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Bayesian statistical methods permit the incorporation of existing knowledge formally into
a statistical analysis to generate estimates that leverage both past and present information.
Bayesian methods are particularly suitable for intervention research since treatments are
generally evaluated over the course of multiple trials. Although Bayesian methods have seen
increasing use in the evaluation of biomedical trials, there has been minimal application to date
in the behavioral and psychosocial intervention literature. Moreover, Bayesian techniques have
been used in an ad hoc manner, with some intervention studies leveraging existing data and
others utilizing non-informative priors. This study focused on developing a framework for
Bayesian analysis that addresses the practical considerations of accumulating data across
heterogeneous studies. We used real data from a series of three randomized controlled trials
conducted in New York City, Seattle, and Beijing that evaluated behavioral interventions for

improving HIV antiretroviral adherence and mental health outcomes. In contrast to previous



literature that has been limited to cross-sectional statistical models, this case study demonstrated
the accumulation of data using multilevel regression techniques. In the first set of analyses, we
evaluated medication adherence outcomes in the New York City and Seattle studies, the most
similar with respect to design and interventions. In the second set of analyses, we evaluated
depression outcomes in the full sequence of studies, which introduced the complexity of
accommodating a study with substantial differences in methodology. The integration of data
from multiple sources led to refined estimates of intervention effectiveness. However,
differences arose in the estimates of intervention effectiveness across studies, raising substantive
questions about when the decision to aggregate data may be appropriate. We discuss the role of
contextual, implementation, and secular effects that may influence an aggregated analysis. This
case study illustrated the substantive considerations necessary to support the decision to combine
data across studies, and the need for careful review of findings to confirm the appropriateness of

pooling using a Bayesian approach.
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A BAYESIAN APPROACH TO BEHAVIORAL INTERVENTION TRIALS 1

OVERVIEW

The Bayesian and classical approaches are the two major branches of statistical inference
currently guiding the analysis of randomized controlled trials (RCTs). Although Bayesian
inference dates backs back more than two centuries, the practical application of Bayesian
statistical models has only become possible in the past three decades, due to advances in
computing and mathematical algorithms capable of estimating the models. In the first of a two-
part dissertation, I undertake a qualitative review of Bayesian statistical methods in the
behavioral and psychosocial intervention literature. The first section of the review provides an
overview of the frequentist statistical methods typically used in RCT research. In the second
section, the theory behind the frequentist and Bayesian approaches to inference is reviewed. The
rigidity of frequentist analyses and their challenging interpretation will be contrasted with the
relative flexibility of Bayesian analyses and their more straightforward interpretation. In the third
section, I discuss the implications of these two forms of inference with respect to the analysis of
randomized controlled trials. In the final section, I review how Bayesian methods have been
applied in behavioral and psychosocial intervention research, including their justification and
patterns in their application. In the second half of this dissertation, I review the methodological
challenges of reconciling heterogeneous studies in a simultaneous analysis using a case study of
three real datasets to illustrate a systematic approach to Bayesian analysis using multilevel

modeling.



A BAYESIAN APPROACH TO BEHAVIORAL INTERVENTION TRIALS 2

A QUALITATIVE REVIEW OF BAYESIAN STATISTICAL ANALYSIS IN
BEHAVIORAL INTERVENTION RESEARCH

Bayesian statistical methods permit the incorporation of existing knowledge formally into
a statistical analysis to generate estimates that leverage both past and present information. In
recent years Bayesian methods have seen increasing application in the biomedical trial literature
(Hobbs & Carlin, 2008) with multiple guidance documents released regarding the
implementation of Bayesian analysis in drug and medical device trials (U.S. Food and Drug
Administration, 2010a, 2010b). Within psychology, there has been growing interest by cognitive
scientists in Bayesian models of perception, learning, and reasoning (Kruschke, 2010), and
statistical methodology (e.g., Rouder & Lu, 2005; Rouder, Speckman, Sun, Morey, & Iverson,
2009; Rouder, Sun, Speckman, Lu, & Zhou, 2003; Wagenmakers, Lodewyckx, Kuriyal, &
Grasman, 2010). The strength of the Bayesian analytic process is the accumulation of data in a
coherent manner, from the initial piloting of an intervention to subsequent larger scale
experiments. The systematic updating of analyses using data from earlier studies has been
illustrated in other fields (e.g., Sullivan & Mieczkowski, 2008), however, their adoption in
psychosocial and behavioral intervention research has proceeded slowly.

Classical statistics, also known as frequentist statistics, have been the standard statistical
approach for evaluating randomized trials, (Goodman, 1999). Bayesian methods are more
flexible because they approach statistical uncertainty in a more principled manner than
frequentist methods (Berry, 1993). A key consequence is that there is no penalty for repeated
analysis since Bayesian models are designed to be updated as new data emerges. In the sections

that follow I review the basic theory underlying frequentist and Bayesian inference and the
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implications for intervention research. I then undertake a qualitative review of how Bayesian
methods have been used to date in the psychosocial and behavioral intervention literature.
Frequentist versus Bayesian Inference

Frequentist inference. The most common approach to statistical inference in
randomized trials is the frequentist perspective, the theoretical basis of classical statistics
(Neyman, 1937). The term “frequentist” is connected with the concept of repeated sampling and
link between statistical inference and the behavior of samples. Inference in classical statistics
assumes that a study could be replicated an infinite number of times, each with a random sample
of individuals from the population. In a classical analysis, the mean of the repeated samples all
things being equal, reflects a best estimate of the population. The variation around the mean
reflects our uncertainty due to sampling. In the frequentist perspective, an objective truth is
believed to exist; the aim of the analysis is to reconstruct that truth from a sample of data
(Zampetakis, Moustakis, Dewett, & Zampetakis, 2008).

For example, the analysis of a cognitive-behavioral therapy intervention might reveal an
average reduction in depression score of 10-points over the control group. That average is an
estimate of the true effect of the intervention, representing what happened in a single study.
However, the estimate of the intervention effect might be different if the study were repeated
again. For instance, the average intervention effect might be 9 points in a second sample, 11
points in a third sample, and 10 points in a forth sample. That is, with each repetition of the
intervention, the observed benefit of intervention over control may vary. In the frequentist
perspective, variability arises from the process of drawing differing samples, each with limited

data.
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The cornerstone of frequentist inference, the Central Limit Theorem, states that as
successive samples are accumulated, the collection of statistics will approximate a normal
distribution, specifically the sampling distribution of the statistic (Howell, 2010). Moreover, the
mean of the sampling distribution (i.e., the average across samples) converges to the presumed
truth as more samples are collected. The asymptotic assumption that a sample increasingly
resembles the population with greater sample size is a key aspect of the theory underlying
classical statistics (Agresti, 2002). That theory justifies the exploitation of samples to represent
the behavior of the population. In general, frequentist statistical methods are highly dependent on
asymptotic theory, and in studies with small samples, results may be unreliable unless
specialized procedures are utilized. For example, Fisher’s Exact test is recommended to evaluate
contingency tables with sparse cells (Fisher, 1922) due to a violation of asymptotic assumptions.

Bayesian Inference. The term “Bayesian” is a reference to the Reverend Thomas Bayes
who developed Bayes’ theorem, a method for calculating the probability of a conclusion given a
set of information (Barnard & Bayes, 1958). In Bayesian inference, statistical uncertainty is
defined as the relative probability that each possible outcome may be true. Statistical inference is
achieved by updating of the probability of each possible outcome in light of relevant new
information (Edwards, Lindman, & Savage, 1963). Bayes’ theorem provides a mathematical
framework for the statistical analysis, such that the “outcome” is any unknown that one wishes to
ascertain, such as the strength of an intervention. The “set of information” is then the data
collected through scientific study, such as an RCT. Consequently, Bayes’ theorem relates a
specific hypothesis (e.g., the intervention decreases alcohol consumption by one drink per week)
to an explicit probability, from 0 to 100%, that the hypothesis is true. This probability is known

as the posterior probability and is the product of three components: (1) the prior, (2) the
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likelihood, and (3) the normalizing constant. The first two components are the most critical,
representing (1) the probability that the hypothesis is true given what was known before the
study began (2) the probability that the hypothesis would have yielded the data that were
observed. These are known, respectively, as the prior probability of the hypothesis and the
likelihood of the data. The third component is a “bookkeeping” adjustment so that the formula
yields a percentage that falls between 0 and 100.

Bayes’ formula can be easily understood using a diagnostic test analogy (Rosen, 1998).
Suppose a certain disorder occurs in 0.5% of the population. A medical test is available that can
detect its presence 99% of the time in afflicted patients, but will give a false positive in 5% of
administrations. Assuming that the test comes back positive, the actual probability that the
patient has the disorder is not 99%, the sensitivity of the test, because the disorder is known to be
extremely rare in the population. Factoring in the low base rate of the disorder, the actual
probability that the positive test is correct is 91%. Consequently, Bayesian inference can be seen
as a means of incorporating base rate information into a statistical analysis.

From the Bayesian perspective, all hypotheses are inherently uncertain and the objective
is to summarize the probabilities of the respective hypotheses. Taking the previous intervention
example, a Bayesian analysis may reveal a 10-point reduction in depression score over a control
group 50% of the time, a 9-point reduction 30% of the time, an 8-point reduction 10%, and so
forth. All of these outcomes are assumed to be possible and the ultimate effectiveness of the
intervention is thought to be function of chance. However, the intervention is expected to reduce
depression scores by 8 to 9 points 80% of the time. The Bayesian approach treats uncertainty as
inherent in nature while the frequentist approach assumes that uncertainty arises from the process

of observation and collecting samples.
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Inference in Randomized Controlled Trials

Frequentist inference. The frequentist approach is exemplified by the use of null
hypothesis testing and the interpretation of confidence intervals and p values to judge statistical
significance (Berry, 1993). In a simple two-arm RCT with a pre- and a post-intervention
assessment, a standard null hypothesis would be that the groups performed equally. If the
intervention reaches the conventional p < .05 threshold, the null hypothesis is rejected and it is
concluded that there is a statistically significant difference. A frequent interpretation of p = .05 is
that there was a 5% chance or less of no treatment effect (Wijeysundera, Austin, Hux, Beattie, &
Laupacis, 2009). However, this straight forward interpretation is incorrect. What p = .05 actually
means is that assuming that the intervention was no different than the control, there was a 5% or
smaller chance of observing results as extreme or more extreme than what was actually observed
(Kline, 2004).

The limitations of p values have led to calls for emphasizing confidence intervals, since
they communicate the magnitude and precision of an effect (Gardner & Altman, 1986).
However, clinicians frequently misinterpret confidence intervals to mean that there is 95%
probability that the true effect lies within the interval. In reality, the true interpretation is less
direct: if the same study was replicated repeatedly and a confidence interval was calculated for
each replication, 95% of those intervals would include the “true” intervention effect.

Another implication of the frequentist approach is that inference is tied to the sample size
planned in the design of the study. If frequentist theory is followed strictly, then any deviation
from the original power calculations can invalidate statistical inference (Berry, 1993, 2005). This
arises because the interpretation of the p values and confidence intervals are directly tied to the

planned sample. As a result, over-enrollment in an RCT increases the probability of Type I error



A BAYESIAN APPROACH TO BEHAVIORAL INTERVENTION TRIALS 7

and under-enrollment increases the likelihood of Type II error. Despite these limitations,
strengths of frequentist analysis include how it does not require any pre-existing knowledge
about the effectiveness of an intervention and that with modern statistical software frequentist
statistical models can be run quickly.

Bayesian inference. In a formal Bayesian approach, previous evidence about the
effectiveness of an intervention (e.g., pilot data) is first translated into a prior distribution, which
summarizes the relative probability of each possible intervention effect based on previous
knowledge (Sullivan & Mieczkowski, 2008). In the second step, data from the current study are
incorporated into a likelihood distribution, which summarizes the probability of the data
associated with each possible intervention effect. The data from the current study factor into the
analyses through this likelihood distribution (Gelman, 2004). In the third step, past and present
data are united when the prior and likelihood distributions are combined to form the posterior
distribution. The process of “updating” the prior distribution using current data reflects the
increase in knowledge that occurs in Bayesian analysis. The posterior distribution summarizes
the present state of knowledge, informed by both the most recent work and knowledge from the
past.

Bayesian statistical methods that leverage prior data possess greater statistical power to
detect intervention effects. Wijeysundera and colleagues (2009) identified 88 parallel-arm
studies with dichotomous or time-to-event outcomes and re-analyzed them using Bayesian
analysis. In all, 39 studies had positive intervention findings and 49 had negative findings under
the original classical analyses. For comparison, the Bayesian re-analyses were conducted
separately with non-informative, skeptical, and enthusiastic prior data. Under non-informative

priors, the Bayesian results agreed with classical findings in all the positive studies. However,
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under skeptical and enthusiastic priors, results were different. With a skeptical prior, 13% of
positive studies were less effective according to a Bayesian analysis than the original analysis
suggested. With an enthusiastic prior, 6% of positive trials were less effective than the original
analyses. Alternately, under non-informative and enthusiastic priors, trials that yielded negative
findings in the original analyses were shown to be more effective in the Bayesian analyses. With
a non-informative prior, 10% of studies with negative findings yielded positive findings under
the Bayesian analysis. With an enthusiastic prior, 31% of studies with negative findings were
positive under Bayesian analysis.

The emergence of additional findings under a non-informative prior suggests that
Bayesian analysis may be more sensitive to intervention effects that are not detectable under
classical methods. A Bayesian analysis with a non-informative prior parallels a classical analysis
except that a complete probability model of the data is estimated. Given identical data, a full
probability model is theoretically more accurate than a partial probability model, suggesting that
the Bayesian results are more valid. It must also be noted that a subset of intervention effects
deemed positive under a classical analysis were attenuated under a Bayesian analysis with
enthusiastic prior information. This suggests that leveraging informative prior information will
not always generate positive findings.

Criticisms against the Bayesian approach. Despite the theoretical appeal of Bayesian
inference as a means of leveraging historical information to more powerfully evaluate
interventions, frequentist approaches predominant due to fundamental issues in the application of
Bayesian methods. The use of prior knowledge has been a contentious aspect of Bayesian
inference because the choice of data that go into the prior is frequently subjective (Howard,

Coffey, & Cutter, 2005). Consequently, the final result of a Bayesian analyses may depend on
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the choice of which prior data to include or exclude. From the standpoint of statistical power,
Bayesian analysis is more advantageous with increasing amounts of previous information.
However, leveraging previous information involves the risk of carrying forward the biases of
previous studies. Those biases may be due to methodological problems from earlier studies (e.g.,
poor treatment implementation) or a skew towards evidence in support due due to the “file
drawer effect.”

This concern can be partially addressed by conducting sensitivity analyses with multiple
priors, an approach long advocated in the biostatistics literature (Spiegelhalter, Freedman, &
Parmar, 1994). Analyses can be first performed with a non-informative prior, where the results
are determined almost exclusively by the study data. Such an analysis closely approximates a
traditional frequentist analysis (Bernardo, 1979). Second, a clinical prior can be constructed
from an earlier study of the intervention (Spiegelhalter et al., 1994), results from meta-analysis
(Brophy & Joseph, 1995; Spiegelhalter, Abrams, & Myles, 2004), or more subjectively through a
survey of expert opinion (Chaloner & Rhame, 2001). Third, an enthusiastic prior could be
constructed that reflects a high degree of confidence in the intervention working and minimal
likelihood of no benefit or an iatrogenic effect (Diamond & Kaul, 2004; Spiegelhalter et al.,
1994). Finally, a skeptical prior could be constructed that reflects a low confidence in the
intervention’s efficacy, placing a higher burden of evidence on proving the intervention
effective.

In summary, Bayesian inference addresses many of the limitations of frequentist
methods. First, Bayesian probabilities have a direct interpretation which can be understood by
non-statisticians (Berry, 2005). Second, Bayesian analysis allows the incorporation of additional

data as they become available without a statistical penalty for repeated analysis. Third, Bayesian
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methods can be easily used to evaluate the clinical, and not just statistical, significance of
interventions. Finally, Bayesian analysis is already used in clinical decision-making to evaluate
the cost-effectiveness of interventions (e.g., Johnson-Masotti, Laud, Hoffmann, Hayat, &
Pinkerton, 2004; Lambert, Billingham, Cooper, Sutton, & Abrams, 2008; e.g., Martikainen,
Valtonen, & Pirttild, 2004). A use of Bayesian methods to evaluate the interventions themselves
would contribute to a consistent framework for clinical decision making.
Bayesian Intervention Analysis in Behavioral and Psychosocial Research

To identify intervention studies that used Bayesian analysis, we conducted a search of the
published literature in the Medline and PsychInfo databases. We used the keyword “Bayesian” in
combination with the terms: intervention, treatment, randomized, controlled trial, clinical trial,
or RCT. The search was limited to English language articles with no restrictions imposed on the
publication date. Studies included in this review evaluated interventions that were (1) behavioral
or psychosocial in nature, (2) designed to modify behavioral or psychological outcomes, and (3)
targeting a patient or community population. These search criteria permitted a broad array of
study designs including randomized trials as well as non-randomized studies, including quasi-
experiments and single group designs. The intent was to capture any form of behavioral or
psychosocial intervention, to evaluate the use of Bayesian analysis outside of biomedical
research. These broad criteria yielded seven articles, suggesting only limited application of
Bayesian statistical methods in psychosocial treatment research. However, this small collection
of studies illustrates attempts to address common statistical issues encountered by intervention
researchers.

Bayesian methodology first appeared in the 1970s for the purpose of evaluating

compensatory education programs. An early study by Wang, Novick, Isaacs, and Ozenne (1977)



A BAYESIAN APPROACH TO BEHAVIORAL INTERVENTION TRIALS 11

analyzed pilot data from an education program targeted at underperforming students. The design
of the study provides insight into why a Bayesian approach was chosen over classical methods.
A total of 17 school districts were sampled and a pair of schools was selected within each district
according to similar characteristics. These schools were then randomized so that one school in
each district became a test site for the compensatory education intervention while the other
served as a matched control. To track student performance, standardized achievement tests were
given at both the beginning and end of the school year and the outcome was the change in score
for each student.

An analysis of covariance model was chosen to assess the average change in performance
for intervention versus control participants. Although there was sufficient data for an overall
evaluation of intervention effectiveness, the investigators were also interested in a finer grade
assessment of how the intervention fared in each of the 34 schools involved in the study.
However, with fewer than 20 study participants in a fifth of the schools, a traditional ANCOVA
would not have been statistically powered to evaluate differences in intervention effectiveness
(Peat & Barton, 2005). Consequently, a Bayesian approach was chosen since a small amount of
prior data permitted the intervention analysis to accommodate schools with sparse data. The
uninformative prior information incorporated into the analysis did not give preference to either a
positive or negative finding. At the substantive level, this allowed a comparison of student
outcomes receiving the intervention from different teachers.

A later study conducted by Rubin (1981a) used Bayesian methods to re-assess the
effectiveness of a coaching program for improving Scholastic Aptitude Test (SAT) scores
previously tested using traditional methods. A classical analysis of variance had been initially

used to estimate the effect of SAT coaching in eight separate high schools (Alderman & Powers,
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1980). Similar to the Wang and colleagues study (1977), Rubin (1981a) sought to make multiple
comparisons across several sites where the intervention had been implemented, but with a similar
complication of small samples in specific schools. Rather than using an uninformative prior to
facilitate the analysis, he utilized an empirical Bayes approach in which the prior data were
derived from the data itself. The results indicated that the coaching program had significantly
increased SAT scores in each of the eight schools. Since the traditional approach had answered
the question of whether the intervention was effective, Rubin’s aim was to illustrate how a
Bayesian approach could provide additional possibilities for summarizing intervention
performance that would not be possible under classical analysis. In his reanalysis, Rubin
demonstrated that by employing Bayesian analysis of variance, it was possible to not only to test
the difference between intervention and control, but also to graphically depict the entire
distribution of intervention effects, along with the probability of each. Although classical
statistical models can be coerced into providing this level of detail is possible with simulation
methods (e.g., King, Tomz, & Wittenberg, 2000), this is a natural extension of the information
provided by the Bayesian analysis.

This early work demonstrated the utility of Bayesian statistical models for enhancing
statistical reporting and tackling challenges such as low sample size. However, in the past three
decades only a handful of RCT reports in the psychosocial and behavioral intervention literature
have used Bayesian analysis. Within organizational and industrial psychology, Svantec,
O’Connell, and Baumgardner (1992) illustrated the flexibility of Bayesian methods for
evaluating organizational development (OD) interventions. Hypothetical employee satisfaction
data from three time points were created to demonstrate a how a Bayesian 7 test could be used to

conduct a simple repeated-measures analysis. This analysis tested the change between time 2 and
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3, using the change between time 1 and 2 as the prior data. This formulation was artificial since
the data from time 1, 2 and 3 were collected as part of the same hypothetical study. Therefore,
none of the observed data were truly “prior” in the sense that it was known before the “study”
was conducted. Despite the limitation of their working example, the authors highlighted several
advantages of Bayesian methods that applied not only to the evaluation of OD interventions but
to other areas of research. First, small samples sizes are common in preliminary studies, but can
lead to misleading results if analyzed with classical methods. Second, they noted that
differentiating between statistical and clinical significance is a natural extension of Bayesian
methods, but that the two are frequently confused when reporting the resulting null hypothesis
tests from classical analyses.

Recent Bayesian RCT reports have utilized increasingly sophisticated statistical models.
Gill, Reifsnider, and Lucke (2007) used a combination of Bayesian logistic regression and
survival analysis to evaluate the effectiveness of a combination prenatal education and
postpartum telephone support intervention on the initiation and duration of breastfeeding,
respectively. A total of 158 Hispanic women were recruited in a quasi-experimental sampling of
two matched maternity clinics, participants from one site receiving the intervention, and the
other control. In the first logistic regression analysis, the intervention was associated with two-
fold greater odds of breastfeeding initiation. A post hoc survival analysis of initiators showed
half the quit rate of breastfeeding compared with control participants. Non-informative prior
distributions were used for all the models. The authors noted increasing application of Bayesian
analysis in nursing research as a broad rationale for its use in their report.

A recent pilot study by Zampetakis, Moustakis, Dewett, and Zampetakis (2008) used

Bayesian latent growth modeling (LGM) to evaluate the effectiveness of a one-semester
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creativity course on self-reported creative behavior. Similar to HLM, the LGM method examines
individual change over time, but using a structural equation modeling (SEM) approach (Bollen &
Curran, 2006). A total of 94 college engineering students were randomized to a 10-session
creativity course that met once weekly or an alternative management course. Creative behavior
was assessed via self-report at baseline, 5-week mid-intervention, and 10-week post intervention.
As with previous studies, the investigators used sample size to justify their use of a Bayesian
approach, noting that any fewer than 200 cases could be considered a small sample in the context
of SEM (Weston & Gore, 2006).

Since the intervention was previously untested with no data to indicate its possible
effectiveness, Zampetakis and colleagues chose a non-informative prior in their Bayesian model.
This prior contributed minimal information to the analyses beyond the data provided by the 94
participants. The results suggested a trend towards more improvement in self-reported creativity
behavior among students randomized to the intervention group. However, a limitation of their
analysis was that the difference between the intervention and control arm participants was not
tested directly. Rather than including intervention group as a predictor, creativity behavior
trajectories were examined separately for intervention and control and then later compared.
Despite this methodological concern, the Zampetakis et al. study demonstrated the strengths of a
Bayesian analysis of pilot data. Rather than focusing on whether the intervention group would
improve over time at a p < .05 level of significance, the investigators were able to describe the
actual probability (62%) that those receiving the creativity intervention improved over time.
Alternately, they were able to report the probability that creativity would decrease as a function

of the creativity intervention (13%).
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Another recent study by Swanson and colleagues (2009) used Bayesian HLM to evaluate
the effectiveness of three couples-focused interventions versus no treatment for managing
depression and grief in the year following a miscarriage. In contrast to earlier RCT reports that
turned to Bayesian analyses due to small sample concerns (Svyantek et al., 1992; Wang et al.,
1977; Zampetakis et al., 2008), the study of Swanson and colleagues was statistically powered to
conduct either a classical or Bayesian analysis. A total of 340 couples were randomized to nurse
counseling, video therapy, or a combination of both. The intervention was administered three
times over the course of 11 weeks and depression and grief were assessed at baseline, 3, 5, and
13 months. The results indicated that counseling had the broadest beneficial effect across grief
and depression. Although more methodologically vigorous than previous studies, key details
regarding the analyses were omitted, specifically the type of prior data that was used. A specific
benefit of Bayesian estimation was the ability to describe the probability that each intervention
performed better than the alternatives.

The use of Bayesian analysis to impute missing outcome data was illustrated by Joffe and
colleagues (2009) in their evaluation of two classroom-based smoking cessation programs
among adolescent smokers: Not on Tobacco (NOT) and Kickin’ Butts (KB). Eight schools were
randomized to one of the group interventions, with a total of 407 high school students
participating. Quit status was assessed by self-report and biochemical verification at baseline,
post-intervention, and 1, 3, 6, and 12-month follow ups. Notably, the primary analysis was a
classically estimated longitudinal regression assessing the relative risk of quitting vs. not quitting
at each time point. Bayesian analysis using a non-informative prior was conducted as a
secondary approach where all available data, including intervention status and additional

smoking-related covariates, were used to impute missing outcome data. The classical analysis
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without imputation identified higher rates of quitting for one of the interventions (NOT)
intervention at 1 month, but no other assessment points. In contrast the Bayesian analysis
identified higher quit rates for the NOT program at three out of five time points (post-
intervention, 1, and 12 months). Although a direct comparison between the sensitivity of the
classical and Bayesian analysis is not possible as they used different sets of covariates, the Joffe
and colleagues paper illustrates the advantage of Bayesian estimation in incorporating imputation
as a simple extension of a model.

Discussion

Although the application of Bayesian analysis in the behavioral intervention literature has
been limited, a number of patterns have emerged in its justification and use within the field.
First, the most frequent justification has been the superiority of Bayesian over classical
estimation when either the overall sample or individual group sizes were small. Second, the
sophistication of statistical models has increased, from cross-sectional techniques in the earliest
reports to more sophisticated longitudinal models in the last decade. A common element of both
earlier and more recent reports has been a move beyond simple null hypothesis tests to
summaries intervention effects in a more intuitive manner. Many focus on the actual probability
that the intervention performed better than control, rather than a p value.

However, there have been methodological and reporting problems in the literature. A key
inconsistency is the selection of prior data, with many studies leveraging historical information
(e.g., Sullivan & Mieczkowski, 2008; Svyantek et al., 1992), but others choosing non-
informative priors (Wang et al., 1977; Zampetakis et al., 2008), or failing to describe the prior at

all (Swanson et al., 2009). None of the reviewed studies conducted sensitivity analyses to
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compare the effect of different types of prior data on the final results, an approach used in the
medical literature (Hobbs & Carlin, 2008).

RCT studies in the behavioral sciences have generally utilized Bayesian techniques in an
ad hoc manner (e.g., Swanson et al., 2009; Zampetakis et al., 2008). In particular, the choice of
prior data, one of the defining elements of the Bayesian approach, has varied greatly among
studies. Some studies have utilized only non-informative (e.g., Zampetakis et al., 2008) or only
informative (e.g., Svyantek et al., 1992) priors. Moreover, in instances where prior data have
been used, few details have been provided to justify their use. In summary, RCT reports in the
behavioral intervention literature have only begun to exploit the full potential of Bayesian
methods, either to incorporate accumulated knowledge or to test fine-grained hypotheses of

clinical effectiveness.
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A BAYESIAN APPROACH TO THE LONGITUDINAL ANALYSIS OF RANDOMIZED
CONTROLLED TRIALS

The application of Bayesian modeling to evaluate intervention studies is timely given
growing interest in the area of integrative data analysis (IDA). Curran and Hussong (2009)
define IDA as the simultaneous analysis of two or more samples that have been combined into a
single data set. In contrast to meta-analysis, which focuses on synthesizing summary statistics,
IDA is premised on utilizing the original datasets. The rationale is to provide a more powerful
test of scientific hypotheses that leverages a cumulative base of information. In this respect, the
rationale of IDA closely parallels that of Bayesian analysis.

Although IDA techniques have found use in behavioral intervention research, notably the
analysis of multisite randomized studies (Raudenbush & Liu, 2000), the analyses are almost
universally performed using classical statistical inference. The disadvantage of classical methods
is that they incur an increased risk of chance findings (i.e., Type I error) with each repeated
analysis. Bayesian inference is the optimal means of undertaking IDA since it is premised upon
continual re-analysis as additional data become available.

Integrating Data from Heterogeneous Studies

Despite the theoretical appeal of Bayesian analysis, there are major methodological
challenges in aggregating multiple intervention studies. By reconciling methodological
differences in a principled manner, the eventual conclusions of a Bayesian analysis are more
likely to be interpretable. The objective in this case study is to orient substantive researchers to
two broad sources of between study differences: intervention heterogeneity and study design

heterogeneity.
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Intervention heterogeneity. When consolidating data from multiple RCTs, a theoretical
and practical decision must be made as to which intervention groups can be meaningfully
combined. Similarly, the equivalence of control comparison conditions requires evaluation. In a
prototypical scenario, a newly developed intervention is pilot tested, optimized according to
feedback and results, and evaluated in a more extensive investigation if the initial findings show
promise. As replications proceed, the intervention may be modified for each study. Small
refinements may not alter the essential nature of the intervention, but substantial changes to
content, duration, intensity, or delivery method may give rise to a fundamentally different
intervention. Additionally different forms of control comparison (e.g., waitlist versus attention)
may be utilized across studies and another decision must be made as to whether they can be
aggregated.

Where tractable, intervention or control group heterogeneity may be reconciled by
identifying a broader definition that subsumes the variations across studies. For example, a set of
psychotherapy studies targeting medication adherence in HIV-positive patients may utilize
different treatment protocols (e.g., motivational interviewing, skills training), but all could be
defined more generally as cognitive behavioral therapy. Additionally, the comparison conditions
may all be characterized as “standard of care,” recognizing the presence of geographic
differences in usual treatment. Once all the unique intervention and control conditions are
identified, a coding scheme must be established that organizes similar and dissimilar
interventions for the statistical analysis.

The categorical coding of intervention arms may vary in the original studies. In a two-
arm study, intervention A may be denoted by a single indicator variable with the lowest category

corresponding with the control condition. A follow-up 2 x 2 factorial trial testing intervention A
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and B may be represented by separate main effect parameter for each intervention and an
interaction term to account for any additional effect when given in combination.

Study design heterogeneity. Differences in sampling criteria, randomization procedures,
assessment frequency, and measures are only a few of the factors that require careful
consideration when undertaking a single common analysis (Curran & Hussong, 2009; Hofer &
Piccinin, 2009). The chosen statistical model must accommodate structural differences between
studies. For example, the same intervention may have been evaluated in a single-arm design, a
randomized two-arm design with a control comparison, and a quasi-experimental design in
which participants chose whether they received the intervention. Assuming random sampling,
the intervention groups from the single-arm and two-arm designs could potentially be combined.
However, equating RCT participants who were randomized to receive the intervention versus
quasi-experimental participants who elected it would require more careful justification.

The shape of longitudinal effects (e.g., planned contrasts, growth curves) must be
compatible with both the timing of assessments shape and the shape of trajectories in the
respective studies. When assessments are conducted at the same points, longitudinal effects may
be testable using categorical contrasts (e.g., baseline vs. follow-up); however, if assessment
schedules varied substantially, an HLM approach using growth curves may be the only option..
With two assessment points, only a linear effect is possible, but with three or more data points,
the model may need to accommodate curvilinear trends.

Vertical versus Horizontal Data Pooling

The Bayesian literature to date has used a “vertical pooling” approach whereby the

effectiveness of an intervention in an initial study is used directly as the prior for analysis of the

next investigation (e.g., Abrams, Ashby, & Errington, 1994; Svyantek et al., 1992). To
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accommodate situations where the past study is less relevant to the current, the variance of the
prior data may be inflated by an arbitrary factor so that it has less influence on the final results
(Spiegelhalter et al., 1994). The limitation of vertical pooling is that it ignores statistical
dependencies that occur when participant outcomes within a study are correlated (Rohde, 2008).
Greater correlation of participant data from the same study may arise because of environmental
similarities that elicit comparable intervention response (Kenny, Mannetti, Pierro, Livi, & Kashy,
2002) or any other factors that vary systematically between studies.

In RCT studies, confounding variables are distributed randomly between intervention
arms. However, when multiple RCT data sets are combined, there may be systematic differences
between groups randomized in different studies. In theory, one could control directly for the
variables associated with differential intervention response. However, study membership serves
as a convenient proxy to account for statistical dependencies that arise when combining datasets
and 1s consistent with the nested structure of the aggregated sample (Raudenbush & Liu, 2000).
Correct estimation of the intervention effect is contingent upon accounting for known sources of
statistical dependency in the data, including the correlation among repeated observations and
participants within the same study. Ignoring these statistical dependencies increases the risk of
erroneous findings.

Modeling nested data

There are two ways of conceptualizing multiple datasets that have key implications for
constructing the statistical model. In the random-effect approach, the datasets are viewed as a
collection of random samples from a larger population. This gives rise to a model in which
participants are nested within a dataset (i.e., a study). The average effect of an intervention in a

random-effect model represents an average for the population. In the fixed-effect approach, the
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datasets are viewed as only representative of the studies from which they were taken. Modeling
multiple studies as a random effect requires a large number of datasets (> 30; Snijders & Bosker,
1999) in order to accurately estimate variance between studies. We focus on the fixed effect
approach, since it is better suited for the more common scenario where a limited number of
datasets are available, perhaps as few as two. In the fixed effect approach, study membership is a
predictor in the statistical model.

Although there are multiple potential dummy coding systems for identifying study
membership, the chosen scheme must accommodate interventions that were tested in some
studies, but not others. The most familiar approach is traditional dummy coding, where one
group is chosen arbitrarily as the reference category and the others are estimated as deviations
from that reference. The disadvantage of traditional dummy coding is that a single study may not
be an appropriate reference across all interventions. For example, study 1 may include
interventions A and B and study 2 may include interventions B and C. In this situation, Study 1
could serve as a reference category for interventions A and B or Study 2 for interventions B and
C, but neither study could function simultaneously as a reference group for all three
interventions.

The most flexible strategy to avoid reference categories is the use of partition dummy
coding (Yip & Tsang, 2007). In partition dummy coding, intervention effects and other
parameters are coded as stand-alone quantities rather than as deviations from a reference
category. Although traditional and partition category coding are mathematically identical (Yip &
Tsang, 2007), partition coding flexibly accommodates studies that evaluated different sets of
interventions. Both strategies are a form of mixture modeling, in which participants are divided

into separate classes (i.e., studies), resulting in a collection (i.e., mixture) of study-specific
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statistical estimates. The statistical estimates can then be evaluated separately or re-combined as
a weighted average.

This approach shares the same principles as pattern mixture models for missing data (cf.
Niaura et al., 2002). In the pattern mixture model approach, the effect of missing data is
incorporated as an explanatory variable in a longitudinal outcome analysis. The main effect of
this missing data indicator and interactions with this indicator are then included in the analysis.
The same techniques can be applied in a Bayesian context, except that the grouping variable
defines study membership rather than missing data pattern.

Estimation of Bayesian Models

Markov Chain Monte Carlo. Historically, a major factor limiting the appeal of
Bayesian analysis was the difficulty in estimating the models. Until the 1990s, Bayesian
inference was relegated to a thought experiment, reflecting the scientific ideal of using statistical
analysis to accumulate data across time. Before the availability of modern computing, Bayesian
analyses were limited to models with an exact mathematical solution. This relegated the universe
of Bayesian inference to the simplest models whose integral equations could be solved using
calculus. This meant that models of any complexity, including the multilevel models increasingly
used for RCT data, were still out of reach.

A seminal paper by Gelfand and Smith (1990) demonstrated how the technique of Gibbs
sampling, a form of Markov Chain Monte Carlo (MCMC), could be utilized to simulate
statistical estimates for Bayesian models whose integral equations were too complex to be solved
mathematically. The serendipitous timing of this paper with the modern computing revolution
meant that, for the first time, a procedure was now available for estimating Bayesian models

along with the processing power necessary to exploit that procedure. In the past two decades,
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Bayesian analysis has gradually become more accessible through not only specialized software
such as WinBUGS (Lunn, Thomas, Best, & Spiegelhalter, 2000), but also widely used statistical
packages such as SAS and SPSS Amos, which include MCMC estimation capability.

One limitation of MCMC simulation is that the software is still maturing. Estimation
algorithms for classical analyses have benefitted from decades of development and refinement.
On a mathematical level, the integral calculus equations underlying Bayesian analyses are more
inherently complicated than the corresponding differential equation of a classical analysis.
Software packages utilizing MCMC approaches are continually improving, but remain less
robust than classical techniques. Current MCMC software packages require careful configuration
and close monitoring to ensure that the estimations converge properly (Gelman & Hill, 2006).

Expectation-Maximization Algorithm. The MCMC approach to Bayesian estimation
involves directly simulating the entire distribution of statistical parameters in a model. After
generating a substantial number of simulated parameters, summary statistics such as means and
standard deviations can be applied to describe the posterior distribution. In contrast, the
expectation-maximization approach (EM) involves an iterative procedure that traces the
distribution of the statistical model until a posterior mode, is identified. Key advantages of the
EM algorithm include its computational efficiency and stability compared with MCMC
simulation. A disadvantage of the EM approach is that that if the posterior distribution is multi-
modal, the algorithm may converge to a local mode, but not the global mode. Additionally, the
standard EM algorithm provides an estimate of the posterior mode without elucidating the
variance around that estimate.

However, EM estimation can be extended to derive the entire posterior distribution.

Although modifications to the EM algorithm have been proposed (Wei & Tanner, 1990), a
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practical option is a Bayesian bootstrap (Rubin, 1981b) in which a large number of simulated
datasets are generated using resampling. The Bayesian model can then be applied to each
resampled dataset using standard EM to derive simulated estimates of the posterior mode. The
distribution of statistical estimates across the bootstrapped datasets provides an estimate of the
posterior distribution. An additional advantage of pairing EM estimation with bootstrapping is
that the standard errors are resistant to violations of parametric statistical assumptions, such as
normal distribution of the outcome, or equal variance of the outcome across groups.

Data Augmentation Priors. An alternative to MCMC estimation is to leverage classical
analytic routines to estimate Bayesian models. An approximate Bayesian analysis involves
incorporating the prior information as additional observations of data and estimating the
“augmented” dataset as one would the corresponding classical statistical model. The use of data
augmentation priors permits Bayesian analyses to be carried out in any statistical package
(Greenland & Christensen, 2001). Recall that a Bayesian statistical model is a combination of
past knowledge, represented by a prior distribution, and the most recent data, represented by a
likelihood distribution. In conjugate Bayesian analyses, the prior and likelihood belong to the
same family of probability distributions. In this situation, the prior and observed data are
interchangeable, meaning that the sequence in which information is combined mathematically
makes no difference in the ultimate result. Consequently, an analysis in which past knowledge is
explicitly placed into the prior distribution is equivalent to a reorganized analysis in which that
same prior information is collated with the observed data. The data augmentation approach
exploits the mathematical interchangeability of the prior and likelihood distributions. Although
data augmentation is considered an “approximate” Bayesian technique, in practice the difference

with the results from MCMC and other “true” Bayesian techniques are trivial, making them
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appropriate for applied research. Importantly, data augmentation has become an acceptable
approach to Bayesian analysis (Greenland & Christensen, 2001).
Prior Distributions

The prior distribution, or probability, has both a philosophical and practical
interpretation. Philosophically, the prior distribution establishes a base rate for each possible
value of a statistical parameter. An uninformative prior assigns an equal or near-equal probability
for any value of the parameter. On a practical level, an equivalent interpretation of the prior
distribution is that it is a sample of data. Consequently, the prior and likelihood are equivalent to
two samples of data that are pooled in a Bayesian analysis.

Informative priors can be constructed from information from (1) past research, (2) expert
opinion (Chaloner & Rhame, 2001), or (3) subjective assumptions (Mayo & Gajewski, 2004).
Non-informative priors are the most commonly used in intervention analyses, which lead to
results driven almost entirely by the observed data, with little to no influence from past
knowledge. Although the updating of statistical inference is the philosophical objective of
Bayesian analysis, there are few examples in the intervention literature where actual data is
leveraged. More commonly, Bayesian methodology is the basis of interim analyses within the
same intervention trial as new data arrives (Spiegelhalter et al., 1994).

Intervention studies leveraging past data have done so with relatively simple cross-
sectional models. For example, a common scenario is to assess the odds ratio of successful
outcomes in the treatment versus control conditions (e.g., Sullivan & Mieczkowski, 2008). The
odds ratio from the first stage analysis is then utilized as the prior for the second stage analysis,
and so forth. The advantage of this scenario is that the model is simple enough so that the

posterior distribution after each stage of analysis can be expressed in a closed-form integral.
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Because the posterior distribution can be integrated using calculus, the results of each analysis
can be easily converted into the prior for the next stage analysis

There is no literature to date elucidating how information can be transmitted across
successive analyses in even a simple multilevel model, such as a repeated measures analysis of
variance. The posterior distribution of a Bayesian multilevel model cannot be expressed in a
clean mathematical form (i.e., a closed-form integral), so it must be estimated via simulation or
data augmentation priors. However, there is no direct way of translating a simulated posterior
distribution into an exact mathematical form that can be used as the prior distribution for the next
analysis.

Recall that data augmentation priors can be utilized to estimate Bayesian models in non-
Bayesian software. However, they also serve as a practical method to avoid error in translating
the posterior distribution of an earlier stage analysis to a prior distribution for the subsequent. In
the data augmentation approach, observations from the earlier study are bundled with the follow-
up study (Gelman & Hill, 2006), and analyzed with a non-informative prior distribution. In
conjugate Bayesian analyses, this is equivalent to updating an informative prior distribution
based upon the earlier study with the most recently collected.

Aims of the Present Study

The objective of the present study is to demonstrate a Bayesian approach to integrative
data analysis that addresses the practical considerations of combining data from heterogeneous
studies. In contrast with previous literature which has been limited to cross-sectional statistical
models, our investigation demonstrates how data can be accumulated from study to study using

multilevel regression techniques. In the context of RCT research, techniques for longitudinal data
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analysis may be the most appropriate because they permit the estimation of treatment effects
(i.e., group differences) across multiple time-points within a single statistical model.

We use actual data from a series of three RCTs evaluating behavioral interventions for
improving HIV antiretroviral adherence and mental health outcomes. The first study, Project
HAART (Simoni, Pantalone, Plummer, & Huang, 2007), was a two-arm RCT conducted in the
Bronx, New York that evaluated a peer support intervention. The second study, Project
Promoting Adherence for Life (PAL; Simoni et al., 2009), was a follow-up 2 x 2 factorial RCT
conducted in Seattle that evaluated both peer and pager support interventions. The third study,
Project Adherence Research in China (ARC; Simoni et al., 2011), was a two-arm RCT
conducted in Beijing that evaluated an enhanced intervention where a choice was offered
between an alarm device, nurse counseling, or both.

We perform two sets of Bayesian multilevel analyses, beginning with a first stage
analysis of the New York study and incorporating the Seattle and Beijing data, in second and
third stage analyses. In the first set of analyses, we evaluate medication adherence outcomes in
the New York and Seattle studies, the most similar with respect to design and interventions. In
the second set of analyses, we evaluate depression outcomes in the full sequence of studies. For
both sets of analyses, we evaluate each of the individual studies using classical statistical
estimation to assess the sensitivity of the Bayesian results. It was hypothesized that the
intervention effects would be more precisely estimated (i.e., have smaller variances), in the
second and third stage analyses which leveraged data from each of the preceding studies.

Methods
This is a secondary analysis of three NIH-supported RCT studies conducted in New York

City (Simoni et al., 2007); Seattle (Simoni et al., 2009); and Beijing (Simoni et al., 2011). Each
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study evaluated one or dual interventions for improving antiretroviral (ARV) adherence. All of
the three studies included a standard of care (SOC) control group. Interventions provided to
patients were delivered in addition to their normal medical care. A synopsis of each study
follows, including an overview of the study procedures and summary of the interventions.
Bronx, New York City: Project HAART

Procedures. The sample consisted of 136 patients recruited from the adult HIV primary
care outpatient clinic at Jacobi Medical Center, a public institution serving mainly indigent,
ethnic minority individuals. Eligible individuals were currently on an ARV regimen, proficient in
English, and without dementia or psychosis. Participants ranged in age from 19 to 60 years (M =
43) at baseline and 55% male. The sample included 46% African Americans, 44% Hispanics, 7%
Caucasians, and 3% who specified “other” or mixed racial heritages. With respect to education,
44% had some high school or less, 48% had a high school degree or GED, and 8% had a college
or associates degree. Data were collected between March 2000 and September 2002.

Participants were randomized to either peer support (n = 71) or standard of care (n = 65)
with follow-up interviews occurring at baseline, 3, and 6 months.

Intervention. The three-month peer support intervention consisted of two parts: six
twice-monthly one-hour group meetings at the clinic of all peers and actively enrolled
participants (i.e., “peer meetings”) in addition to weekly phone calls from peers to participants
who were assigned to them individually by study staff. HIV-positive clinic patients who were
actively engaged in their treatment served as “peers” who provided medication-related social
support in the peer support condition. Peers were selected on the basis of their regular attendance
of clinic appointments, consistent maintenance of high adherence, and strong social skills. These

peers received an initial training and committed to ongoing supervision.
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Seattle, Washington: Project PAL

Procedures. The sample consisted of 224 patients recruited from the adult HIV primary
care outpatient clinic at Harborview Medical Center, a public institution serving mainly indigent,
ethnic minority individuals in Seattle, Washington. Eligible individuals were initiating or
switching at least two ARV medications, living within a pager service area, proficient in English,
and without dementia or psychosis. Participants ranged in age from 19 to 60 years (M = 40) at
baseline and were mostly (76%) male. The sample included 30% African Americans, 11%
Hispanics, 47% Caucasians, and 12% who specified other or mixed racial heritages. With respect
to education, 21% had some high school or less, 70% had a high school degree or GED and 9%
had a college or associates degree. Data collection occurred between March 2003 and May 2007.

Participants were randomized to one of four study arms: peer support (n = 57), pager
support (n = 56), both peer and pager (n = 54), or standard of care (n = 57). Data were collected
at baseline (2 weeks for adherence), 3, 6, and 9 months.

Interventions. The three-month peer support intervention was identical in format to the
version given in the Bronx, New York and included six twice-monthly one-hour peer meetings
and to weekly phone calls placed by peers to participants. The only refinement involved training
the peers in a more structured assessment of potential barriers to adherence (e.g., lack of
medication knowledge, poor relationship with health providers).

The three month pager intervention consisted of electronic reminders sent out when it
was time to take every dose of antiretroviral medications. During the intervention phase, the
participants were asked to wear the pager at all times when awake as much as feasible. A
confirmation response was requested to confirm receipt and acknowledgement of each page.

Three types of supplementary messages were also sent including (1) ARV education, (2) jokes or
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thoughts of the day; and (3) adherence assessments. Page frequency was gradually reduced in the
final month of intervention to minimize a rebound in non-adherence.
Beijing, China: Project ARC

Procedures. The sample consisted of 70 adult patients recruited from Beijing’s Ditan
Hospital, the premier treatment center for infectious diseases in China. Eligible participants were
initiating ARV treatment, proficient in Mandarin, had a CD4 count lower than 350 cells/mm’,
were willing to and physically capable of attending follow-up visits at the hospital, and were not
cognitively-impaired or psychotic. Participants ranged in age from 21 to 55 years (M = 36) at
baseline, were primarily Han Chinese (96%), and mostly male (81%). Eligible individuals were
initiating or switching at least two ARV medications, proficient in English, and without dementia
or psychosis. Participants were generally well educated, with 40% having a high school degree
and 9%, a college degree; 47% were currently unemployed. Data collection occurred between
December 2006 and March 2008.

Participants were randomized to either enhanced intervention (n = 36) or standard of care
(n = 34) with were interviewed at baseline, 3, and 6 months.

Interventions. Participants assigned to the enhanced intervention chose between a
reminder alarm alone (n = §), nurse counseling alone (n = 10), or both a reminder alarm and
nurse counseling (n = 18). Enhanced intervention participants who selected the alarm device
were first offered the option of their cell phone as the electronic reminder. If the participant did
not have a cell phone or preferred not to use it, they were provided with a small battery-powered
reminder device. The three-month nurse counseling intervention consisted of three one-hour
sessions delivered at baseline, 5 and 9 weeks. The intervention was delivered by a bachelor’s

level nurse and utilized a manualized protocol. A cognitive-behavioral, problem-solving
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approach was used and included motivational, educational, and skill-building components
specific to ARV treatment.
Measures

Medication adherence. Past three-day dose adherence was assessed using a modified
version of the Adult AIDS Clinical Trial Group Instrument (Chesney et al., 2000). For each
medication, separate questions assessed the number of doses missed yesterday, the day before
yesterday, and three days ago. Prescribed regimen was ascertained by referencing the three days
prior to the assessment date with information from patient medical charts. From these data, we
determined the three-day dose adherence across all ARV medications, calculated as the fraction
of doses taken (doses prescribed - doses missed) over the total number of doses prescribed
during the period. Past three-day dose adherence data were available in the New York and
Seattle studies.

Depression. Participants completed the Centers for Epidemiological Studies Depression
Scale, a non-diagnostic screening measure for assessing depressive symptomatology in the past
week. The New York and Seattle studies utilized the full 20-item instrument (CESD-20; Radloff,
1977) whereas the Beijing study utilized a Mandarin-language version of the abridged 10-item
instrument (CESD-10; Andresen, Malmgren, Carter, & Patrick, 1994). In both versions,
participants indicate the frequency that specific depressive symptoms (e.g., “I was bothered by
things that usually don’t bother me”) were experienced, from 0 [“rarely or none of the time (less
than one day in the past week)”’] to 3 [“most or all of the time (5-7 days in the past week)”].
Total scores on the CESD-20 ranged from 0 to 60, with higher scores reflecting greater
depressive symptomatology. CESD-10 scores were rescaled to match the range of the full

instrument. The CESD-20 scale has demonstrated validity, internal consistency, and test-retest
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reliability (8-week interval, » =.59) (Radloff, 1977). The Chinese CESD-10 scale has
demonstrated high predictive validity compared with the full CESD (x = .75 — .84), high internal
consistency (o = 0.78), and stable test-retest reliability (3-year interval, » = 0.44) (Boey, 1999).
Statistical Analysis

All statistical analyses were performed in the R programming environment (R
Development Core Team, 2008) and the WinBUGS statistical software (Lunn et al., 2000).
Exploratory analyses were first conducted to assess the distribution, inter-correlation, and
longitudinal trajectories of the medication adherence and depression outcomes to inform
specification of the statistical models.

A sequence of Bayesian models was used to integrate data from the (1) New York, (2)
Seattle, and (3) Beijing intervention studies. Separate sets of analyses were conducted for the (a)
medication adherence and (b) depression outcomes. The medication adherence analyses were
limited to the New York and Seattle data, where patients were randomized to receive a specific
single or combination of interventions (peer support and/or reminders). The depression analysis
integrated data from all three sites, including Beijing were participants were randomized to
receive a choice of interventions (reminders and/or nurse counseling).

Intervention coding. The three distinguishable interventions evaluated were peer
support (New York, Seattle), electronic reminders (Seattle, Beijing), and nurse counseling
(Beijing). In the Beijing study, the distinction between receiving electronic reminders and/or
nurse counseling constituted a post hoc contrast and not a true randomized comparison. The
delivery mechanism of the electronic reminders varied by study; in Seattle, a pager was provided

whereas in Beijing, alarms were programmed into a participant’s cell phone or an alarm device.
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Intervention assignment was represented using traditional dummy coding (Cohen, 2003)
with standard of care defined as the reference category. Additionally, two dual intervention
combinations were administered, including peer support with reminders and reminders with
nurse counseling. To represent the dual intervention groups, we also calculated the peer support
x reminder and reminder X nurse counseling interactions. In this coding scheme, the “main
effect” term of each intervention represented the effect of the intervention in isolation and the
interaction term represented any decrement or improvement in outcomes when two interventions
were provided in tandem.

The medication adherence analysis included only the peer support, reminder, and peer
support x reminder terms, whereas the depression analysis also included the nurse counseling
and reminder x nurse counseling terms.

Multilevel generalized linear model. Multilevel generalized linear modeling was used
to assess the effect of intervention on medication adherence, as a percentage of doses taken. We
conducted the multilevel analysis using the robust logistic regression approach of Gelman,
Jakulin, Pittau, and Su (2008). Robust regression models have been recommended for fractional
data in order to derive regression estimates that are resistant to the heteroskedasticity inherent in
the data (Papke & Wooldridge, 2008). For routine application, Gelman et al. (2008)
recommended a ¢ distribution with a scale of 1 and degrees of freedom of 2.5, which is
equivalent to assuming one-half addition success and one-half additional failure in a logistic
regression. To achieve robust inference, the priors for all regression coefficients were defined as
t distributions centered at zero with scale and degrees of freedom parameters of 10, a less
informative distribution and consequently a more conservative choice than Gelman et al.’s

default recommendation.We used the EM algorithm to derive point estimates (i.e., posterior
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mode) of the regression coefficients, estimated using the bayesglm function from the arm
package in R (Gelman et al., 2010).

Bayesian bootstrapping was used to simulate the full posterior distribution (Rubin,
1981b) of the regression coefficients. Bayesian bootstrapping involves three steps: (a) generating
a random probability weight for each observation (a) randomly sampling with replacement from
the original data with the random weights, (b) calculating the statistic of interest using the
generated data, and (c) repeating the process to a desired degree of precision. This iterative
procedure approximates the posterior distribution of a desired statistic (e.g., regression
coefficient). We performed 20,000 bootstrap simulations using the boot package in R. We
chose this approach rather than MCMC as we found MCMC with WinBUGS converged slowly
to the posterior distribution when estimating logistic regressions of fractional outcomes.
Specifically, the MCMC algorithms necessitated substantial tuning and adjustment to achieve,
whereas the bootstrapping-based approach yielded convergence across models with minimal to
no adjustment.

The regression model combining the New York and Seattle studies (Ferron, 1997) is
detailed in Table 1. To accommodate non-linear adherence trajectories identified in exploratory
analysis, the longitudinal time effect was categorized into three contrasts of baseline versus 3, 6,
and 9 months. In the first stage model, adherence in the New York study was regressed on peer
support X New York; time (month 3 vs. 0, 6 vs. 0) x New York; peer support x time x New
York. In the second stage analysis, adherence in the New York and Seattle studies was regressed
on peer support X New York; peer support x Seattle; reminder % Seattle; peer support X reminder
x Seattle; time (month 3 vs. 0, 6 vs. 0) x New York; time (month 3 vs. 0, 6 vs. 0) x Seattle; peer

support X time (month 3 vs. 0, 6 vs. 0) x New York; peer support x time (month 3 vs. 0, 6 vs. 0,
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9 vs. 0) x Seattle; and peer support x reminder X time (month 3 vs. 0, 6 vs. 0, 9 vs. 0) x Seattle.
For the second stage model, data from the New York study were incorporated directly into the
analysis as data augmentation priors. The statistical tests of the interventions were the peer
support x time (month 3 vs. 0, 6 vs. 0, 9 vs. 0); reminder x time (month 3 vs. 0, 6 vs. 0, 9 vs. 0);
and peer support X reminder x time (month 3 vs. 0, 6 vs. 0, 9 vs. 0) interactions.

Multilevel linear modeling. Multilevel linear modeling was used to assess the
association of intervention with depressive symptomatology. We conducted the multilevel
analysis using linear mixed effects regression (LMM), also known as random effects or varying
intercept and/or slope models (Gelman & Hill, 2006). The LMM regressions were specified with
random intercepts, analogous to repeated-measures analysis of variance. We estimated the model
using MCMC simulation with the R2ZWinBUGS package, an R-based interface to the WinBUGS
statistical program.

The full regression model combining the New York and Seattle studies is detailed in
Table 2 (Ferron, 1997). The longitudinal time effect was parameterized as a linear slope. In the
first stage model, depressive symptomatology in New York was regressed on peer support x
New York, time, peer support X time x New York. In the second stage analysis, depressive
symptomatology in New York and Seattle was regressed on peer support x New York, peer
support x Seattle, reminder x Seattle, peer support x reminder x Seattle, time x New York, time
x Seattle, peer support X time X New York, peer support x time x Seattle, and peer support x
reminder X time X Seattle. In the third stage analysis, depressive symptomatology in New York,
Seattle, and Beijing was regressed on peer support x New York, peer support X Seattle, reminder
x Seattle, peer support X reminder X Seattle, time x New York, time X Seattle, time x Beijing,

peer support X time x New York, peer support x time X Seattle, peer support x reminder x time X
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Seattle, reminder x nurse counseling X time % Beijing. For the second and third stage models,
data from earlier stage models were incorporated directly into the most current analysis as data
augmentation priors. The statistical tests of the interventions were the peer support x time,
reminder X time, nurse counseling X time, peer support X reminder X time, and reminder x nurse
counseling x time interactions.

Aggregate estimates. Study-specific intervention effects were estimated in each stage of
the medication adherence and depression symptom analyses using partition dummy codes (Yip
& Tsang, 2007). At each stage of the analyses, we calculated an aggregate effect for each
parameter, by averaging across the posterior distributions of the available study-specific effects.
Each study specific effect was weighted according to the sample size of the study to create a
weighted aggregate effect.

Results
Preliminary analyses

Bivariate correlations, means, standard deviations, skew, and kurtosis statistics by study
at each assessment for the medication adherence and depression outcomes are provided in Tables
3 and 4, respectively.

Medication adherence. An examination of the means and standard deviations indicated
that average medication adherence was stable from baseline to 3 months in New York (78 to
80%) and Seattle (92 to 89%). Between 3 and 6 months, adherence decreased 8% in both studies
from 80 to 72% in New York and from 89% to 81% in Seattle. Adherence remained stable from
6 to 9 months (84%) in Seattle, where 9-month data was available. Individual series plots

indicated that raw adherence trajectories varied from linear to curvilinear.
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The distribution of medication adherence was multi-modal with the highest
concentrations of adherence data at 0% and 100%. Adherence was leptokurtic across time points,
with a range of 2 to 4 in New York and 5 to 12 in Seattle, reflecting a high probability of extreme
values, a pattern consistent with previous investigations (Pearson, Simoni, Hoff, Kurth, &
Martin, 2007). Adherence assessed closer in time (e.g., baseline and 3 months) was more highly
correlated than when separated by one or two assessments (e.g., baseline and 9 months),
indicating a decay in correlation across greater intervals.

Depressive symptoms. An examination of the means and standard deviations indicated
that average depressive symptomatology in the New York and Seattle studies was stable across
assessments, varying from 17 to 20 and 23 to 25, respectively. In Beijing, average depressive
symptoms decreased between baseline and 3 months from 22 to 16, and 6 months remained
stable at 15. Individual series plots indicated that raw depressive symptom trajectories were
generally linear in all three studies.

Depressive symptomatology was approximately normal in distribution with skew of <1
and kurtosis ranging from 2 to 3. Within each study, the correlation of depression data was
similar across time points, averaging .69, .55, and .49 in New York, Seattle, and Beijing,
respectively.

Medication Adherence in New York and Seattle

Beta coefficients, standard deviations, 95% Bayesian confidence intervals, and odds

ratios for the two-stage Bayesian multilevel logistic analysis of medication adherence are

reported in Table 5.
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Bayesian models. To facilitate comparison, posterior means and Bayesian confidence
intervals for the intervention estimates from each stage of analysis, and separately for each study,
are plotted in Figure 1.

Peer support. At 3 months compared with baseline, there was equivocal evidence for an
effect of peer support on medication adherence in the New York-specific model (B =-0.28, 95%
CI=-1.27 - 0.69) with the treatment estimates of highest probability centered near a zero effect,
but stronger evidence in the Seattle-specific model (B =1.67, 95% CI =0.38 — 2.87) with the
treatment estimates of highest probability excluding zero and averaging a five-fold greater
posterior odds of 100% adherence. In the second-stage model combining New York and Seattle,
there was strong evidence for the effect of peer support with the treatment estimates of highest
probability excluding zero and averaging a two-and-a-half-fold greater odds of 100% adherence
(B=0.94, 95% CI = 0.09 — 1.80) at 3 months versus baseline. The posterior distribution of the
estimate was more precise in the second-stage model (SD = 0.44) than either the New York-
specific (SD = 0.50) or Seattle-specific (SD = 0.63) models.

At 6 months compared with baseline, there was weak evidence for a rebound in
medication non-adherence following discontinuation of peer support in both the New York-
specific (B =-0.69, 95% CI =-1.67 — 0.26) and Seattle-specific (B =-1.10, 95% CI =-2.84 —
0.47) models with the treatment estimates of highest probability centered at reduced odds of
100% adherence, but including a zero effect. In the second stage model combining New York
and Seattle, there was weak evidence for the rebound in medication non-adherence at 6 months
versus baseline (B =-0.94, 95% CI = -2.04 — 0.13) with the treatment estimates of highest
probability centered at reduced odds of 100% adherence but including a zero effect. The

posterior distribution of the estimate in the second stage model (SD = 0.54) was comparable in
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precision to the New York-specific model (SD = 0.49), but greater in precision than the Seattle-
specific model (SD = 0.82).

At 9 months compared with baseline, where only the Seattle study contributed data, the
Seattle-specific (B =0.97, 95% CI = -0.51 — 2.40) and second stage New York and Seattle (B =
0.99, 95% CI = -0.49 — 2.40) models produced consistent posterior estimates. In both models,
there was weak evidence for an effect of peer support on medication adherence with the
treatment estimates of highest probability centered at improved odds of 100% adherence, but
including a zero effect.

Electronic reminders. The Seattle-specific and second stage New York and Seattle
models produced consistent posterior estimates for the effect of reminders, where only the
Seattle study contributed data. At 3 months compared with baseline, there was weak evidence for
an effect of reminders on medication adherence in the Seattle-specific (B = 1.23, 95% CI = -0.05
— 2.47) and second stage New York and Seattle (B =1.24, 95% CI = -0.01 — 2.50) models with
the treatment estimates of highest probability centered at improved odds of 100% adherence but
including a zero effect. At 6 months compared with baseline, there was equivocal evidence for
an effect of reminders in the Seattle-specific (B =-1.01, 95% CI = -2.79 — 0.62) and second-stage
New York and Seattle (B =-1.01, 95% CI =-2.79 — 0.56) models with the treatment estimates of
highest probability including a zero effect. At 9 months compared with baseline, there was weak
evidence for an effect of reminders in the Seattle-specific (B =1.36, 95% CI =-0.15 —2.78) and
second stage New York and Seattle (B =1.37, 95% CI = -0.14 — 2.78) models with the treatment
estimates of highest probability centered at improved odds of 100% adherence but including a

zero effect.
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Interaction of Peer support and Electronic reminders. The Seattle-specific and second
stage New York and Seattle models produced consistent posterior estimates for the interactive
effect of peer support and reminders, where only the Seattle study contributed data. At 3 months
compared with baseline, there was equivocal evidence for an interactive effect of peer support
and reminders on medication adherence in the Seattle-specific (B =-0.97, 95% CI=-2.78 —
0.87) and second stage New York and Seattle (B =-0.97, 95% CI = -2.81 — 0.86) models with
the interaction estimates of highest probability including a zero effect. At 6 months, there was
equivocal evidence for an interactive effect of peer support and reminders on medication
adherence in the Seattle-specific (B = 1.35, 95% CI =-0.70 — 3.49) and second stage New York
and Seattle (B = 1.34, 95% CI =-0.61 — 3.53) models with the interaction estimates of highest
probability including a zero effect. At 9 months, there was equivocal evidence for an interactive
effect of peer support and reminders on medication adherence in the Seattle-specific (B =-1.29,
95% CI=-3.33 — 0.84) and second stage New York and Seattle (B =-1.32, 95% CI =-3.33 —
0.81) models with the interaction estimates of highest probability including a zero effect.

Classical models. Classical and Bayesian estimates are plotted in Figure 3. In the study-
specific models, classical mean estimates of the intervention effects were close or identical to the
Bayesian mean estimates. Bayesian confidence intervals based on a conservative, weakly-
informative prior (Gelman et al., 2008) were larger than the corresponding frequentist confidence
intervals.

Depression in New York, Seattle, and Beijing
Beta coefficients, standard deviations, and 95% Bayesian confidence intervals for the

three-stage Bayesian multilevel linear analysis of depressive symptoms are reported in Table 6.
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Bayesian models. To facilitate comparison, posterior means and Bayesian confidence
intervals for the intervention estimates, from each stage of analysis and separately for each study,
are plotted in Figure 2.

Peer support. There was weak evidence for an iatrogenic effect of peer support on
depressive symptom change in the New York-specific model (B = 1.64, 95% CI = -0.05 — 3.40)
with the treatment estimates of highest probability centered at slower reduction in depressive
symptoms but including a zero effect. In contrast, there was evidence for a beneficial effect of
peer support in the Seattle-specific model (B =-1.57, 95% CI =-2.92 —-0.11) with the treatment
estimates of highest probability excluding zero and averaging a one-and-a-half point faster
reduction every three months in depressive symptoms. In the second stage model combining
New York and Seattle, there was equivocal evidence for the effect of peer support on depressive
symptom change (B =-0.43, 95% CI =-1.58 — 0.70) with the treatment estimates of highest
probability including a zero effect. In the third-stage New York, Seattle, and Beijing model,
where no additional peer support data was added, the posterior distribution for the peer support
estimate remained constant (B =-0.36, 95% CI = -1.48 — 0.78). The precision of the posterior
distribution of the estimate increased from the first-stage (SD = 0.88) to second-stage (SD =
0.58) model, and remained constant in the third-stage (SD = 0.58) model.

Electronic reminders. There was weak evidence for an effect of reminders on depressive
symptom change in the Seattle-specific model (B =-1.35, 95% CI =-2.74 — 0.04) with the
treatment estimates of highest probability centered at a faster reduction in depressive symptoms,
but including a zero effect. There was equivocal evidence in the Beijing-specific model (B =
1.54, 95% CI = -3.06 — 5.79) with the treatment estimates of highest probability including a zero

effect. In the second-stage New York and Seattle model, where reminder data was introduced,
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there was weak evidence for an effect of the intervention on depressive symptom change (B = -
1.34, 95% CI = -2.66 — 0.05) with the treatment estimates of highest probability centered at a
faster reduction in depressive symptoms, but including a zero effect. In the third-stage New
York, Seattle, and Beijing model, evidence for an effect of reminders on depressive symptom
change (B =-0.65, 95% CI = -2.07 — 0.80) became more equivocal with the treatment estimates
of highest probability converging to a zero effect. The precision of the posterior distribution of
the reminder estimate remained constant from the second-stage (SD = 0.69) to third-stage (SD =
0.74) models. The reminder estimate in the Seattle-specific model (SD = 0.71) was more precise
than in the Beijing-specific model (SD = 2.27), indicating that the third-stage estimate was driven
by the Seattle data with minimal influence from the Beijing data.

Nurse counseling. There was equivocal evidence for an effect of the nurse counseling
intervention, which was evaluated in the Beijing study, on depressive symptom change in the
Beijing-specific model (B =-1.12, 95% CI = -5.18 — 3.08) with the treatment estimates of
highest probability including a zero effect. In the third-stage model, where data on nurse
counseling was introduced, there was equivocal evidence for an effect of the intervention on
depressive symptom change (B =-1.10, 95% CI = -4.97 — 2.99) with the treatment estimates of
highest probability including a zero effect. The precision of the posterior distribution of the nurse
counseling estimate was consistent between the third-stage (SD = 2.03) and Beijing-specific (SD
= 2.10) models.

Interaction of Peer support and Electronic reminders. There was evidence for an
interactive effect of peer support and reminders, which were combined in the Seattle study, on
depressive symptom change in the Seattle-specific model (B =2.06, 95% CI = 0.07 — 4.07) with

the interaction estimates of highest probability centered at slower reduction in symptoms. In the
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second-stage New York and Seattle, where data on peer support and reminders in combination
were introduced, there was evidence for an interactive effect on depressive symptom change (B =
2.05, 95% CI=0.12 — 3.99) with the interaction estimates of highest probability centered at
slower reduction in symptoms. In the third-stage New York, Seattle, and Beijing model, where
no additional peer support and reminder data was added, the posterior distribution of the
interaction estimate remained constant (B = 2.05, 95% CI = 0.13 — 3.91). The precision of the
posterior distribution of the interaction estimate remained constant from the second-stage (SD =
0.99) to third-stage (SD = 0.97) models.

Interaction of Electronic reminders and Nurse counseling. There was equivocal
evidence for an interactive effect of reminders and nurse counseling, which were combined in
the Beijing study, on depressive symptom change in the Beijing-specific model (B = -0.50, 95%
CIl = -6.94 — 5.62) with the interaction estimates of highest probability including a zero effect. In
the third-stage model, where data on reminders and nurse counseling in combination was
introduced, there was equivocal evidence for an interactive effect on depressive symptom change
(B=-0.52,95% CI =-6.57— 5.56) with the interaction estimates of highest probability including
a zero effect. The precision of the posterior distribution of the interaction estimate was consistent
between the third-stage (SD = 3.11) and Beijing-specific (SD = 3.21) models.

Classical models. Classical and Bayesian estimates are plotted in Figure 4. Across study-
specific models, classical mean estimates of the intervention effects were close or identical to the
Bayesian mean estimates. Bayesian confidence intervals based on a non-informative prior were

close or identical to the frequentist confidence intervals.
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Discussion

This study evaluated a Bayesian statistical approach to intervention analysis in which
data from previous investigations are leveraged to inform the analysis of studies to follow. The
objective was to illustrate the theoretical considerations and mechanics of combining data from
heterogeneous studies, using actual data from three RCTs evaluating behavioral interventions for
improving HIV antiretroviral adherence and mental health. The accumulation of knowledge was
illustrated using multilevel modeling, increasingly used for the evaluation of longitudinal studies.
We improve upon previous approaches, which have assumed the statistically interchangeability
of data from different studies are by accounting for site-specific effects in all analyses. The
integration of data from multiple sources led to refined estimates of intervention effectiveness.
The advantages were most apparent in cases where the range of probable intervention effects
included a zero effect when each study was evaluated independently. However, differences arose
in the estimates of intervention effectiveness across studies which raise key substantive questions
about the reasons behind that variation and when the decision to aggregate data may be
appropriate.

In the first set of analyses, we evaluated medication adherence outcomes in the New
York and Seattle studies, the most similar with respect to design and interventions. Both studies
evaluated a nearly identical version of a peer support intervention for improving HIV
antiretroviral compliance. The Seattle study also introduced a reminder intervention that was not
tested in the New York Study. We performed two sets of multilevel logistic regressions,
beginning with a first stage analysis of the New York study and incorporating the Seattle data in
a second stage analysis. The aggregated estimates of the peer support effect at 3, 6 and 9 months,

based upon data from both New York and Seattle, were similar or greater in precision than
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estimates from the individual studies. Specifically, the peer support estimates of highest
probability were centered at and included a zero effect on medication adherence at 3 months
versus baseline in New York, but were centered at a five-fold greater odds of 100% adherence at
3 months versus baseline, excluding a zero effect, in Seattle. The aggregated peer support
estimate was smaller in magnitude than in the Seattle analysis, but had greater precision and a
smaller confidence interval. The estimates of the reminder intervention did not change when the
two studies were analyzed simultaneously, indicating that data was successfully pooled in one
intervention without biasing the evaluation of another.

In the second set of analyses, we evaluated depression outcomes in the full sequence of
studies, which introduced the complexity of accommodating a study with substantial differences
in study methodology. Whereas the New York and Seattle studies involved a fully randomized
design with an identical intervention common to both, participants in the Beijing study were
randomized to standard of care or a choice of interventions, including a form of electronic
reminder that differed from the version used in the Seattle study. In the initial New York study,
peer support participants had marginally poorer improvement in depression over time compared
with standard of care, however in the later Seattle study, peer support was associated with a
reduction in depressive symptomatology. In the second stage analysis combining both studies,
the mean effect of peer support converged to zero. Electronic reminders, which were introduced
in the Seattle study, were associated with a marginally higher reduction in depression over time
compared, and in the later Beijing study, they were unassociated with depressive symptoms.
Similar to the finding with peer support, in the final stage analysis the effect of reminders also

converged to zero. An alternating valence of effect can indicate a net effect of zero, but could
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also arise from differential implementation of the interventions or contextual differences in how
different populations responded to the intervention.

It is important to recognize that the interpretation of a Bayesian analysis depends on the
comparability of the data sources to be pooled and the extent to which choice to combine is
sufficiently justified. Differences in the intervention estimates across studies can arise from a
number of sources including, but not limited to, implementation, contextual, and secular effects.
Implementation effects result from variation in the intervention due to between study differences
in treatment protocol, interventionist skill level, duration and intensity of treatment, intervention
fidelity, and variation in study methodology (e.g., outcome measures). Contextual effects arise
when the populations of each study respond differently to the intervention. Participant
characteristics, such as race or ethnicity, age, culture, and mental and physical health, have the
potential of moderating the effectiveness of the intervention. These characteristics may vary by
geographical location or be driven by recruitment procedures and eligibility criteria (e.g., a
tightly screened efficacy study sampling individuals with less co-occurring pathology compared
with an effectiveness study sampling broadly from the community).

Contextual effects arise from an interaction of individual difference and sociological
factors, few of which may have been objectively assessed beyond basic demographic
characteristics. Although geography can serve as a proxy for context, it may be misleading since
distinct subpopulations could be sampled from the same geographic area (e.g., a low-income
clinic versus a private hospital). Secular effects are a specific contextual effect connected with
response differences due to time. Time can be defined at the individual level, such as time spent
with a condition, a newly diagnosed HIV patient versus one who has lived with the diagnosis for

many years. It can also be defined by calendar time, such as a sample of newly diagnosed HIV
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patients in the 1990s versus the 2010s. Consequently, secular effects may be attributable to
cohort differences (e.g., earlier diagnosis and improved health among newer patients) that may
influence intervention response.

In practice, interventions are rarely replicated under identical conditions meaning
contextual and implementation effects are likely the rule rather than the exception. Although this
can be viewed as a complicating factor, it is a natural consequence of the intervention
development process. However, while some variation between treatment estimates may be
unavoidable as interventions and samples change across studies, at what point does pooling
become invalid because the treatment itself is no longer the same or because the populations in
the respective studies responded to the treatment in distinct ways? The substantive decision to
aggregate data across studies must be defended in light of contextual, implementation, and
secular effects that may influence the interpretability of the aggregated analysis and subsequent
inference.

The present study provided a case exemplar where a compelling a priori case could be
made for pooling two of the three studies (New York and Seattle) and a weaker case for the third
(Beijing). The New York and Seattle studies were the most compatible in that they were both
fully randomized designs, shared an intervention that was administered under nearly identical
protocols, and used similar outcome measures. The primary implementation differences in the
Seattle study were a factorial design involving an additional intervention and a longer follow up
period. Thus, the basic structure of the New York study could be considered as nested within the
Seattle design. In this context, the New York and Seattle studies could be modeled with parallel
regression parameters and the corresponding estimates (i.e., peer support vs. standard of care in

New York and Seattle) combined with a minimum of assumptions. Contextually, both the New
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York and Seattle studies were conducted at outpatient HIV clinics serving a diverse, indigent
patient population. However, many of the first fixed dose combinations, which combine multiple
antiretroviral drugs in a single pill, received FDA approval in the early 2000s, so participants in
the Seattle study, conducted between 2003 and 2007, benefited from wider availability of less
burdensome medication regimens. Thus a secular difference may have made the experiences of
receiving HIV treatment less comparable for the cohort of patients in the New York versus
Seattle studies.

There were greater substantive differences in the implementation of the Beijing study
versus the U.S. studies, including randomization to a choice of interventions, use of an alarm
device instead of a pager, and an alternate set of medication adherence and depression measures.
Integrating the Beijing study into the analysis of depression outcomes involved subsuming the
pagers provided in Seattle and the alarm devices in the Beijing study under a more general class
of “electronic reminders,” equating participants randomly assigned to an intervention with those
who received a choice, and using two variations of the CES-D scale as the outcome. Moreover
there were important contextual differences in the Chinese sample including greater HIV stigma.
a barrier to medication adherence (Rintamaki, Davis, Skripkauskas, Bennett, & Wolf, 2006),
structural differences in medical care delivery, and secular differences in the HIV epidemic in
China (Starks et al., 2008) compared with the United States. Because of these factors, the third
stage analysis of the depression outcome that incorporates the Beijing data warrants more
cautious interpretation.

Collectively, the integration of multiple intervention studies entails a number of
methodological considerations. The groundwork involves establishing a case for combining

studies, which necessitates a comparison of how the interventions are implemented in each study
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as well as a review of contextual factors that could affect the response to intervention and
establishing an a priori rationale for aggregating across the studies. From there, a taxonomy is
developed of which interventions can be meaningfully combined across a set of studies. A
second aspect involves accommodating study design differences, such as defining longitudinal
trajectories in a manner compatible with varying assessment schedules and allowing for differing
sets of interventions across studies. A third aspect is controlling for the nesting of data within
study, and recombining those stratified estimates. A fourth aspect is accumulating data
accurately in a longitudinal Bayesian model, such as through the use of data augmentation priors.

The common approach to accumulating data in a Bayesian framework assumes
exchangeability between the prior and likelihood. This is mathematically equivalent to a classical
model in which data from two sources are pooled in a single analysis without controlling for
nesting or other variables that may systematically differ. Although Bayesian techniques were
used to estimate all statistical models, basic principles of model building generally apply
regardless of whether the model is approached from a Bayesian versus classical perspective.
Consequently, the integration of multiple datasets in a Bayesian analysis does not absolve the
researcher from the responsibility of accounting for greater correlation of data from the same
sites.

It is important to consider the limitations of the approach that we detail. First, our
approach involves controlling for study-specific effects in a Bayesian statistical model and
calculating a weighted combination those individual estimates to produce a single index of
intervention effectiveness. However, if the statistical estimates are substantially different
between sites, a single index may not be appropriate and it may be necessary to examine the

study-specific estimates individually. In the same way that the a priori decision to combine
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studies is initially justified on substantive and theoretical grounds, a post hoc decision to reject
data pooling would also need to be theory driven. Using our case example, the initial decision to
combine peer support data from the New York and Seattle studies was justified on the grounds of
the close comparability of the intervention protocols and general comparability of the outpatient
contexts in which both studies were conducted, despite being conducted in different cities. The
clearly equivocal effect of peer support in the New York study compared with the clearly
positive effect in the Seattle study could be used as grounds to reconsider contextual effects as
having a stronger role than initially anticipated. For example, we may theorize that peer support
may not have been effective for the types of antiretroviral regimens prescribed in the early
2000s. Thus, we may decide that Seattle study may be a more accurate reflection of how peer
support performs on more current regimens and not leverage New York data. In this scenario,
there is less advantage to Bayesian analysis as information would not be pooled so the precision
of the results would be similar or identical to a classical analysis. If compelling arguments can be
made both for and against pooling, a reasonable compromise may be to report both the study-
specific and aggregated results, with the appropriate qualifiers for interpreting the aggregated
results.

A second limitation is the complexity of the software, which has been a major barrier to
the adoption of Bayesian analysis. The analyses we demonstrated were performed using freely
available packages for the R statistical software. With minimal modification, all of the analyses
detailed in this report could also be performed in SPSS, SAS, Stata, and other commercial
packages by using an approximate Bayesian approach (Greenland & Christensen, 2001) in which
informative and non-informative prior data are incorporated into the analysis as additional

observations in the dataset. Follow-up research to examine the use of classical statistical software
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to estimate Bayesian models would be useful since the literature to date has focused on
simulation based methods such as MCMC.

Theoretically and practically, Bayesian analysis is an attractive option for evaluating
intervention studies. Estimates from the Bayesian models have a direct interpretation as the
probability that the interventions are within a range (i.e., 95% confidence interval) of
effectiveness, as opposed to the indirect interpretation of a classical model that a replication of
the study would give rise to an estimate of the intervention within a range of uncertainty.
Analyses can be updated over time, from the initial pilot investigation to later efficacy and
effectiveness studies, leveraging all past sources of data without a penalty for repeat use of the
same data. The approach detailed in the present study provides a means of incorporating the
principles of meta-analysis into all stages of intervention evaluation, with as few as two studies.
This case study illustrated the substantive considerations necessary to support the decision to
combine data across studies, and careful review of the findings to confirm the appropriateness of
pooling. As the field of psychological intervention research moves towards integrative data
analysis, Bayesian inference affords an elegant framework for synthesizing multiple sources of

information.
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Table 1. Bayesian Population-Averaged Growth Curve Model in HLM Notation Evaluating the
Peer and Reminder Interventions with Medication Adherence Data from New York and Seattle

Level I model:
logittADHERE,;) = np; + 11 {TIME1},) + m,(TIME2,) + m3,(TIME3) + e,
where ¢ = time point, { = participant, and e; ~ N(0, Gez)

Level Il model:
7o; = Poo + Bo1(SEA)) +
Bo2(PEER; x NY)) + By3(PEER; x SEA;) +
BosREMINDER; x SEA;) +
Bos(PEER; x REMINDER; x SEA,)

;= Bos(NY;) + Po7(SEA)) +
Bos(PEER; x NY;) + Boo(PEER; X SEA;) +
B,(REMINDER; x SEA,) +
B,,(PEER; x REMINDER, x SEA))

7 = B12(NY)) + B13(SEA)) +
B (PEER,; x NY,) + B15(PEER; x SEA,) +
B((REMINDER, x SEA,) +
B,5(PEER, x REMINDER, x SEA,)

T3 = Pis(SEA)) +
Bio(PEER; x SEA;) +
B.(REMINDER,; x SEA,) +
B,1(PEER, x REMINDER, x SEA,)

Generalized linear mixed model:

logit(ADHERE,) = Boo + Bo1(SEA,) + [Intercept]
Bo2(PEER; x NYj;) + Bo3(PEER, * SEA;) + [Peer]
Bos(REMINDER, x SEA,) + [Reminder]
Bos(PEER, x REMINDER, x SEA,) + [Peer x Reminder]
Bos(TIME1,; x NY;) + Bo7(TIMEL, xSEA,) + [Timel)
Bos(PEER,; x TIME1, x NY,) + Boo(PEER,, x TIME1, x SEA,) + [Peer x Timel]
B1o(REMINDER,; x TIME1, x SEA,) + [Reminder x Timel]
B11(PEER, x REMINDER, x TIME1, x SEA,) + [Peer x Reminder x Timel]
B12(TIME2; X NY,) + B13(TIME2,; x SEA,) + [Time2]
Pus(PEER; x TIME2; x NY,) + B;s(PEER,, x TIME2,; x SEA,) + [Peer x Time2]
Bis(REMINDER, x TIME2, x SEA;) + [Reminder x Time2]
B17(PEER, x REMINDER,; x TIME2,; x SEA,) + [Peer x Reminder x Time2]
B1s(TIME3,; x SEA;) + [Time3]
B1o(PEER, x TIME3, x SEA;) + [Peer x Time3]
B2o(REMINDER, x TIME3, x SEA,) + [Reminder x Time3]
B21(PEER, x REMINDER, x TIME3, x SEA,) + ¢, [Peer x Reminder x Time3]

Note. my; is the intercept (baseline) of the medication adherence trajectory for the ith participant,

and my;, 7y;, m3;, are the slopes (baseline versus 3, 6, and 9 months) of the medication adherence
trajectories for the ith participant; Each row represents a model parameter with separate

estimates for each study city.
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Table 2. Bayesian Growth Curve Model in HLM notation Evaluating Peer, Reminder, and Nurse
Interventions with Depression Data from New York, Seattle, and Beijing

Level I model:
CESD;; = mp; + m(TIME,) + e,;, where ¢ = time point, i = participant and e, ~ N(0, )

Level Il model:
7o; = Poo + Bo1(SEA;) + Boo(BEL) +
Bos(PEER; x NY,) + Bou(PEER, x SEA,) +
Bos(REMINDER, x SEA,) + Bys(REMINDER; x BEI) +
Bo(NURSE;  BEI) +
Bos(PEER; x REMINDER, x SEA,) +
Boo(NURSE; x REMINDER; x BEIL,) +
Tos Toi ~ N(0, 6¢%)

71 = Bro(NY:) + Bu(SEA)) + B12(BED) +
Bi3(PEER; x NY)) + B14(PEER, x SEA;) +
B1s(REMINDER; x SEA)) + ;s(REMINDER; x BEI) +
B1(NURSE, x BEI) +
B1s(PEER; x REMINDER; x SEA)) +
L1o(NURSE; x REMINDER; x BEI)

Linear mixed model:

CESD;; = Boo + Boi(SEA) + Box(BEL) + [Intercept]
Bos(PEER; x NY,;) + Boas(PEER,; x SEA,) + [Peer]
Bos(REMINDER,; x SEA,) + fps(REMINDER,; * BEI,) + [Reminder]
Po7(NURSE,; x TIME,; x BEI,;) + [Nurse]
Bos(PEER; x REMINDER,; x SEA,) + [Peer x Reminder]
Poo(NURSE,; X REMINDER,; x BEI,;) + [Nursex Reminder]
B1o(TIME, x NY,) + B11(TIME,; x SEA,) + B,2(TIME,; * BEI,) + [Time]

Bi3(PEER; x TIME,; x NY;) + B14(PEER, x TIME,; x SEA,) + [Peer x Time]

Reminder x Time]

Nurse x Time]

Peer x Reminder x Time]
Nursex Reminder x Time]

B1s(REMINDER,; x TIME,; x SEA;) + f,;s(REMINDER,; x TIME,; x BEI,;) +
B1-(NURSE, x TIME, x BEIL,) +

B.s(PEER, x REMINDER, x TIME, x SEA,) +

B1o(NURSE,; x REMINDER, x TIME, x BEI,)

Lo + ey

— r——

Note. my; is the intercept (baseline) of the depression trajectory for the ith participant, and m;; is
the slope of the depression trajectories for the ith participant. Each row represents a model
parameter with separate estimates for each city.
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Table 3. Pearson Correlations Among Month 0, 3, 6, and 9 Adherence Outcome with Means,
Standard Deviations, Skew, and Kurtosis Statistics

Month 3 Month 6 Month 9 M SD Skew Kurtosis

New York

Month 0 .36 24 - .78 .34 -1.45 3.76

Month 3 45 - .80 .34 -1.56 3.90

Month 6 72 41 -1.04 2.29
Seattle

Month 0 .29 .20 -.05 .92 .20 -2.96 12.09

Month 3 .29 23 .89 .26 -2.52 8.41

Month 6 33 .81 .34 -1.65 4.06

Month 9 .84 32 -1.97 5.40
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Table 4. Pearson Correlations Among Month 0, 3, 6, and 9 Depressive Symptom Outcomes with
Means, Standard deviations, Skew, and Kurtosis Statistics

Month 3 Month 6 Month 9 M SD Skew Kurtosis

New York

Month 0 72 .67 - 19.73 11.78 0.62 2.96

Month 3 .67 - 17.03 11.52 0.58 2.62

Month 6 19.61 13.03 0.69 2.89
Seattle

Month 0 .54 S1 S1 25.24 11.55 0.12 2.06

Month 3 .64 .57 23.46 12.32 0.21 2.13

Month 6 .54 23.57 11.90 0.25 2.19

Month 9 23.09 12.56 0.24 2.21
Beijing

Month 0 .53 45 - 22.29 11.49 0.09 1.86

Month 3 49 - 16.30 10.74 0.46 2.24

Month 6 14.97 10.44 0.57 2.27




Table 5. Summary of Bayesian Multilevel Logistic Regression Models Combining New York and Seattle Adherence Data

New York only Seattle only New York + Seattle
B SD 95% CI OR B SD 95% CI OR B SD 95% CI OR
Intercept (Baseline status)
Intercept (Standard of care) 1.15 0.27  0.65-1.69 - 3.23 037 2.50-3.97 - 2.45 0.26 1.96 —2.96 -
Peer support 0.27 036 -045-0.97 1.31 -094 050 -192-0.06 0.39 -049 034 -1.18-0.18 0.61
Reminder -0.91 053 -193-0.13 040 -0.92 053 -194-0.14 040
Peer x Reminder 0.91 075 -053-243 249 0.92 075 -049-245 252
Slope (Change since baseline)
Time (Standard of care)
- Month 3 vs. Baseline 0.26 036 -043-098 1.30 -1.58 043 -2.41--0.73 0.21 -0.89 030 -147--0.30 041
- Month 6 vs. Baseline 0.04 032 -0.58-0.67 1.04 -0.11 0.68 -142-136 0.89 -0.06 045 -091-0.88 0.94
- Month 9 vs. Baseline -1.69 052 -2.73--0.69 0.18 -1.70 051 -2.72--0.69 0.18
Peer x Time
- Month 3 vs. Baseline -0.28 0.50 -1.27-0.69 0.76 1.67 0.63 0.38-2.87 5.32 0.94 0.44 0.09-1.80 2.56
- Month 6 vs. Baseline -0.69 049 -1.67-026 0.50 -1.10 082 -2.84-047 033 -094 054 -2.04-0.13 0.39
- Month 9 vs. Baseline 0.97 074 -051-240 2.63 0.99 073 -049-240 2.69
Reminder x Time
- Month 3 vs. Baseline 1.23 0.64 -005-247 344 1.24 0.64 -0.01-250 3.46
- Month 6 vs. Baseline -1.01 085 -279-0.62 0.36 -1.01 085 -279-056 037
- Month 9 vs. Baseline 1.36 075 -0.15-2.78 3.89 1.37 074 -0.14-278 394
Peer x Reminder x Time
- Month 3 vs. Baseline -097 094 -2.78-0.87 0.38 -097 094 -281-0.86 0.38
- Month 6 vs. Baseline 1.35 1.06 -0.70-3.49 3.87 1.34 1.05 -0.61-3.53 3.82
- Month 9 vs. Baseline -1.29 1.06 -333-0.84 0.27 -1.32 1.05 -333-0.81 0.27

Note. Estimates in bold possess a 95% Bayesian confidence interval that does not contain a zero effect.
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Table 6. Bayesian Multilevel Linear Models Sequentially Combining Depression Data from New York, Seattle, and Beijing

I. New York II. New York + Seattle III. New York + Seattle + Beijing
B SD 95% CI B SD 95% CI B SD 95% CI
Intercept (Baseline status)
Intercept 19.17 1.48 16.21 —21.98 20.85 0.99 18.87 —22.74 21.28 0.96 19.45 -23.23
Peer 0.23 2.06 -3.72-4.28 3.46 1.44 0.53 - 6.21 3.18 1.52 0.17 - 6.11
Reminder 2.78 2.12 -1.24 -7.01 0.97 1.93 -2.94 —-4.62
Nurse 1.01 4.19 -7.01 —9.41
Peer X Reminder -5.65 3.00 -11.58 -0.19 -5.68 3.00 -11.57-0.20
Reminder x Nurse 3.26 6.47 -9.65 - 15.61
Slope (Change per assessment)
Time (Standard of care) -1.22 0.63 -2.44-0.02 -0.12 0.40 -0.93 - 0.64 -0.78 0.38 -1.51 --0.03
Peer x Time 1.64 0.88 -0.05-3.40 -0.43 0.58 -1.58 - 0.70 -0.36 0.58 -1.48-0.78
Reminder x Time -1.34 0.69 -2.66 —0.05 -0.65 0.74 -2.07-0.80
Nurse x Time -1.10 2.03 -4.97-2.99
Peer x Reminder x Time 2.05 0.99 0.12 - 3.99 2.05 0.97 0.13-3.91
Reminder x Nurse x Time -0.52 3.11 -6.57-5.56
Seattle only Beijing only
Intercept (Baseline status)
Intercept (Standard of care) 22.30 1.50 19.32 —25.20 22.12 1.83 18.43 — 25.61
Peer 4.98 2.12 0.77 -9.10
Reminder 2.82 2.13 -1.36-6.98 -4.98 4.18 -13.42-2.87
Nurse 0.94 3.88 -6.74 — 8.55
Peer x Reminder -5.69 3.04 -11.62-0.31
Reminder x Nurse 3.40 5.94 -8.04 —15.33
Slope (Change per assessment)
Time (Standard of care) 0.41 0.50 -0.58 —1.39 -3.77 1.05 -5.93 —-1.81
Peer x Time -1.57 0.72 -2.92 —-0.11
Reminder x Time -1.35 0.71 -2.74-0.04 1.54 2.27 -3.06 -5.79
Nurse x Time -1.12 2.10 -5.18-3.08
Peer x Reminder x Time 2.06 1.02 0.07 - 4.07
Reminder x Nurse x Time -0.50 3.21 -6.94 - 5.62

Note. Estimates in bold possess a 95% Bayesian confidence interval that does not contain a zero effect.
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