McCracken, L.M. (2013). Psychological factors and treatment

opportunities in low back pain. Best Pract Res Clin Rheumatol 27, 625–635.
Preacher, K.J. (2015). Advances in mediation analysis: A survey and

synthesis of new developments. Annu Rev Psychol 66, 825–852.
Preacher, K.J., Hayes, A.F. (2004). SPSS and SAS procedures for

estimating indirect effects in simple mediation models. Behav Res

Methods Instrum Comput 36, 717–731.
Roesch, S.C., Norman, G.J., Adams, M.A., Kerr, J., Sallis, J.F., Ryan, S.,

Calfas, K.J., Patrick, K. (2009). Latent growth curve modeling of

adolescent physical activity: Testing parallel process and mediation

models. J Health Psychol 14, 313–325.
Roland, M., Morris, R. (1983). A study of the natural history of back

pain. Part I: Development of a reliable and sensitive measure of

disability in low-back pain. Spine 8, 141–144.
Shadish, W.R., Cook, T.D., Campbell, D.T. (2002). Experimental and Quasi-

Experimental Designs for Generalized Causal Inference (Houghton: Mifflin).

Terluin, B., van Marwijk, H.W., Ader, H.J., de Vet, H.C., Penninx,

B.W., Hermens, M.L., van Boeijen, C.A., van Balkom, A.J., van der

Klink, J.J., Stalman, W.A. (2006). The Four-Dimensional Symptom

Questionnaire (4DSQ): A validation study of a multidimensional self-

report questionnaire to assess distress, depression, anxiety and

somatization. BMC Psychiatry 6, 34.

Thorn, B.E., Burns, J.W. (2011). Common and specific treatment

mechanisms in psychosocial pain interventions: The need for a new

research agenda. Pain 152, 705–706.
Valeri, L. (2012) Statistical Methods for Causal Mediation Analysis. A

dissertation presented to The Department of Biostatistics in partial

fulfilment of the requirements for the degree of Doctor of Philosophy

in the subject of Biostatistics: Harvard University.

Valeri, L., Vanderweele, T.J. (2013). Mediation analysis allowing for

exposure-mediator interactions and causal interpretation: Theoretical

assumptions and implementation with SAS and SPSS macros. Psychol

Methods 18, 137–150.
Vlaeyen, J.W., Crombez, G. (1999). Fear of movement/(re)injury,

avoidance and pain disability in chronic low back pain patients. Man

Ther 4, 187–195.
Vlaeyen, J.W., Linton, S.J. (2012). Fear-avoidance model of chronic

musculoskeletal pain: 12 years on. Pain 153, 1144–1147.
Vlaeyen, J.W., Morley, S. (2005). Cognitive-behavioral treatments for

chronic pain: What works for whom? Clin J Pain 21, 1–8.
Waddell, G., Newton, M., Henderson, I., Somerville, D., Main, C.J.

(1993). A Fear-Avoidance Beliefs Questionnaire (FABQ) and the role

of fear-avoidance beliefs in chronic low back pain and disability. Pain

52, 157–168.

622 Eur J Pain 21 (2017) 614--622 © 2016 The Authors. European Journal of Pain published by John Wiley & Sons Ltd on behalf of

European Pain Federation - EFIC�.

Applying mediation methods to clinical trial data R. Whittle et al.


