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Abstract

Objective: To devise more-effective physical activity interventions, the mediating mechanisms yielding behavioral change need to be
identified. The Baron—Kenny method is most commonly used, but has low statistical power and may not identify mechanisms of behavioral
change in small-to-medium size studies. More powerful statistical tests are available.

Study Design and Setting: Inactive adults (N = 52) were randomized to either a print or a print-plus-telephone intervention. Walking
and exercise-related social support were assessed at baseline, after the intervention, and 4 weeks later. The Baron—Kenny and three alter-
native methods of mediational analysis (Freedman—Schatzkin; MacKinnon et al.; bootstrap method) were used to examine the effects of

social support on initial behavior change and maintenance.

Results: A significant mediational effect of social support on initial behavior change was indicated by the MacKinnon et al., bootstrap,
and, marginally, Freedman—Schatzkin methods, but not by the Baron—Kenny method. No significant mediational effect of social support on

maintenance of walking was found.

Conclusions: Methodologically rigorous intervention studies to identify mediators of change in physical activity are costly and labor
intensive, and may not be feasible with large samples. The use of statistically powerful tests of mediational effects in small-scale studies can
inform the development of more effective interventions. © 2006 Elsevier Inc. All rights reserved.
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1. Introduction

To improve the effectiveness of physical activity inter-
ventions, there is the need to identify how (analysis of me-
diators), for whom (analysis of personal moderators), and
under what circumstances (analysis of situational modera-
tors) they can lead to increases in physical activity [1].
As well as improving the understanding of key elements
in interventions, such research can also help clarify the gen-
eral causal mechanisms underlying behavioral change [2].

Research on the mediators of physical activity behavior
change has yielded an inconsistent pattern of findings [3,4].
These inconsistencies may in part be due to differences in
the statistical power of studies on mediational effects [5].
To find a statistically significant mediational effect (if any
exist), intervention studies must (a) produce sizable
changes on the hypothesized mediators and outcomes, (b)
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be based on a sufficiently large sample size, and (c) make
use of statistical methods capable of detecting a mediational
effect of a specific magnitude for a given sample size.

Exercise-related social support from family and friends
is a factor associated with being more likely to be physi-
cally active [6,7]. To date, however, only a small number
of studies have examined the mediational effect of social
support on changes in physical activity behavior, using
a randomized controlled trial design. This is the recommen-
ded methodological framework for testing hypothetical me-
diators of behavior change [2]. Of these studies, those with
a sample size >250 fully or partially supported the exis-
tence of a mediational effect [8—-10] and those with <150
participants failed to do so [11,12]. Given that smaller-scale
trials typically found small-to-moderate positive associa-
tions between the intervention, social support, and physical
activity behavior (1%—-12% of common variance), it is pos-
sible that their failure to identify social support as a signif-
icant mediator of changes in physical activity was partly
due to a lack of statistical power.
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2. Methods of mediational analysis
2.1. The Baron—Kenny causal steps approach

Currently, in the physical activity behavior domain, the
most commonly used method of mediational analysis is
the Baron—Kenny [13] causal steps approach, which spec-
ifies a series of tests of the links in a causal chain
(Fig. 1) [1,3,14]. This approach requires four conclusions
for mediation which, if applied for example to a study on
the effects of social support in an intervention to influence
walking, would read:

1. ©: The intervention is associated with changes in the
outcome (walking).

2. a: The intervention is associated with changes in the
hypothesized mediator (social support).

3. B: Changes in the mediator (social support) are asso-
ciated with changes in the outcome (walking) after
controlling for the intervention.

4. 7v': When controlling for the effect of the intervention
on the mediator (social support) and the effect of the
mediator (social support) on the outcome (walking),
a previously significant relationship between the in-
tervention, T, and the outcome (walking) is attenuated
or no longer significant.

Despite its widespread use and obvious utility, the
Baron—Kenny method has some limitations [5]. For in-
stance, it does not provide a direct estimate of the size of
the indirect (mediated) effect of the intervention on the out-
come, which is needed for the meta-analysis of the sum-
mary statistics of mediational tests. Additionally, the
Baron—Kenny approach has low statistical power in studies
with a relatively small sample size (e.g., N < 50), even in
the presence of large mediational effect sizes (explaining
>25% of the outcome variance, as defined by Cohen
[15]). A recent simulation study comparing 14 methods
for testing the statistical significance of mediational effects
found that, under these conditions (small sample size and
large effect size), the Baron—Kenny approach attained as

Type of intervention

low a power as .47, and some other methods of mediational
analysis showed an acceptable power of .80 or higher [5].

One of the reasons why the Baron—Kenny approach has
lower statistical power relates to its requirement that a sig-
nificant overall effect of the intervention on the outcome (7;
Fig. 1) be demonstrated. This requirement is likely to be
met if the effect size of the intervention is moderate to large
and the samples sizes are moderate to large (N > 100) [16].
Public health intervention studies on physical activity are
most often conducted in the participants’ natural environ-
ment. These are relatively uncontrolled settings, in which
a considerable number of factors can interact with the inter-
vention. Thus, the effect of the intervention on changes in
physical activity behavior is likely to be, at best, small to
moderate in size (explaining approximately up to 13% of
the outcome variance). Recent reviews and studies indicate
that this is often the case [4,17]. Hence, it can be expected
that small- to moderate-scale studies adopting the Baron—
Kenny approach may fail to detect as statistically signifi-
cant a mediational effect on physical activity behavior that
would be of practical importance.

The need for testing the association between the inter-
vention conditions and the outcome (T) to determine a me-
diational effect has been recently questioned by several
methodologists [16,18]. Shrout and Bolger [16] suggest that
this step in the analysis be avoided when temporally distal
(i.e., long-term) rather than temporally proximal (short-
term) mediation processes are examined. In fact, with an
increase of the interval between an intervention and the as-
sessment of behavior change the size of the effect typically
gets smaller. This is due to an increase in likelihood that
a behavior change will be (a) mediated by other mecha-
nisms; (b) affected by competing causes; and/or (c) affected
by random factors.

2.2. More powerful methods of mediational analysis

Researchers in the field of physical activity and health
often seem to be unaware of the existence of an array of
methods of mediational analysis that are far more powerful
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Fig. 1. Path diagram for the analysis of the mediational effect of social support on changes in walking behavior.
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than the Baron—Kenny method. For instance, in a simulation
study, Freedman and Schatzkin’s [19] and Clogg et al.’s
[20] difference-in-coefficients tests, and two product-of-
coefficients tests by MacKinnon et al. [21] (one based on
the distribution of the product of two standard normal vari-
ables z,zp, the other based on the empirical distribution of
ap/o,p) were found to be the most powerful methods for
testing mediating effects [5]. The power of these methods
was particularly emphasized in cases when the sample size
was small (N =< 50) and the population values of o and
B (Fig. 1) were low to medium in size. Additionally, these
methods yielded accurate type I error rates when both o and
B were zero. For the present study, we applied the Freed-
man-Schatzkin difference-in-coefficients test [19] and the
MacKinnon et al. product-of-coefficients test [21] based
on the empirical distribution of ap/c,p, because they have
been shown to statistically outperform other methods
within their own category [5].

The Freedman—Schatzkin difference-in-coefficients test
assesses a mediating effect by comparing the relation be-
tween the independent variable (the intervention) and the
dependent variable (e.g., walking) before and after adjust-
ment for the mediator (e.g., social support). In other words,
it tests the null hypothesis that the difference between the
unadjusted and adjusted regression coefficients of the inde-
pendent variable (t — ') is zero (Fig. 1). In contrast, the
MacKinnon et al. product-of-coefficients test assesses the
statistical significance of a mediational effect by dividing
the product of the coefficients o and B by its standard error.
The obtained value is then compared to an empirical ()
distribution. Notably, the MacKinnon et al. test does not
suffer from lack of power, as do more traditional product-
of-coefficients tests; this is because these tests use a stan-
dard normal distribution to assess the statistical significance
of the observed mediational effect, although the distribution
of the product of regression coefficients o and B is usually
asymmetric with high kurtosis [22].

The MacKinnon et al. and Freedman—Schatzkin’s tests
are conceptually and algebraically equivalent. They test
the same null hypothesis, that the moderating effect is
not significantly different from zero, and produce the same
estimates of mediational effect for ordinary least-square re-
gressions [23]. As we have already noted, however, they
use a different statistic for testing the statistical signifi-
cance of the estimate. In the MacKinnon et al. [5] simula-
tions, with respect to statistical accuracy Freedman and
Schatzkin’s approach differed from the MacKinnon et al.
test in that it had higher type I error rates when the popu-
lation o was zero and B was nonzero; the opposite was true
when o was nonzero and B was zero. The Freedman-—
Schatzkin test produced acceptable type I error rates when
the population o was nonzero and 3 was zero, but the error
rates associated with the MacKinnon et al. test were still
relatively high when a was zero and B was nonzero (0.14
for small effect sizes to 0.35 for large effect sizes). Conse-
quently, caution is advised in using the MacKinnon et al.

test when only the estimate of B is found to be statistically
significant.

2.3. Bootstrap product-of-coefficients test

As noted earlier, most product-of-coefficients tests suffer
from alack of power due to their notably skewed distributions
[5]. MacKinnon and colleagues efficiently circumvented this
problem by providing an empirical (z') distribution of the ra-
tio of the product of the coefficients o and 8 and its standard
error [5]. An alternative method would be to use bootstrap
procedures [16]. Bootstrap methods are appropriate for small
sample sizes when data are nonnormally distributed. In con-
trast to parametric inferential statistics, which rely on the
usually unverifiable assumption of normality of a sampling
distribution and a readily available formula to calculate the
parameters of the distribution, the bootstrap method attempts
to estimate sampling distributions for statistical estimators
empirically [24]. This is done by using information drawn
from the sample of observations used to estimate the statisti-
cal model in the first place. Data from the original sample are
assumed to be the total population of responses, and the boot-
strap program repeatedly randomly redraws a large number
of samples (named bootstrap samples) from this pseudo-
population, with replacement. At the conclusion of the boot-
strap sampling, the average parameter estimates (in this case,
the product of the coefficients o and ), the bootstrapped es-
timate of the standard error (which is the standard deviation
of the parameter estimates computed across the bootstrap
samples), and 95% percentile confidence intervals of the
mean parameter estimates are computed across bootstrap
samples. [16]

2.4. A real-data example of mediational analysis in
small randomized controlled trials

Telephone-delivered interventions to increase physical
activity have been identified as a potentially sustainable, ac-
cessible, and cost-effective intervention modality [25] that
may, in some instances, be more efficient and effective than
are print or face-to-face interventions [4]. Our main objec-
tive was to provide, using a telephone-delivered interven-
tion as a case in point, a typical example of a low-power
study of mediational effects characterized by a small sam-
ple size, an expected small-to-moderate effect size and
many missing data. Additionally, although the authors do
not maintain that social support is the only mediator of
change in walking behavior, for simplicity, the analysis
was limited to this single mediator.

To exemplify how to conduct statistically powerful
mediational analyses, the Baron—Kenny, Freedman—
Schatzkin, MacKinnon et al., and bootstrap methods were
used on the data from our small-scale, telephone-delivered
intervention trial looking at the mediational effects of social
support on initial changes in and maintenance of walking
behavior. It was predicted that the Freedman—Schatzkin,
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MacKinnon et al., and bootstrap methods would be able to
detect any small-to-moderate mediating effect of social
support on walking, but the Baron—Kenny method would
not do so.

3. Methods
3.1. Participants

The study was aimed at recruiting inactive adults aged
=45 years. Fifty-two middle-aged to older adults (18
men and 48 women, aged 45-78 years) who identified
themselves as physically underactive (i.e., not regularly
physically active for >120 minutes a week) participated
in the study. Participants were recruited via newspaper ad-
vertisements, a radio talk show, and word of mouth at two
research sites (Melbourne and Brisbane, Australia). Ethics
approval for this study was granted by the ethics commit-
tees of Deakin University and the University of Queens-
land. All participants were screened to ensure they had
no limiting health conditions and provided their informed
consent to be involved in the study.

3.2. Measures

Self-report measures were used to assess demographics,
physical activity behavior, and perceived exercise-related
social support from family and friends. Demographic char-
acteristics such as age, gender, ethnicity, marital status, ed-
ucational attainment, employment status, height, and
weight were also assessed.

The Community Healthy Activities Model Program for
Seniors (CHAMPS [26]) was used as the source of data
on walking behavior. CHAMPS asks the participants to re-
port the past 4-week frequency and duration of specific
high-, moderate-, and low-intensity physical activities that
older adults usually participate in. This instrument has been
shown to be reliable, valid, and sensitive to change over
time [26]. Given that walking has been shown to be the
most common and feasible form of physical activity in
middle-aged and older adults [27], only the four walking-
related items of the CHAMPS were analyzed.

Perceived social support from friends and family was
measured using a previously validated 13-item social sup-
port scale designed by Sallis and colleagues [28]. Partici-
pants rated how often over the last 3 months their family
or friends had encouraged physical activity behavior, based
on a five-point scale ranging from 1 (none) to 5 (very
often).

3.3. Procedures

This study was an extension of the Community and
Health Advice by Telephone study [4]. It was based on both
social cognitive theory [29] and the transtheoretical model
of behavior change [30]. In mid-2002, participants attended

an initial interview during which they completed all study
measures and were randomized to either the print or
print-plus-telephone intervention. The participants in the
print-plus-telephone intervention group nominated their
preferred times of day for receiving telephone calls. Data
were collected from participants at baseline, from week 1
to week 12 (intervention period), and from week 12 to week
16 (postintervention follow-up period).

Both groups received a counseling session, instructional
newsletters, a pedometer, and weekly activity logs. One of
the aims of the face-to-face counseling session was to de-
velop an individualized physical activity plan that encour-
aged a gradual increase in physical activity frequency,
duration, and intensity toward a goal of 30 minutes or more
of moderate-intensity physical activity on most days of the
week, according to current national physical activity guide-
lines [31]. Instructional newsletters, containing information
on the benefits of physical activity and tips on how to be
active in different weather conditions, were distributed to
both groups at weeks 3 and 16. All participants completed
a weekly activity log on which they recorded type and du-
ration of their physical activity, heart rate while doing phys-
ical activity, rate of perceived exertion, and number of steps
at the end of each day (based on pedometer readings). Par-
ticipants in the print-plus-telephone intervention group ad-
ditionally received six script-based telephone calls by
a trained counselor (weeks 1, 2, 4, 6, 8, and 12). The tele-
phone counselor assessed the participants’ progress toward
their goals and provided individualized encouragement and
help in addressing barriers to increasing physical activity.
At the conclusion of the 12-week intervention (initial
change) and 4 weeks later (week 16; maintenance), the par-
ticipants were reassessed on the CHAMPS and the social
support measure.

3.4. Data analyses

A composite variable for walking was created by sum-
ming the scores on the four walking-related items of the
CHAMPS and assessed total weekly amount of walking.
A total score for social support was computed by summing
the scores on all the items of the social support scale to give
a possible score ranging from 23 to 115. The Shapiro—Wilk
test and normal probability plots were used to verify
whether the examined variables were normally distributed.
Between-group differences in age and baseline values of
social support and walking were analyzed with r-tests for
independent samples. To assess the mediating effects of so-
cial support on walking behavior change, the Baron—Kenny,
Freedman—Schatzkin, MacKinnon et al., and bootstrap
methods were used.

Two sets of mediational analyses were conducted. The
first assessed whether social support was a mediator of
initial change in walking (12 weeks); the second, whether
social support was a mediator of maintenance of walking
behavior 4 weeks after the intervention (follow-up period).
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For each mediational analysis, three multiple regression
models were constructed.

The first regression model looked at the impact of the in-
tervention condition on the residualized change score for
walking after controlling for significant covariates. Here,
the residualized change score was the postintervention
score (whether after completion of the intervention or after
the 4-week follow-up period) adjusted for the preinterven-
tion score (i.e., the baseline score), and represented the de-
gree to which an individual’s specific behavior increased
more than would be expected given his/her initial status.
The first regression model provided an estimate for T (rela-
tion between intervention condition and change in walking
before adjusting for the mediator), which was needed to
conduct the Baron—Kenny and Freedman—Schatzkin’s me-
diational tests (Fig. 1).

The second regression model assessed the impact of the
intervention condition on the residual change scores for so-
cial support after controlling for significant covariates. This
model provided an estimate for o (relation between interven-
tion condition and change in social support), needed in the
Baron—Kenny and MacKinnon et al. mediational tests.

The third model analyzed the effect of the intervention
condition on residualized change scores for walking after
controlling for significant covariates and residualized change
scores for social support (estimate of 7, used in the Freed-
man—Schatzkin’s method, representing the independent ef-
fect of the intervention condition on changes in walking).
At the same time, this model estimated the effect of the
change in social support (residualized change scores) on
changes in walking (residualized change scores) after
controlling for significant covariates and the effect of inter-
vention conditions (estimate of 3, used in the Baron—Kenny
and MacKinnon et al. methods, representing the independent
effect of change in social support on changes in walking).
The equations used to compute the standard errors of the
mediating effects, according to the Freedman—Schatzkin
and MacKinnon et al. methods, are given in the Appendix.

The postintervention social support score adjusted for
the baseline social support score was used for the media-
tional analyses of both initial change and maintenance of
walking. This made it possible to determine whether the
change in the mediator (social support) preceded a change
in the outcome (walking), as suggested by Kraemer et al.
[2]. In fact, operationally, for a factor to be considered a me-
diator in the relationship between an intervention condition
and the outcome of interest, temporal precedence of
changes in the mediator with respect to changes in the out-
come needs to be documented.

Out of 52 participants, 27 (14 from the print and 13 from
the telephone group) had incomplete data on at least one of
the variables entered in the analysis of the mediational ef-
fects on maintenance of walking, and 22 participants (12
from the print and 10 from the telephone group) had miss-
ing data on at least one of the variables used for the analysis
of the mediational effects on postintervention walking. To

account for this problem, multiple regression analyses were
conducted using Amos [32], a structural-equation modeling
program, which uses full information maximum likelihood
(FIML) to generate estimates of the missing values [33,34].
The FIML method has been shown to produce parameter
estimates that are both consistent and efficient when data
are missing at random [35]. This method has also been
shown to outperform other simpler methods even when data
have nonignorable missingness (i.e., the probability that
a response is missing is related to the values of the outcome
variable) [33], the sample size is small (N = 50) [35], and
there are <50% of missing data [36]. In the present study,
no significant associations between missingness patterns of
social support and walking and other variables (e.g., sex,
age, intervention condition) were observed. Hence, the data
were assumed to be, at least, missing at random.

To perform a bootstrap product-of-coefficients test (pro-
duct of the coefficients o and B), we created 1,000 bootstrap
samples of N = 52 from the original dataset. Estimates of
regression coefficients o and B, and their product, were
computed for each of the bootstrap samples as explained
above (regression model 2 and 3), using the FILM method.
Finally, the mean, standard deviation, and 95% percentile
confidence intervals of the observed products of o and
B were computed across bootstrap samples.

4. Results

Table 1 reports descriptive statistics for all the variables
examined in this study for each intervention group. A sig-
nificant difference in mean age was found between the print
(53.00 years; standard deviation SD = 5.27) and the tele-
phone group (57.64 years; SD = 6.66; #(50) = 2.76; P =
.008). Hence, age was included as a covariate in subsequent
analyses. No significant between-group differences were
found in baseline levels of social support and walking.

The three methods yielded different outcomes in the
analysis of the mediational effect of social support on initial
changes in walking. The Baron—Kenny approach did not
reveal a significant mediational effect, but the MacKinnon

Table 1
Descriptive statistics by intervention group

Print group Telephone group

Variable No. Mean SD No. Mean SD
Gender
Female 21 — — 17 — —
Male 7 — — 7 — —
Age, years 28 57.6 6.7 24 53 5.3
Social support
Baseline 24 453 9.9 18 453 9.7
Post intervention 17 46.5 9.4 16 51.1 14.5
‘Walking
Baseline 25 3.8 2.8 22 3.6 2.4
Post intervention 23 5.3 3.3 20 6.1 2.7
Maintenance 21 5.8 3.8 19 5.6 4
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et al. and bootstrap methods produced a significant result
(Table 2). Similarly, the Freedman—Schatzkin test ap-
proached significance (P = .053). All four methods of me-
diational analysis produced similar results with regard to
the effect of social support on maintenance: they failed to
detect a significant mediational effect of social support on
the maintenance of walking (Table 2).

5. Discussion

These findings are in line with the expected differential
statistical power of the four methods of mediational analy-
sis. The Baron—-Kenny method did not identify a significant
mediational effect of exercise-related social support on ini-
tial change in walking, but the other two methods did. Al-
though we cannot exclude the possibility that the observed
mediational effect was due to chance, it is worth noting that
published intervention studies with a relatively large sam-
ple size (N = 300) found partial or full confirmation of
a significant mediational effect of social support on physi-
cal activity change [8—10] but studies with smaller sample
sizes did not [11,12,35].

Using the Baron—Kenny method, a sample of =500 par-
ticipants appears to be needed to attain adequate statistical
power (=.80) when the size of the mediational effect is
moderate. When the effect size is small, a power as low
as .11 is achieved with a sample of 1,000 participants [5].
In contrast, if the effect is moderate, the two alternative
methods of mediational analysis presented here can achieve
acceptable statistical power with samples of as few as
50-100 participants.

Table 2

Recruiting a sufficient number of participants to achieve
adequate power for mediational analysis has practical lim-
itations. Physical activity intervention studies usually last
for several weeks or months [14,37], and the level of com-
mitment required from participants is high. This is particu-
larly so for methodologically rigorous investigations in
which demands are made of participants in order to control
for potential threats to validity. There is the need to mini-
mize the risk of failing to identify significant mechanisms
leading to changes in physical activity behavior due to in-
sufficient sample size. One of the ways in which this can
be accomplished is by using statistical methods with max-
imal power to detect mediational effects. The empirical ev-
idence derived from such studies could be further analyzed
by conducting meta-analyses of the summary statistics of
mediational tests (estimated effect sizes and their standard-
ized errors).

We acknowledge that the MacKinnon et al., Freedman—
Schatzkin, and bootstrap methods are not the only methods
that have been shown to perform well with small samples.
Other statistical tests of mediational effects are also avail-
able, some of which have accurate type I error rates in all
conditions and have acceptable statistical power when both
the mediational effect and the sample are moderate in size
[5]. Among these, the joint significance test of a and B is
highly recommended for its accuracy and power [5]. In this
variant of the causal steps approach, a significant media-
tional effect is demonstrated when separate tests for each
path in the effect are jointly significant. As such, this
method provides the most direct test of the simultaneous
null hypothesis that path o and B (Fig. 1) are both equal

Summary of analyses of mediational effect of social support on initial change and maintenance of walking behavior

Mediational test Parameter estimates

Baron—Kenny test [13]

Parameter T(SE) 1 (50)
Initial change 0.96 (0.85) 1.13
Maintenance 1.43 (1.15) 1.24
Freedman—Schatzkin [19] test - -
Parameter T(SE) 7 (SE)
Initial change 0.96 (0.85) 0.50 (0.90)
Maintenance 1.43 (1.15) 1.37 (1.24)
MacKinnon et al. [21] test - -
Parameter a.(SE) B (SE)
Initial change 6.79 (3.42) 0.07 (0.05)
Maintenance 6.79 (3.42) 0.01 (0.07)

Bootstrap test
Parameter — —
Initial change — —
Maintenance — —

P — —
26 — —
22 — —
% — 7 (SE) 1 (50) P
0.47 (0.24) 1.98 0.053
0.06 (0.33) 0.18 0.858
ap(SD) Z P
0.47 (0.41) 1.144 ~0.020°
0.06 (0.49) 0.125 ~0.700°
Mean @B (SD) 95% PCI —
0.50 (0.39) 0.001, 1.461 —
0.08 (0.50) —0.960, 1.146 —

Abbreviations and variables: PCI, percentile confidence interval; S/]\D, estimate of standard deviation of parameter; S/]\E, estimate of standard error of pa-
rameter; P, probability level, ¢, t-ratio; o, EURC of intervention condition on residualized change score for social support; E EURC of change in social
support on residualized change score for walking; aB, the MacKinnon et al. estimate of mediational effect; T, estimate of unstandardized regression coef-
ficient (EURC) of intervention condition on residualized change score for walking; ©’, EURC on residualized change score for walking after controlling for

social support; T — *?’, Freedman—Schatzkin’s estimate of mediational effect.

? Inappropriate to assess other causal steps because step 1 was not significant.

® Only approximate P-levels are available for 7.
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to zero. It is argued that that this method tests all necessary
and sufficient conditions to define a mediator [38].

From a conceptual point of view, the main difference be-
tween the joint significance test of o and B and the Baron—
Kenny causal steps approach pertains to the requirement of
demonstrating a significant overall effect of the intervention
on the outcome variable. It is argued that the analysis of
mediators does not need testing for a significant overall ef-
fect of the intervention on the outcome [2,5,16]. In fact, this
requirement excludes the possibility of an interaction effect
of the intervention and mediator on the outcome [2] and the
existence of inconsistent mediational effects (suppression),
in which the indirect effect and the direct effect of an inter-
vention may cancel out [39].

Although choosing a method of mediational analysis is
likely to depend more on the conceptual framework adop-
ted than on the expected size of mediational effect and
number of participants in the study, researchers should keep
in mind the existence, statistical performance, and concep-
tual basis of various procedures. None of the methods pre-
sented or mentioned here can, on their own, provide
irrefutable evidence of a causal process through which an
intervention produces an outcome. They demonstrate only
that the causal processes specified by the hypothesized
model are consistent with the data. Stronger causal infer-
ence can be achieved through carefully planned studies
and designs in which both the intervention and the mediator
are manipulated in a randomized experiment [5,40].

6. Conclusions

Randomized controlled trials are the optimal context in
which mediational influences can be assessed, but it is
costly and challenging to conduct a sufficiently large and
methodologically rigorous experimental study capable of
detecting the presence of mediational effects. Small-sample
intervention studies using statistically powerful methods
can contribute to the identification of important mediators
of behavior change. Although the findings of a single
well-controlled, small-sample study cannot be conclusive,
a meta-analysis of the empirical evidence accumulated
across a series of such studies can lead to confidence in
the existence of a mediational effect on physical activity.
This accumulated evidence can be used to guide the devel-
opment of potentially more-effective interventions.
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Appendix

Freedman and Schatzkin’s [17] difference-in-coeffi-
cients test assesses the null hypothesis that the difference
between the unadjusted and adjusted regression coefficients
of the independent variable (t — ') is zero and is tested us-
ing the estimate of the standard error of T — 7'(Fig. 1):

~ _ ~2 ~2 ~ o~ ~2
c= \/(ST-F 0, =200/ 1 =Py,

where | p/X;I |is the absolute value of the correlation between
the independent variable and the mediator. The significance
test of the mediating effect is computed by dividing
7 —7'by the standard error and comparing the obtained
value to a ¢ distribution with N — 2 degrees of freedom.

One variant of the MacKinnon et al. [18] product-of-co-
efficients test assesses the significance of the mediating ef-
fect by dividing its estimate (the product of the coefficients
a and B), by its standard error, which is equal to:

where G,and SBare the standard errors of o and 3, respec-
tively (Fig. 1). The ratio of the mediating effect to its stan-
dard error is then compared to the critical value of the
MacKinnon et al. [18] empirical 7' distribution (http://
www.public.asu.edu/~davidpm/ripl/freqdist.pdf).
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