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Abstract

Objective: Self-efficacy expectations are associated with improvements in problematic outcomes
widely considered clinically significant (i.e., emotional distress, fatigue, pain), related to positive
health behaviors, and, as a type of personal agency, inherently valuable. Self-efficacy expectancies,
estimates of confidence to execute behaviors, are important in that changes in self-efficacy
expectations are positively related to future behaviors that promote health and well-being. The
current meta-analysis investigated the impact of psychological interventions on self-efficacy
expectations for a variety of health behaviors among cancer patients.

Methods: Ovid Medline, PsycINFO, CINAHL, EMBASE, Cochrane Library, and Web of
Science were searched with specific search terms for identifying randomized controlled trials
(RCTs) that focused on psychologically-based interventions. Included studies had: 1) an adult
cancer sample, 2) a self-efficacy expectation measure of specific behaviors and 3) an RCT design.
Standard screening and reliability procedures were used for selecting and coding studies. Coding
included theoretically informed moderator variables.

Results: Across 79 RCTs, 223 effect sizes, and 8678 participants, the weighted average effect of
self-efficacy expectations was estimated as g=0.274 (p<.001). Consistent with Self-Efficacy
Theory, the average effect for in-person intervention delivery (g=0.329) was significantly greater
than for all other formats (g=0.154, p=.023; e.g., audiovisual, print, telephone, web/internet).

Conclusions: The results establish the impact of psychological interventions on self-efficacy
expectations as comparable in effect size to commonly reported outcomes (distress, fatigue, pain).
Additionally, the result that in-person interventions achieved the largest effect is supported by
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Social Learning Theory and could inform research related to the development and evaluation of
interventions.
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Introduction

Meta-analytic reviews of psychological interventions for cancer patients have focused on
emotional distress (1, 2), fatigue (3), and pain (4). These reviews and others like them reflect
the fact that such problems are very common in cancer patients. Current estimates of
clinically relevant emotional distress in cancer patients put the rate at 20% to 50%, well
above the estimated rate of 10% of the general population experiencing depression and
anxiety (5, 6, 7). In addition, it is widely accepted that fatigue and pain are among the most
common and debilitating symptoms experienced by cancer patients (8). If untreated, these
symptoms could impair ongoing adherence to medical advice and regimens, diet and
physical activity recommendations, work activity, help-seeking, and quality of life.

The extent of the meta-analytic work on distress, pain, and fatigue reflects not only cancer
patients’ increased risk for emotional distress (1, 3, 9, 10, 11, 12, 13, 14), fatigue and pain
(4), but also the development of many short-term treatments to mitigate those negative
outcomes. However, comparatively little attention has been given to strategic variables and
mechanisms that can enhance adjustment throughout the continuum of cancer care, optimize
outcomes and promote resilience in the course of treatment and after (15). For example,
constructs such as self-efficacy, positive affect, and meaning and purpose represent domains
of human functioning that serve as mechanisms that affect outcomes such as emotional
distress, fatigue and pain (16) and resources that facilitate improvement in quality of life.
Moreover, these constructs are patient-reported outcomes that are inherently meaningful,
valued by patients in their own right, used by patients to describe their functioning, and as
such, critical to patient-centered care and quality of life. Thus, it is important, and
complementary to other existing meta-analyses, to document the impact of interventions on
positive variables, which are building blocks in an affirmative adjustment to cancer and help
promote and sustain quality of life outcomes.

Generally, past meta-analyses of interventions that focused on addressing problems (e.g.,
decreasing symptoms) have provided significant support for their impact on outcomes with
effect sizes in the small to medium range (Cohen’s d=0.2 to 0.5). For example, the average
effect of psychological interventions on depression was d =.43 (1). For the reduction of self-
reported fatigue, the results were very similar whether the intervention for fatigue was
psychologically based (d=.27) or exercise based (d =.30) (3). In another systematic review,
exercise was highly effective in decreasing fatigue up to 12 weeks post-treatment (d =—0.82;
95% CI -1.50 to —0.14), with effects that were reduced but retained in a 12 week to 6-month
follow-up period (d =-0.42; 95% CI —-0.02 to -0.83; 2). For reduction of pain severity (4),
the overall impact of intervention (e.qg., skills training, educational, individual counseling)
versus control conditions had an estimated average effect size of d=.34. Similarly, with
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regard to a reduction of pain interference relative to control conditions, the average effect
was medium (d =-.40; 4). Although less effective, exercise interventions reduced pain
relative to control conditions (d = —0.29; 95% CI —0.55 to —0.04; (2). In summary, the
results for emotional distress, fatigue, and pain provide support for psychological treatments
as one form of intervention that may help patients improve problematic symptoms. However,
these studies do not establish which skills or personal resources are being built-up or
reinforced, and in what way those resources assist patients to confront the challenges of
cancer, its treatments, and the residual effects that may influence post-treatment adjustment
or advanced cancer care. The current meta-analysis focuses on personal agency (i.e., self-
efficacy expectations) as a positive resource in the context of psychologically-based
interventions for persons with cancer.

Positive, skill-based resources fall under the general rubrics of autonomy, self-determination
(17), self-regulation (18), and self-efficacy (19). Peoples’ beliefs and expectations about
their ability to exercise control or mastery over their behaviors represent underlying and
central mechanisms of human agency and personal efficacy (17-19). Self-efficacy
expectations are precursors to improved outcomes in many chronic conditions such as
rheumatoid arthritis (20), cardiac conditions (21) and stroke (22). In the context of cancer,
patients with higher levels of self-efficacy expectations are better able to manage challenges
associated with cancer and report a higher quality of life and greater disease-adjustment (23,
24, 25, 26, 27) than those who have low self-efficacy. Self-efficacy, which is a part of
general Social Learning Theory, promotes progress in resolving cancer patients’ emotional
distress and fosters skills in symptom management, the primary outcomes for interventions
(19, 28, 29, 30). That is, self-efficacy expectations are associated with improvements in
problematic outcomes already widely considered clinically significant. In summary, because
of the relationship of self-efficacy expectations to improvements in problematic behaviors,
its relationship to positive health behaviors (31), and the value that people place on a sense
of control and personal agency in certain domains of their lives (17-19), self-efficacy is, in
addition to a catalyst for positive outcomes, itself an independently important positive
outcome.

In contrast to other meta-analyses that are generally atheoretical, a meta-analysis of self-
efficacy outcomes allows the use of theory (i.e., Self-Efficacy and Social Learning Theory)
to guide hypothesis generation. That is, certain components or features of interventions (32)
that are consistent with Self-Efficacy Theory may foster greater gains in outcomes compared
to those that are not consistent with the theory. Thus, we hypothesize that “in person”, face-
to-face interventions would be more effective than those that are delivered via other formats
(e.9., audiovisual, print, telephone, web/internet). Also, we would hypothesize, based on
theory, that group-based interventions would be more effective in enhancing self-efficacy
than individually-based interventions. In both instances, that is in-person and group-based
interventions, the social learning environment as defined by Self-Efficacy Theory, which
involves persuasion, social modeling, and social support, is hypothesized to markedly
enhance outcomes over other formats. In summary, the objectives of this meta-analysis are
to 1) examine the impact of interventions on self-efficacy expectations for cancer patients
through a systematic analysis of RCTs and 2) to test moderators (e.g., group versus
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individual format; in-person versus other formats) that are consistent with Self-Efficacy
Theory in order to investigate optimal formats of delivery.

Method
Search Strategy

For this systematic review, standardized search strategies were applied to 6 electronic
databases (See Table 1 and Supplemental Materials: Ovid Medline, PsycINFO, CINAHL,
EMBASE, Cochrane Library, Web of Science). Controlled search terms specific to each
database were used for RCTs that focused on psychologically-based interventions (e.g.,
psychotherapy, counseling, educational, support, quality of life, depression, anxiety, etc.) for
persons with a cancer diagnosis. The search period covered the earliest publication date
available in each database through January 11, 2017. For the MEDLINE search, we used the
McMaster multi-term filters with the best balance of sensitivity and specificity for retrieving
RCTs (33) and systematic reviews (34). We translated from Ovid to EBSCOhost syntax the
McMaster multi-term filters with best balance of sensitivity and specificity for retrieving
RCTs for PsycINFO (35) and the McMaster highly sensitive filters for retrieving
randomized controlled trials for CINAHL (36). For EMBASE, we translated from Ovid to
embase.com syntax the multi-term EMBASE filter with the best balance of sensitivity and
specificity (36). For Web of Science databases, we used a simplified single-term search
strategy for identifying RCTs (37). In PsycINFO and CINAHL databases, we limited
retrieval to academic journals and dissertations. Published articles were supplemented by
unpublished studies (n=6) requested from professional LISTSERVs (L-Soft International,
Inc., Bethesda, Md) of the Society of Behavioral Medicine (Cancer Special Interest Group),
the American Psychosocial Oncology Society (general membership listserv), the American
Psychological Association, Division 38 (Health Psychology), or, in the case of recent
dissertations, available from ProQuest. Finally, we reached out to 39 study authors to request
missing data. For 16 studies, the authors were unavailable or unresponsive and we excluded
those studies. Of the remaining 23 studies, authors provided data for 15 studies and the
remaining 8 studies had enough data to compute an effect size.

Inclusion and Exclusion Criteria

The goal of selection was to include studies with high quality RCT designs in order to draw
definitive conclusions from the data that were extracted. Studies were chosen if they 1)
included a sample of adults with a diagnosis of cancer (any site/stage), 2) included a self-
efficacy measure related to specific behaviors (e.g., pain, physical activity, coping with
cancer, stress management), and 3) were psychological intervention studies. Studies were
excluded if they 1) included only pediatric samples, 2) included only qualitative
assessments, 3) did not have a self-efficacy measure or included a general measure of self-
efficacy rather than one related to specific behaviors or 4) used a comparative treatment
design with no control group.

Screening Procedures

The review team included two pairs of raters, who had prior experience in conducting meta-
analyses, were well-versed in theory and research in health psychology related to self-
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efficacy, and had PhD degrees in psychology. Using the Covidence platform
(www.covidence.org), each abstract was reviewed by a pair of raters to determine which
articles warranted full review. Studies potentially meeting inclusion criteria were then moved
on to full-text review. Each full-text review was also conducted by a pair of raters; each rater
independently appraised the study and extracted information that was contained in the
coding strategy as well as the outcome data for entry into a database. Discrepancies at all
levels of the review process were resolved by discussion, review, and consensus within pairs
of raters. When full-text articles could not be acquired through the databases that were
searched or the data were not useable (e.g., correlations, regressions), efforts were made to
contact authors for data that would allow for the inclusion of the article as described above.

Coding Strategies

Each RCT study in the final set was coded with respect to: 1) intervention type (cognitive
behavior therapy [CBT], complementary/integrative medicine [CIM], educational, multi-
modal, self-management, social support, psychotherapy, or other); 2) skills-based (active
skill-based training components in the intervention) versus non-skills-based (social support,
information-based, traditional psychotherapy) interventions; 3) intervention focus
(individual, dyad, group); 4) delivery format (in-person, audiovisual, print, telephone, web/
internet); 5) cancer type; 6) cancer stage (early, advanced, mixed); 7) phase in cancer
continuum (pre-treatment, curative treatment, palliative treatment, post-treatment, mixed).
The coding for intervention type was based on the strategy used by Moyer, Sohl, Knapp-
Oliver, and Schneider (38).

Theoretically-Based Moderator Variables

In order to test hypotheses related to Self-Efficacy Theory, two moderators were specifically
targeted for comparisons. Based on Social Learning Theory, which is the larger theoretical
framework for self-efficacy, effectiveness of interventions should be enhanced in a setting in
which the person with cancer is interacting in—person with the provider of the intervention or
other participants. To allow for sufficient power in the moderator analyses, in-person
delivery was contrasted with all other formats (audiovisual, print, telephone, web/internet),
combined. Also, according to Social Learning Theory, group-focused interventions should
be more effective than individually focused in that persuasion, support, and social modeling
are optimized in the group setting. We contrasted group-based interventions with dyadic-
based as well as with individual-based interventions.

Risk of Bias Coding

To describe the potential for risk of bias, we reviewed each article and coded for the
following Cochrane Risk of Bias categories that were relevant: sequence generation,
allocation concealment, attrition, and outcome reporting. For sequence generation and
allocation concealment, we described the method used to generate the allocation sequence so
as to determine whether it should produce comparable groups. We also coded the method
used to conceal the allocation sequence so as to determine whether intervention allocations
could have been foreseen in advance of, or during, enrollment. Outcome reporting was
coded as fully reported, partially reported, or not reported. Attrition numbers were derived
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for the CONSORT study flow diagram. For each category, we used the coded values to
inform an assessment of bias as either low, unclear, or high risk of bias (39).

Effect Size Calculations and Meta-Analytic Procedures

To quantify the effects of interventions on self-efficacy scores, we used Hedge’s g estimate
(40) of the standardized mean differences between treatment and control groups. For the
numerator of the effect size estimate, we used the estimated difference at post-test between
treatment and control groups, adjusted for baseline differences (i.e., change-score adjustment
or regression adjustment). For the denominator of the effect size estimate, we used the
baseline (pre-intervention) standard deviation of the self-efficacy measure, pooled across
groups. We calculated effect size estimates from reported mean and SD estimates by group if
available; otherwise, we used the statistical tests reported to calculate comparable effect size
estimates. Study authors were contacted if available information was insufficient to calculate
an effect size estimate.

An examination of the distribution of raw effect size estimates included in the meta-analysis
revealed several positive outliers. We used Tukey’s (41) definition of outliers as values
below the 1st quartile minus 3 times the inter-quartile range (g < —1.34) or above the 3rd
quartile plus 3 times the interquartile range (g > 1.74). Following Lipsey and Wilson’s (42)
method of winsorizing outliers, a total of four outlying effect size estimates, all from a single
study (43), were re-coded to g=1.74, the upper edge of the outlier boundary.

Many included studies reported intervention effects on multiple measures of self-efficacy
and/or at multiple follow-up times. Effect size estimates for multiple measures or multiple
time points are likely to be correlated because they are based on a common sample, but the
information necessary to estimate the degree of correlation was seldom available from
published sources. For purposes of synthesizing the effect size estimates across the studies,
we used random effects meta-analysis in combination with robust variance estimation
techniques (44) to account for potential dependencies among effect size estimates from
common samples. More specifically, we used a “correlated effects” working model,
assuming a correlation of 0.7, as well as small-sample corrections to standard errors,
hypothesis tests, and confidence intervals (45, 46). To measure the extent of heterogeneity
among the effect sizes, we reported the restricted maximum likelihood estimate of the
between-study standard deviation, denoted as z. We also reported the 12 statistic, which is a
relative measure of the extent to which heterogeneity among true effect sizes contributes to
observed variation in the effect size estimates (47).

To examine differences in effect size across moderating variables, we used random effects
meta-regression models. Following graphical diagnostics, the meta-regression models
allowed for between-study variance components to differ across levels of the moderator
(rather than assuming that the between-study variance was constant). To investigate possible
risks of bias due to incomplete outcome reporting, we examined a funnel plot of effect size
estimates and conducted a modified version of Egger’s regression test for funnel plot
asymmetry. The funnel plot asymmetry test examines the association between the magnitude
of effect size estimates and a measure of their precision. To measure precision, we used the
scaled standard error, calculated as the numerator of the effect size estimate, scaled by the
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denominator of the effect size estimate; this measure was used to avoid artefactual
association between the effect size estimate and its standard error (48). The funnel plot
asymmetry test also used robust variance estimation to account for dependence of effect size
estimates nested within studies. All analyses were conducted using the metafor package (49)
and clubSandwich package (50) for the R statistical computing environment.

Across 79 RCTs, 223 effect sizes, and 8678 participants (Table 2), the weighted average
effect of self-efficacy outcomes was estimated as g = 0.274, 95% CI [0.2015, 0.346], p <.
001. As anticipated, there was substantial heterogeneity of effects across studies, with an
estimated between-study standard deviation of z = 0.242 (12 = 73%). One way of
characterizing this degree of variability is to consider that, if effect sizes are normally
distributed, then about 2/3 of effects should fall within 1 SD of the mean effect. According
to these estimates, 2/3 of true effects should be between 0.032 and 0.516.

Risk-of-bias analyses that were relevant for the type of studies included in this meta-analysis
were conducted to determine the extent to which studies included a random sequence
generation plan, an allocation concealment plan, full outcome reporting, and low levels of
attrition. Table 3 reports the results of a sensitivity analysis examining how study risk-of-
bias affected estimates of the overall average effect size and extent of heterogeneity. The first
row reports the estimated distribution of effect sizes across all included studies. Subsequent
rows report estimates for subsets of studies defined by successively more stringent inclusion
criteria for risk-of-bias. Thus, including only the 61 studies (with 185 effects) that were at
low risk-of-bias for outcome reporting, the overall average effect size estimate was g =
0.284, 95% CI [0.199, 0.368], T = 0.249. Including only the 31 studies (79 effects) that were
also at low risk-of-bias for sequence generation, the overall average effect was slightly lower
(g = 0.218, 95% CI [0.096, 0.340], = = 0.262. Imposing further criteria related to allocation
concealment and attrition resulted in successively smaller pools of studies, but that had very
little influence on the overall average effect size estimate. As a whole, these analyses
indicated that potential risk of bias factors were not predictive of effect magnitude.

To further investigate possible risks of bias due to incomplete outcome reporting, we
examined a funnel plot of effect size estimates and conducted modified versions of Egger’s
regression test for funnel plot asymmetry. Figure 1 displays a funnel plot of effect size
estimates versus scaled standard errors. No asymmetry is visually apparent. The modified
version of Egger’s regression test indicated that there was no conclusive evidence of
asymmetry, with an estimated slope for the scaled standard error of p = 0.107, 95% ClI
[-0.543, 0.757], p = .740. Adjusting for the scaled standard error, the overall average effect
size from a perfectly precise study was estimated as g = 0.220, 95% CI [0.066, 0.374],p =.
008. An alternative approach to examining the consequences of selective reporting is to
include only large studies. Limiting the analytic sample to the 27 studies with sample sizes
of 100 or larger at post-test leads to similar overall effect size estimates (g = 0.253, 95% ClI
[0.135, 0.372], p < .001) and heterogeneity estimates (z = 0.269, 12 = 85%). Thus, using
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techniques to account for the possibility of bias due to selective reporting, the average effect
size remained statistically distinguishable from zero and marginally attenuated in magnitude
relative to the unadjusted effect.

Overarching Moderators

In order to test whether design features were predictive of effect size, general type of
intervention in each RCT (i.e., skills training versus some other form of intervention) and
whether the self-efficacy measure was a primary or secondary outcome were examined.
Interventions focusing primarily on skills training (g = 0.306, 95% CI [0.218, 0.394], k = 58
studies; 171 effects]) were not statistically distinguishable from those that were not primarily
focused on skills training (g = 0.198, 95% CI [0.039, 0.357], k = 23 studies; 52 effects), F(1,
32.6) = 1.4, p=.245. Also, no differences could be distinguished statistically between effect
sizes for studies where the measurement of self-efficacy was primary measure (g = 0.254,
95% CI [0.087, 0.42], k = 21 studies; 56 effects), secondary (g = 0.222, 95% CI [0.069,
0.374], k = 19 studies; 64 effects), or unspecified as either a primary or secondary (g =
0.293, 95% CI [0.194, 0.392], k=41 studies; 103 effects), F(2, 37.6) = .343, p=.712. These
results indicate that the assessment of self-efficacy was not associated with the prioritization
of outcomes nor the overarching type of treatment (i.e., skills training versus other types).
These findings provided evidence in support of not distinguishing studies on the bases of
these design features.

Demographic and Disease Moderator Analyses

Moderator analyses were conducted on demographic (age, sex) and disease variables (cancer
type, phase of treatment). Effect size magnitude was not significantly associated with
average age of the sample (B = — 0.006, 95% CI [-0.016, 0.004], p=.223), nor with the
proportion of females in the sample (B = 0.001, 95% CI [-0.001, 0.003], p=.179), nor with
the number of weeks post-treatment for follow-up assessment (§ = 0.000, 95% CI [-0.003,
0.004], p=.743). There was no statistically distinguishable difference in effects between
studies of breast cancer patients versus studies with all other types of cancer, (breast: g =
0.334, 95% CI [0.228, 0.439], k = 23 studies; 58 effects; other: g = 0.253, 95% CI [0.154,
0.352], k = 54 studies; 158 effects, F(1,52.3) = 1.316, p = .257). Finally, there were no
statistically distinguishable differences between samples with respect to phase in treatment,
[F(2,37.3) = 2.01, p = 0.148] or stage of cancer, [F(2,15.4) = 0.925, p =.418].

Theory-Based Moderator Hypotheses

In terms of hypothesis testing, there were significant differences in intervention formats
[F(1,43) = 5.560, p=0.023]). As hypothesized, the average effect for in-person intervention
delivery (g = 0.329, 95% CI [0.240, 0.418], k=54 studies; 147 effects) was significantly
greater than for all other formats (g=0.154, 95% CI [0.031, 0.277], k=25 studies; 72 effects),
which included online, print media, telephone, and digital media (CDs, DVDs). Contrary to
our hypothesis, there was no significant difference for the focus of the intervention
[F(2,23.5) = 0.754, p=.481]; the effect size for group-based interventions (g = 0.358, 95% ClI
[0.166, 0.551], k = 16 studies; 52 effects) was greater although not significantly distinct
from dyadic-based interventions (g = 0.264, 95% CI [0.049, 0.479], k = 13 studies; 32
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effects), or individual-based interventions (g = 0.235, 95% CI [0.153, 0.317], k = 49 studies;
138 effects).

Type Moderator Analysis

The interventions from 79 studies included in the meta-analysis were classified according to
Moyer et al. (38) as one of the following: CBT, self-management (e.g., self-management of
symptoms, problems and health care), social support, CIM (guided imagery, relaxation,
mindfulness meditation), physical activity, psychotherapy, educational, other (not otherwise
codable), and multimodal (combination of at least two of the other types of interventions).
We found statistically distinguishable differences between these types [F(8, 9.8) =3.37, p=.
039)]. The effects for each type (compared to control conditions) revealed a group with
medium effect sizes (CIM, g = 0.526, k = 6 studies, 14 effects, p = .014; social support, g =
0.516, k = 5 studies, 7 effects, p =.003; CBT, g = 0.497, k = 13 studies, 40 effects, p <.001;
self-management, g = 0.409, k = 6 studies, 10 effects, p = .002); a single intervention type
with a small/medium effect size (physical activity, g = 0.251, k=10 studies, 19 effects, p=.
033); and a group with small effects sizes (multimodal, g = 0.190, k=17 studies, 67 effects,
p=.031; psychotherapy, g = —0.112, k=2 studies, 9 effects, p = .700; educational, g = 0.194,
k = 19 studies, 44 effects, p = .008; other, g = —0.044, k = 6 studies, 13 effects, p = .700).

Discussion

Results from this meta-analytic synthesis suggest that self-efficacy expectations significantly
improved in the context of psychological interventions compared to control conditions.
Moreover, the overall average effect size was comparable to those found in other recent
meta-analyses that focused on emotional distress (d=.43) (1), fatigue (d=.33) (3), and pain
(d=.34) (4). Importantly, these results occur in the context of studies that were screened for
high quality, where there was low risk of bias and no apparent small-study bias.

The current meta-analysis was grounded in theory, which led to hypotheses about conditions
where the interventions would be more effective. Consistent with Social Learning and Self-
Efficacy Theories (19), conducting the intervention in-person was more effective in
enhancing self-efficacy behaviors compared to other formats. The in-person format allows
for the exchange of information and ideas in a social context that might encourage
clarification, persuasion, support, and social modeling, even if the delivery were
accomplished in a setting with just the facilitator and the patient. Mustian et al (3) also
reported a significant effect of in-person format for decreasing fatigue, however, in that
meta-analysis there were not enough studies with other formats to conduct post-hoc
comparisons. However, given the variability of formats included in our comparison category,
the optimal delivery format for implementing psychologically-based interventions is yet to
be definitively determined. For example, even internet-based interventions can have different
levels of human interaction from being exclusively self-directed to requiring considerable
content guidance from a human provider (51). A fine-tuned level of comparative analyses
among all formats was not possible in the current meta-analysis, but would be a goal for
future reviews of interventions with formats that include varying degrees of in-person
contact.
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In contrast, the results did not confirm the hypothesis regarding intervention-delivery focus
in spite of the larger effect size for group interventions compared to dyadic or individually
administered interventions. Pending more comparative findings, we tentatively conclude that
in-person formats are preferred to other formats of delivery, regardless of whether they are
delivered in groups, dyads, or individually. Interestingly, Mustian et al (3) did not conduct
post-hoc comparisons, however, based on the non-overlapping confidence intervals for their
respective effect sizes, they found that group delivery was more effective than individual
delivery. Given the larger effect sizes for group delivery versus individual in the current
study and in Mustian et al (3), further study of the optimal delivery format is warranted.

The analyses as a function of the type of intervention were exploratory, but do point to some
consistency in the relationship between interventions that were aligned with Self-Efficacy
Theory and the quality of self-efficacy effects, especially in the case of those interventions
for which there were larger numbers of studies and effects. Although not statistically
distinguishable, CBT interventions had the most robust effect sizes compared to those that
included multiple intervention components (multimodal) or were strictly educational, though
not different from physical activity. Moreover, when grouping studies by effect size, three of
the four interventions in the medium effect size range (CBT, social support, and self-
management) were theoretically consistent with Self-Efficacy Theory. Bolstering the notion
that CBT may be the preferred treatment, in meta-analyses that focused on depression (1)
and fatigue (3), CBT was found to be significantly more effective than Problem Solving
Therapy in the former and more effective than psychoeducational interventions in the latter.

Finally, although there were fewer studies classified as CIM, several included mindfulness
and relaxation with guided imagery (52), which are designed to provide new cognitive
perspectives on symptoms and problems. At the very least, we might speculate that CIM, as
defined in this analysis, and CBT are effective treatments and more commonly delivered in
person, which in this meta-analysis was the most effective delivery format. That said, none
of the categories were statistically distinguishable from any other category after accounting
for multiple comparisons; the large number of categories and small number of studies in
some categories limited power for such comparisons. With the accumulation of more
intervention studies in the future, perhaps a more fine-grained analysis of the differences
between types of interventions will shed light on interventions that are clearly superior to
others.

Clinical Implications

The current study draws attention to the importance of in-person formats for the delivery of
interventions for persons with a diagnosis of cancer. This conclusion is drawn tentatively
because of the comparison of in-person formats with all other formats combined. However,
whereas the results do suggest that in-person formats are better, there is also the possibility
that they can be integrated into other formats. For example, accompanying interventions that
are primarily delivered with materials that are accessible on-line, there could be periodic in-
person sessions or regular face-to-face contact (e.g., Skype) to assist with processing and
personalizing the intervention materials. Supporting these clinical implications is the finding
by Mustian et al (3) that in-person formats were significantly different from the null. In
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addition, Mustian et al (3) found that group delivery was significantly better than individual
delivery. Whereas, it was not determined to be superior in the current study, group delivery
had a much larger effect size than dyadic or individually delivered interventions. Pending
more evidence, there is support for in person and group formats for the delivery of
interventions to persons with cancer, which are consistent with Social Learning Theory, the
guiding conceptual framework for the current study.

Limitations and Future Directions

Itis a limitation of the current study that the control conditions were restricted to those that
were not intended to be active treatments. Thus, no comparative studies were included.
However, not all control conditions are equal. Future work could look more closely at, for
example, placebo and attention controls compared to usual care. This approach would
further refine the specific effects of treatments in the situation in which the control condition
was more plausible from the perspective of participants. Although there were too few studies
to test all formats head-to-head, the increase in the use of online and media-based formats
should allow for that comparison in the future. These findings also raise issues concerning
the need to take into account scalability in future research. Digital and on-line health
modalities may be more scalable interventions than in-person approaches, and, therefore, the
trade-off between broad reach and effectiveness will need to be included in research that
compares those formats. Along those lines, perhaps well-designed, digital health
interventions that include key social modeling components (even tailored for demographic
similarity to the participant) would be worth exploring.

As a follow-up to this more general analysis, it would be important to look more closely at
the studies in which the interventions were exclusively delivered to those in curative
treatment and those that were delivered post-treatment. There might be some differences in
the types of interventions for those off curative treatment compared to those for patients-in-
treatment. Alternatively, there might be a differential responsiveness of patients-in-treatment
and off treatment to the same intervention. Thus, while speculative, the transition to being
off treatment may set the stage for a readiness to engage in the intervention in a way that is
different from the circumstances of still being on active treatment (15, 53).

Conclusions

The focus on self-efficacy grounded this meta-analysis on the positive side of coping with
cancer and, generally, supported the impact of treatments on self-efficacy expectations.
Those results are important in that gains in self-efficacy foster important gains in other
health behaviors and patient-centered outcomes and is itself a valued outcome. In addition,
the result that in-person interventions may achieve the largest effect is supported by theory,
however, future research would need to compare each format individually to confirm the
general findings. In addition, based on the importance for scalable interventions to meet the
needs of patients, innovative formats that combine in-person and/or social modeling in the
context of on line and digital methods may have utility. Thus, the challenge in the future is
the ability to develop interventions that are effective and scalable, that is effective
interventions that are able to address demand.
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Figure 1.
Funnel plot of effect size estimates versus scaled standard errors. The area of each point is

inversely proportional to the sampling variance of the effect size estimate. red = primary
outcome; green = secondary outcome; blue = unspecified outcome
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Table 1

Meta-Analysis Search Strategies

Page 17

Database sear ched Totals
Ovid MEDLINE(R) 1946 to December Week 1 2016; Ovid MEDLINE(R) In-Process & Other Non-Indexed Citations January 10, 366
2017; Ovid MEDLINE(R) Epub Ahead of Print January 10, 2017

PsycINFO (EBSCOhost) 999
CINAHL with Full Text (EBSCOhost) 355
EMBASE (embase.com) 937
Cochrane Database of Systematic Reviews : Issue 1 of 12, January 2017 (Wiley) 3
Cochrane Central Register of Controlled Trials: Issue 11 of 12, November 2016 (Wiley) 258
Science Citation Index Expanded (SCI-EXPANDED) —--1900-present; Social Sciences Citation Index (SSCI) —-1900-present; 378
Conference Proceedings Citation Index- Science (CPCI-S) —-1990-present;

Conference Proceedings Citation Index- Social Science & Humanities (CPCI-SSH) —-1990-present

(Web of Science)

Total 3,296
After de-duplication 2,657
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Table 2
PRISMA Flow Chart

—
[ =4
.g Records identified through Additional records identified
o database searching through other sources
E;E (n = 2657) (h=1)
b
Duplicates removed
e A 4 A > {n - 46}
p— Records imported for screening
(n = 2658)
L 4
Records screened N Records excluded
(n=2612) (n=2178)
| S
() Y
Full-text articles excluded
Full-text articles assessed (n=3)
E for eligibility (n=434) E— o 194 Wrong outcomes
:.b§n e 56 NotanRCT
] e 32 Duplicate articles
e 25 Full dataset unavailable or
author inaccessible
L Junresponsive
—_— & 20 Non-English article
e 16 Wrong patient population
& 6 Wrong intervention
hJ e 6 General self-efficacy
Studies included in MEaSLEE
quantitative synthesis
(meta-analysis)
) (n=79)
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Table 3

Risk-of-bias analysis using successive inclusion criteria

Criteria Studies (Effects) | Estimate[SE] 95% CI T |2

Al studies 79 (223) 0.274[0.036] | [0.201, 0.346] | 0.242 | 73%
Low ROB outcome reporting 61 (185) 0.284 [0.042] [0.199,0.368] | 0.249 | 75%
Low ROB sequence generation 31 (79) 0.218 [0.059] [0.098,0.340] | 0.262 | 76%
Low ROB allocation concealment 17 (37) 0.320 [0.078] [0.153,0.487] | 0.255 | 76%
Low overall attrition 11 (23) 0.244 [0.070] | [0.084,0.404] | 0.148 | 57%

Note: ROB = risk-of-bias.
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