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Abstract

Background/Aims: When participants in individually randomized group treatment trials are
treated by multiple clinicians or in multiple group treatment sessions throughout the trial, this
induces partially nested clusters which can affect the power of a trial. We investigate this issue in
the Whole Health Options and Pain Education trial (WHOPE), a three-arm pragmatic, individually
randomized clinical trial. We evaluate whether partial clusters due to multiple visits delivered

by different clinicians in the Whole Health Team arm and dynamic participant groups due to
changing group leaders and/or participants across treatment sessions during treatment delivery in
the Primary Care Group Education arm may impact the power of the trial. We also present a
Bayesian approach to estimate the intraclass correlation coefficients (ICCs).

Methods: We present statistical models for each treatment arm of wHOPE in which power

is estimated under different ICCs and mapping matrices between participants and clinicians or
treatment sessions. Power calculations are based on pairwise comparisons. In practice, sample size
calculations depend on estimates of the ICCs at the treatment sessions and clinician levels. To
accommodate such complexities, we present a Bayesian framework for the estimation of ICCs
under different participant-to-session and participant-to-clinician mapping scenarios. We simulated
continuous outcome data based on various clinical scenarios in WHOPE using a range of ICCs and
mapping matrices and used Gibbs samplers with conjugate priors to obtain posteriors of the ICCs
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under those different scenarios. Posterior means and medians and their biases are calculated for the
ICCs to evaluate the operating characteristics of the Bayesian ICC estimators.

Results: Power for Whole Health Team vs. Primary Care Group Education is sensitive to the
ICC in the Whole Health Team arm. In these two arms, an increased number of clinicians, more
evenly distributed workload of clinicians or more homogeneous treatment group sizes leads to
increased power. Our simulation study for the ICC estimation indicates that the posterior mean
ICC estimator has less bias when the true ICCs are large (i.e., 0.10), but when the ICC is small
(i.e., 0.01), the posterior median ICC estimator is less biased.

Conclusion: Knowledge of ICCs and the structure of clustering is critical to the design of
individually randomized group treatment trials with partially nested clusters. We demonstrate
that the ICC of the Whole Health Team arm can affect power in the wHOPE trial. A Bayesian
approach provides a flexible procedure for estimating the ICCs under complex scenarios. More
work is needed to educate the research community about the individually randomized group
treatment design and encourage publication of ICCs to help inform future trial designs.

Keywords

Individually randomized group treatment; clustering; dynamic treatment group; Bayesian;
multiple-arm trial; power; intraclass correlation; pragmatic trials; multiple-membership model

Background/Aims

It is possible for participants in individually randomized trials to receive group-based
treatments. For example, multiple participants can receive treatment from the same health
professional, or they can be treated in a group setting along with other participants. Such
trials are referred to as individually randomized group treatment trials.1* The outcomes
measured for participants treated by the same health professional or in the same group

are often more similar than those measured across different health professionals or groups,
leading to a positive intraclass correlation coefficient (ICC). Such within-cluster correlation
needs to be accounted for appropriately during both the design and analysis. If not, the trial
risks being underpowered or having an inflated type | error rate.

Concerns about potential clustering induced by group treatment arose after the initial design
of the Whole Health Options in Pain Education trial (WHOPE), a three-arm trial comparing
two active interventions (Whole Health Team and Primary Care Group Education) to and
Usual Primary Care (control). The primary aim is to reduce pain interference; the secondary
aim is to improve functioning and quality of life among Veterans with moderate to severe
chronic pain.5 Individuals randomized to the Whole Health Team arm attend one initial

and four follow-up visits with an interdisciplinary co-located team consisting of a medical
provider and at least one complementary integrative health provider (e.g., acupuncturist,

Tai Chi instructor) to develop a personalized health plan to manage chronic pain using non-
pharmacological strategies. They also receive eight individual coaching sessions delivered
by primarily one Whole Health coach to reinforce the personalized health plan. Altogether,
this arm has a total of 31 primary and backup clinicians (8 primary care providers, 13
integrative health providers, 10 Whole Health coaches) across 5 geographically diverse
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enrollment sites (details in Supplemental Table 1). Individuals randomized to Primary Care
Group Education participate in five weekly open group cognitive behavioral therapy sessions
for chronic pain led by one of 11 psychologists, each with potentially varying group sizes
(usually 4-10 participants) and composition of participants, creating a complex interaction
network. Such a multiple-to-multiple relationship has been previously discussed under

the framework of multiple membership models in partially nested designs.5-2 A sample
individual-clinician interaction schedule for the two treatment arms is in Supplemental Table
2. The Usual Primary Care arm consists of routine primary care for chronic pain in which
participants are individually managed by their own primary care providers. Clustering is not
considered for this arm. Previous studies have independently investigated grouped treatment
and ungrouped control.19-12 The impact of complex intraclass correlations at the clinician
and session levels on sample size and power, such as in WHOPE, has not yet been fully
investigated in the trial design literature.

To address this gap, we discuss a multiple membership model that accommodates three
arms with different nesting structures, as in the wHOPE trial. We investigate how the
study power is affected by the magnitude of ICCs as well as variations in mapping
matrices characterizing the dynamic participant-session and participant-clinician networks.
Estimating ICCs in the multiple membership model may be more complex than standard
mixed effects models; therefore, we present a Bayesian ICC estimator and examine its
operating characteristics via simulations to inform potential sample size re-estimation for
WHOPE based on interim data.

The wHOPE Trial

WHOPE is a pragmatic, individually randomized clinical trial to address pain management in
Veterans with moderate to severe chronic pain. Figure 1 presents the wHOPE study design;
full details have been published elsewhere.? Briefly, participants are randomized to three
arms, two active treatments (Whole Health Team and Primary Care Group Intervention)13
and Usual Primary Care in an approximately 11:11:2 ratio, stratified by site. The primary
outcome is change in pain interference score using the Brief Pain Inventory4 from baseline
to the final study outcome assessment at 12 months. The score is an average of seven items
(scale 0-10) measuring the extent to which pain has interfered with various domains such as
enjoyment of life and general activity.

WHOPE plans to enroll 341, 341, and 63 participants (accounting for attrition) with effective
sample sizes of 275, 275 and 50 participants in the Whole Health Team, Primary Care Group
Education, and Usual Primary Care arms, respectively. With an overall 5% type | error
(2-sided) and 90% power, sample sizes were estimated for each pairwise comparison with
Bonferroni weighted type | error: Whole Health Team vs. Primary Care Group Education
(a=0.03); Whole Health Team vs. Usual Primary Care (a=0.01); and Primary Care Group
Education vs. Usual Primary Care (a=0.01). The detectable standardized effect size is 0.30
for the Whole Health Team vs. Primary Care Group Education and 0.60 for the other two
comparisons (assuming a standard deviation of 2.4 for the Brief Pain Inventory).

Clin Trials. Author manuscript; available in PMC 2022 February 16.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Tong et al. Page 4

Multiple Membership Model and Power for WHOPE

Multiple membership models have been developed for trials with dynamic treatment
groups.*8 We extend the multiple membership model to three arms, as in WHOPE.

One key feature of the Whole Health Team is that the Whole Health coach works

within the interdisciplinary clinical team consisting of a medical provider and integrative
health provider. The team follows participants’ progress toward these goals over at least

4 subsequent clinical visits. Whole Health coaches also provide participants 8 weekly
coaching sessions focused on helping them achieve their pain care goals. Primary Care
Group Education consists of five core 90-minute group sessions on pain self-management
led by a psychologist. Groups are open (individual participants may start and finish the five-
session series as they are enrolled, not necessarily in order) and participants are expected

to finish at least four of five sessions within 3 months of enrollment. In addition to the

core sessions, there is an orientation and a discharge session. Supplemental Table 1 contains
numbers and roles of clinicians in the two treatment arms.

For simplicity, we omit the subscript for treatment arm and discuss the sub-model for each
arm. The control arm has no grouped treatment and can be simply expressed as

Yi=p+e¢

where Y;is a continuous outcome for #h individual; e;is the sampling error following MO,
o%); and 14 is the grand mean.

Assume the Whole Health Team arm has a total of Jclinicians. Let b;be the effect of
clinician jthat follows a normal distribution with mean 0 and variance 2, where 72 indicates
the variation in performance among clinicians. Each participant is expected to complete a
total of Sstudy visits that can be delivered by different clinicians. A weighted mapping
matrix W/;;can map the contribution of clinicians to participants’ treatment, where each cell
wjj represents the proportion of the Ssessions delivered to individual /by clinician / and

Zf: 1w;j =1 forall /. We represent the outcome in the Whole Health Team arm using a

two-level model with a weighted random effect corresponding to each clinician:

J
Yi=pp+ ijlwijbj+€,'.

We model the outcome for each participant in the Primary Care Group Education arm

by accounting for both the session- and clinician-level random effects. Consider a total

of L sessions and let matrix V;« ; be a weighted mapping matrix with each element vy
representing the weight for participant /allocated to session Zwhere v,;will be either 0 or

%when participants are expected to attend Ssessions, and 3% _ v, = 1 for all /. Let d
denote the session-level random effect. Define Q, ¢ {1, ..., J} as the index for the clinician
delivering session ZThen, the random effect d, ~ N(Zfz 1) = ap)- ﬂz), where ¢;is the

clinician effect following MO, ¢%); 2 and #? are the variance components for sessions and
clinicians, respectively. Then, the model can be written as

Clin Trials. Author manuscript; available in PMC 2022 February 16.
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L
Yi=P-3+Zf=1Uifdf+€i-

Given we are interested in pairwise comparisons of each treatment arm, closed-form power
formulas can be derived given: numbers of participants enrolled in each arm; target effect
size; and ICCs due to group treatment. The power is inversely related to the variance of the
treatment effect, Var(5, '), where & - corresponds to the difference in the outcome means

between arm kand &”. Given the nominal type 1 error of a and hypothesized effect size of
Ap, k' = |nk — u¥'|, the power 1 — g of a two-sided test is,

l-f=@| —5& 2« &)

In the Appendix, we show that

1+

Var(gz’ 1) =m + —

of1—p1 1
npom

Var(8s, 1) = 13

2

2
Var(gg, 2) = %

L+ 281 +”%1+
Ho Ho n

P2 i

oh
M +——1|p1),

where 7 is the number of participant per arm, 13 = 72 + 62 and #3 = ¢ + z2 + o2 are the
total variances in the two treatment groups, and, 4, and o2, and 4, and &2 are the mean
and variance of w; (vector of the column sum of W) and vAvector of the column sum

of V), respectively. We assume these quantities are known for design purposes. Across all

variance expressions, the ICC for clinicians in the Whole Health Team is p; = ﬁ and
o+

the total ICC for both sessions and clinicians in the Primary Care Group Education arm is
2, 42
= L‘l’z A common range (i.e., 0 to 0.1)1° can be used to assess the impact of ICC
62+ 2+ ¢
on power or sample size estimates.

Estimating Statistical Power for WHOPE

Using formula (1) and the derived variance expressions, we calculate the power for the three
contrasts in WHOPE. We first assume that only the coaching sessions conducted by the
Whole Health coaches are responsible for the treatment effect in the Whole Health Team

Clin Trials. Author manuscript; available in PMC 2022 February 16.
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arm. We consider two cases for the allocation of participants to coaches, each leading to

W matrices with different column sums denoted W4 and Ws. Under W/, each participant

is treated by one primary Whole Health coach, whereas under W, each participant can

be treated by a backup coach, if available. In this case, we assume that the primary coach
delivers 7 out of the 8 sessions, and the backup coach delivers 1 session, per protocol. The
column sums for W4 and W are displayed in Table 1. We consider five ICCs, p; € {0, 0.01,
0.02,0.05, 0.1}.

Under a more relaxed, and probably more realistic assumption in which clinicians other than
the Whole Health coaches (Supplemental Table 1) contribute to better pain management

of participants, we assume the treatment effect is related to the number of encounters
between participants and all clinicians available at each site. In the actual treatment delivery,
all clinicians, including Whole Health coaches, will have an additional 0-4 encounters
(excluding the initial visit) with each participant, depending on the site availability

and arrangement with participants. We consider four extreme cases for the mapping of
participants to clinicians, denoted as W4, Wy, Wk and Wg. Detailed specifications for the
weight of each clinicians in these conditions are provided in Table 1.

For the Primary Care Group Education arm, we expect each participant to complete 5
sessions. Based on the expected session size of 4-10 participants, we expect a total of 200
sessions with an average of 6-7 participants per session across five sites. We also consider
the mapping of participants to sessions in two extreme scenarios that will lead to the same
mean (1.38) but different variances of the column sums of V. Under V4, each session has
an equal number of participants, and the variance of the column sum is 0; under V5, each
session has either 1 or 10 participants, and the variance of the column sum is 0.74. We
consider four ICCs, o, € {0, 0.01, 0.1, 0.2}.

Bayesian approach to estimating the ICC

Prior work based on the multiple membership model has considered the restricted maximum
likelihood approach to estimate the treatment effect and correlations, an approach that can
be implemented using SAS PROC MIXED or the xtmixed function in Stata.58 However,
applying this frequentist approach could be challenging for more complex scenarios, such
as the three-level nesting structure of the Primary Care Group Education arm or jointly
estimating a multiple-arm model with diverse and complex clustering structures, as in
wWHOPE.

In contrast, a Bayesian approach can provide a flexible alternative to estimating ICCs.
Through Markov Chain Monte Carlo, the Bayesian approach directly provides a posterior
sample and credible intervals for regression parameters and ICCs and can be extended to
accommodate complex clustering. In many cases, posterior distributions can be efficiently
sampled via the Gibbs sampler, providing similar or even more stable estimates compared to
the frequentist approach in terms of bias and efficiency.8 To assist in the reporting of ICCs
in the interim or final analysis of WHOPE, we derived Bayesian correlation estimators for
the Whole Health Team and the Primary Care Group Education arms, assuming the models
introduced earlier. Though not pursued here, our sampler (see derivation in Appendix)

Clin Trials. Author manuscript; available in PMC 2022 February 16.
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also allows for covariate adjustment (i.e., site). In what follows, we examine the empirical
performance of these estimators in the context of the wHOPE study.

Simulation design based on wHOPE

We designed a simulation study closely resembling wHOPE to examine the performance of
the Bayesian estimators of the ICCs within the multiple membership model. We assumed
that each treatment arm includes 275 participants. For the Whole Health Team arm, we
consider six mapping matrices W, — Wi following the description of W, — W for patient-
clinician interactions with the following additional condition. When multiple clinicians of
the same role are available at a site (primary and backup combined), each participant has

a probability of 0.75 of being assigned to only one clinician and 0.25 to two clinicians.

At sites where two or more primary clinicians are available, the primary clinicians were
randomly chosen. No partial clustering is allowed when only one available clinician per role
exists at a site. With these specifications, we randomly generated Wand the outcomes under
five ICCs: 0.01, 0.02, 0.05, 0.10, and 0.15.

For the Primary Care Group Education arm, we assumed 40 sessions at each site and an
average 6-7 participants per session. We considered the two scenarios with even and uneven
participant-to-session mapping matrices, V. Each cell of the mapping matrix is either O

or 0.2, and the row sum of Vis 1. Given the difficulty in generating random matrices

under constraints of both column and row sums, we generated the two scenarios as follows.
In the first scenario ( V), participants were evenly distributed across sessions; at each

site, each participant was randomly allocated to 5 of 40 sessions. In the second scenario
(W), participants were unevenly distributed; each participant was randomly assigned to 4
sessions in the first 15 sessions and 1 of the other 25 sessions using sampling without
replacement. We further considered two session-to-clinician mapping matrices U: primary
providers delivered 90 percent (U,) or 60 percent (Up) of the 40 sessions at each site with
the backup providers covering the rest. Note that each session is delivered by only one
provider and there is no mixed membership in session-to-clinician mapping. One site (site
D) has multiple backup providers and will split the workload evenly. For both the session-
and clinicians-level clustering, we assumed an ICC of 0.01 or 0.10. For both arms, the
treatment effect was assumed to be —1.5, which is approximately 0.3 standard deviations of
the outcome.

We simulated 1000 trials for each parameter combination and fit the Bayesian estimators
by running a chain with 5,000 iterations and 2000 burn-ins. Traceplots indicated adequate
convergence. Thinning by 20 steps was used to reduce the autocorrelation between updates.
We used conjugate priors for all model parameters: an inverse Gamma distribution of
1G(0.001,0.001) for all variance parameters and normal A{0,1000) for the mean parameters.
The induced prior for the ICC parameter is U shaped (shown in Figure 2 of Speigelhater6)
In each scenario, we estimated the posterior mean and median and their biases for the ICC.
All simulations were performed in R 4.0.1 and the code can be found at https://github.com/
ttyale/wHOPE-CT. We note that other commercial software, such as MLw/N can be used
for Bayesian estimation of the multiple membership model.

Clin Trials. Author manuscript; available in PMC 2022 February 16.
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Results

Power calculation results for wWHOPE

Figure 2 presents the power curves for varying combinations of W4, W5, V4 and V5 for

the three pairwise comparisons under the largest o, = 0.20. In general, we found that the
power for the contrasts is sensitive to the ICC in the Whole Health Team arm, but not to

the ICC in the Primary Care Group Education. The detailed results for all scenarios are
presented in Supplemental Table S3. The Primary Care Group Education vs. Usual Primary
Care contrast is robust to the change in ICC and the mapping of participants to sessions

and can persistently obtain power close to 90% even when p; is 0.20. The Whole Health
Team vs. Usual Primary Care contrast is more sensitive to the change in ICC but is still able
to obtain close to 80% power with o1 near 0.05. The contrast of Whole Health Team vs.
Primary Care Group Education is very sensitive to p;. When o1 exceeds 0.02, the power falls
below 80%. Within the basic scenarios (W4-Ws; V4-V5), the largest power is obtained under
W, V4, when treatment delivery is more evenly distributed over the Whole Health coaches
and treatment sessions in Primary Care Group Education have equal sizes.

Under more relaxed assumptions (scenarios Ws-Ws), we focus on the Whole Health Team-
related contrasts since they are sensitive to change in the ICC. Full results are included in
Supplemental Tables S4 and S5. We observe slightly improved power across all scenarios
compared to scenarios W;and W, The rank of power follows W4 < Wy < Ws < W, a
pattern consistent with the decreasing order of the variance of column sums of W/ matrices.
This result suggests power improvement is associated with increased participant-clinicians
encounters for all different roles and increased shares of contribution by backup clinicians.

Empirical evaluation of the Bayesian intraclass correlation estimator

Table 2 summarizes the average posterior mean and median estimators of the ICC and their
absolute bias for the Whole Health Team arm. In general, the posterior mean estimator is
close to the true value when the true correlation parameter is large (i.e.,0.10). With a small
true ICC (i.e., 0.01), the posterior median estimator is on average less biased compared

to the posterior mean estimator. This is likely because the true posterior distribution of

the correlation is skewed when the correlation is close to the boundary, in which case the
median estimator outperforms the mean estimator. The posterior mean often has upward bias
when the true intraclass correlation is small.

Table 3 summarizes the results for estimating the ICCs for the Primary Care Group
Education arm. Both the posterior mean and median estimators have small bias when

the true ICCs at both session and clinician levels are large. When the true ICCs are

small, the posterior median estimator appears less biased compared to the posterior mean
estimator. The Bayesian estimators seem to have larger upward bias for the session-level
correlation parameter compared to the clinicians-level correlation parameter. We found that
the biases for the session-level ICC are related to the relatively small participant-to-session
ratio (1.25:1) and an additional simulation (Supplemental Table S6) with 2,500 participants
(participant-to-session ratio is 12.5:1) found negligible bias for estimating the session-level
ICC even for small ICCs. Finally, among the mapping matrices {/and Vwe considered,

Clin Trials. Author manuscript; available in PMC 2022 February 16.
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there were no systematic patterns describing how these variations affected the bias of the
Bayesian ICC estimators.

Discussion

Motivated by the wHOPE trial, we studied how complex clustering induced during group
treatment can affect study power. We demonstrated that the ICC in the Whole Health Team
arm can have a significant impact on power especially for the comparison of Whole Health
Team vs. Primary Care Group Education. An ICC of 0.02 or above could lead to less than
80% power for that contrast in various partial clustering scenarios. However, preliminary
data from the VOICE trial (NCT: 03026790) that implemented an Integrated Pain Team
treatment, an intervention very similar to the Whole Health Team intervention, yielded an
ICC across sites (a proxy for clinicians) of 0.007, which suggests that WHOPE may very
likely maintain over 80% power to detect the effect estimate in the aforementioned contrast.
Nevertheless, close monitoring of the ICC in the Whole Health Team arm during data
collection is recommended to allow for sample size re-estimation!819 should the power no
longer be sufficient. Future work not only needs to focus on how best to monitor this ICC
(i.e., methods, timing), but also on the role site variability plays in the estimation of the ICC.
The studies we present in this paper did not separate site effects from clinician effects, but
to truly understand the impact of the group treatments on the power of the study, we plan

to conduct future methodological investigations to separate and properly account for these
effects.

At the planning stage, an increased number of clinicians, especially for the Whole Health
Team arm, will lead to larger power, but may be more expensive and may not be clinically
in the best interest of patients who typically prefer to work with the same clinician teams.
To plan an optimal design that attains the desired power within budget constraints or under
the uncertainty of 1CC,2921 knowledge of the mapping matrices is essential, especially in
designs with partially clustered treatment groups. One important finding from wHOPE is
that more evenly distributed workload across clinicians or more balanced treatment group
sizes would lead to improved power. When the expected participant-to-clinician ratio, 4,
and the expected participant-to-session ratio, 4, are known, our variance formulas suggest
that maximum power will be obtained when o2, = 62 = 0. This corresponds to a scenario in
which participants are evenly allocated across clinicians or sessions and there is minimum
variability within each column of the mapping matrices. In general cases, where 2, 63 > 0,
our empirical evaluations suggest that power for treatment comparisons is lower for larger
values of 62, and ¢2. This suggests controlling for 2, and &2 in trial implementation is an

alternative way to reduce variance inflation due to group treatment.

In addition to addressing the statistical power for treatment comparisons, we also examined
the empirical performance of Bayesian ICC estimators within the multiple membership
model to guide future reporting of these estimates in the wHOPE study. We demonstrated
that we can reasonably estimate ICCs for the proposed models with two levels (e.g., Whole
Health Team) and three levels (e.g., Primary Care Group Education), and found that the
posterior median estimator may have lower bias than the posterior mean estimator for

Clin Trials. Author manuscript; available in PMC 2022 February 16.
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estimating a small ICC parameter (as we expect in WHOPE). Similar patterns have also been
observed in previous simulation studies,® and it is generally agreed that unbiased estimation
is more difficult to achieve when the true value is close to the boundary. Our Bayesian
estimators can be applied to other partially nested trials to obtain empirical ICC estimates to
guide the planning of future studies with a similar endpoint (as exemplifiedin Table 11.1 of
Moerbeek and Teerenstra22 for cluster randomized trials). Furthermore, incorporating more
informative priors on variance or ICC parameters based on existing studies?3:24:25 may lead
to more precise posterior estimations in a partially nested design.

Finally, while our current evaluation assumes separate models for each arm, we plan to
extend our approach to jointly estimate parameters in multiple arms with different levels

of clustering and to a broader type of partially clustered model. For example, models with
role-specific random effects could be postulated, such as by clinicians in different roles

in the Whole Health Team arm, or between clinicians and sessions (e.g., Primary Care
Group Education) when each session is co-delivered by multiple providers. For any of these
models, covariate adjustment can be included. Overall, the flexibility of Bayesian estimation
may lead to an advantage when complex, partially clustered structures need to be accounted
for in a trial.

Conclusion

The wHORPE trial served as an instructive case example to demonstrate the impact of ICCs
on the power of trials with individually randomized group treatment and partially nested
clusters. Power is improved with an increased number of clinicians or when participants

are more evenly allocated across clinicians or treatment sessions. We also investigated the
reliability of a Bayesian approach to estimate the ICC efficiently through simulation studies.
This case study represents an opportunity to increase awareness of individually randomized
group treatment designs and to encourage publication of ICCs to help better guide future
designs of these trials.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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APPENDIX

Derivation of the Power Formulae

Power and sample size estimation are derived via the pairwise comparison approach.
We estimate the contrast of each pair of treatment arms &, through calculating means

and variances in each arm. For simplicity, we assume the error variance, denoted o2,
is homogeneous across all three arms. The Usual Primary Care, Whole Health Team,
and Primary Care Group Education arm each has /4, /7, and i participants with mean
outcome Y, Y5, and Y5, respectively. For the Usual Primary Care arm, the mean is

2

S 1 w1 . . . S\_©
Yi=u+ n_lzi — ¢ and its variance is Var(Y ) = R

For the Whole Health Team arm, assume there are J clinicians. The outcome mean is
J2 2 n m

m+ Y wipil=mr = Y Y wpt Y g
=1 2;=1 Ti= 2i=1

Jj= Jj= i

i=

Letw; = 2?2: L wij» and assume the wjand clinicians-specific random effect are independent.
Then the variance of Y5 is,

J
T2Zj2= 1 wz- + nzaz

Var(l?z) = /

2
m

To simplify this variance, if we assume the mean and variance of wj;are ,,and o2, then

n

Hw = J2

Jo 2 2 B L 2
,and Y2 wy = Jo(ug, + of). Let the ICC across clinicians be p; = ———, and the
J ™“+o0

total variance be 3 = 2 + 2, then we have,

2 2
— m o
Var(Yz) = ™ 1+ |y + - l]pl)

The treatment effect of the Whole Health Team arm over the Usual Primary Care is then
82,1 =Y, — Yy, and the variance is,
2 1
Hw + o P

For the type I error level a, the power (1 - B) for detecting an effect of 4, 5 is given by,

l-p1 1
+7
ny n

2|

Var(SZ.l) = Var(fz) + Var()71) = ;12( 1+
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Here, &, 1, is the design effect. The corresponding sample size formula to reach the level of
power 1 — B can also be easily obtained by inverting the above equation.

We now consider the outcome and variance estimation for the Primary Care Group
Education arm with clustering due to sessions and clinicians. Assume there are L3 sessions
and 4 clinicians. We can obtain the outcome mean,

L3

1 o R
Y3=ﬂ3+az dg Y vig +E2€i
=1\ i=1 i=1

Recall that dy ~ N(Zfz 1¢/1{j = ) 77:2) denotes the session-level random effect for relevant
therapist /, where ¢jis the clinician effect following MO, #); Q€ {1,....J} is the index

for the clinician delivery session Z Assume the patient-to-session mapping matrix is V/with
elements of vjgand let the column sum of Vbe vy = 271 | vig- Also, assume the mapping

from sessions to clinicians is represented by matrix U, and its element g equals to either
1 or 0 indicating whether a session is led by a clinician. Given no partial clustering at the

I J . S
clinician level, we then know Zji lub%j = 1. The variance of Y3 is,
L J L
ZL”3(U?%(¢221'3= 1u%j + 71:2)) + n30'2 (¢2 + ”2)2g3= 1 U% + n30'2

Var(Y3) =
(Y3) 2 2

Note that this expression would not hold if partial clustering exists at the clinician level.

Partial clustering would lead to iji 1u,%j < 1 and reduction in the total variance. Again, to

. - — . n
simplify Var(Y3), assume the mean and variance of vzre £, and o3, and 4, = L—i We can

L L 2
then have qu% = L3(u3 + o3). Further, let the ICCs between clinicians be po = 2"’—
¢+ 72 + o2
. B 2 - 2_ 2. 2, 2
and between sessions be p5 = 5 . Let the total sum of variance be n5 = ¢~ + z* + 6.
¢+ 72 + 62
Then,
'I% [
= v A, B
Var(Y3)=—[1+ +—-1 +
ar(Y3) = o\ 1+ o = 12 +p2)

We can now estimate the treatment effect of Primary Care Group Education over the Whole
Health Team or the control arm. Define 3 | = Y3 - Y, and 63, = Y3 — Y;. The respective

variances are then,
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2 2
~ m3 o 2
Var(53’1)=a I+ MU+M—U—1 (p?+p23) +;%1
2 2 2
~ n3 op] m oip
Var(53’2>za 1+ yv+ﬂ—v—1(p§‘+p§) *m 1+ Mw+ﬂw_1]p1]

For the type I error rate of a, the formulae for detecting effect sizes 43 1 and 43 » with power
of 1 - Bare given by,

Sample size formulae for given power can be inverted from the above equations.

Gibbs Sampler for Whole Health Team Arm

We provided the Markov Chain Monte Carlo sampler for the estimation of 1CCs for the
Whole Health Team. For simplicity, we re-express the outcome model for this arm in matrix
form as

Y=Xp+WB+E

Here, Yis the outcome vector, X'is an r» by p design matrix including the intercept, and 8 is
the vector of covariate effects. This general form of Xallows for covariate adjustment such
as the site effect. When there is no covariate, X'is a vector of 1 and g is the overall mean.
Wis an r» by b mapping matrix between participants and clinicians. Bis a vector of length
J with by, ---, by, indicating clinician effects following a multivariate normal distribution,

N ,(0,7%1,). Eis the residual vector following N,,,(0, 6%1,,). Assume the prior distribution

of Bas N ,(fo. o51,); the prior for o as inverse Gamma distribution /G(ap, £p); the prior

for 72 also as inverse Gamma /G(cy, ). The posteriors can be updated with the full
conditionals as follows:

1 Sample B from multivariate normal posterior N;,(M, V), where
M=oy Wl - xp), and v = (o= 2wTw + T_ZI)_I
2. Sample S from normal posterior AV (M, V), where

Clin Trials. Author manuscript; available in PMC 2022 February 16.
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M= V[G_ZXT(Y —WB)+ aazﬂo] and V = (O'_ZXTX n 6521)_1

3. Sample o2 from the posterior distribution,

n 1 T
IG(ag+ by + 5(Y = XB = WB) (Y — Xp - WB))

4, Sample 72 from the posterior distribution,

J
1G(cy + 72 do + %BTB)

2
With the posteriors, the ICC can be obtained by calculating 2’ 5 for each iteration. A 95%
™“+o0

credible interval for the ICC can also be obtained.

Gibbs Sampler for the Primary Care Group Education Arm

We provide the Markov Chain Monte Carlo sampler for the estimation of ICCs for the
Primary Care Group Education arm. The model for this arm can also be expressed in the
matrix form,

Y=Xp+VD+E

Here, Y'is the outcome vector, X'is the 2 by pdesign matrix including the intercept, and 8
is the vector of regression coefficients. When there is no covariate, X'is a vector of 1 and
Bis the overall mean. Vis an 13 by L3 mapping matrix between participants and sessions.

Dis a vector of length L3 with elements of dy, -, 1 ; as session-specific effects. Here,

sessions are nested within clinicians, and their mapping is denoted by U, a L3 by J3 matrix.
Then, we have D= UC, where Cis a vector of length 4 for the clinician effect. C follows
multivariate normal NJ3(0, ¢2113). Then, D follows the multivariate normal distribution,

Np,(UC, 721 1,). Eis the residual vector follows N,,(0,521,,). Assume the prior distribution

of Bis Ny, o1 ,); the prior for o2 follows an inverse Gamma distribution, /G(ap, t); the

priors for 722 for ¢? also follow inverse Gamma, /G(ey, f) and /G(gy, o), respectively. The
posteriors can be obtained with the full conditionals as follows:

1 Sample D from multivariate normal Np,(M *, Vv *), where
-1

M* =V [G_ZVT(Y —Xp+ ﬂ_ZUCJ and V% = (G_ZVTV + n'_21)

2. Sample S from multivariate normal N, (M*, V*), where

M = v o= 2xT (v =V D) + oy 2hg| and v * = (o= 2xTx + 0521)_1
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3. Sample Cfrom the multivariate normal N j,(M *,V *), where
M* =2+ Ul Dand v+ = (=~ 207U + ¢_21>_1
4, Sample & from the posterior distribution,
n3 1 T
1G(ap + b0+ 5(Y = Xp = VD) (Y = Xp ~ VD))
5. Sample 72 from the posterior distribution,
L3 1 T
1G(eg+ - fo + (D= UC) (D~ UC))
6. Sample ¢ from the posterior distribution,
J
I1G(gp + 73 ho+ éCTC)
. L . . 2
The ICC for sessions and clinicians can be obtained by calculating ”—2 and
72+ o7+ o2
2
— % ineach iteration of the sampler. 95% credible intervals for then can also be
2+ ¢2 +o2
obtained. Note that here we express the U matrix in a general form, and this Gibbs sampler
can accommodate the scenarios where mixed membership between sessions and clinicians
also exists (i.e., each treatment session is delivered by multiple clinicians).
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Participant Recruitment
CDW, self-referral, provider referral

Phone Eligibility Screen
: [
Informed Consent & w
Enrollment

|

Baseline Assessment

|

‘ Randomization ’

I

Whole Health Team Primary Care Group Usual Primary Care
(WHT)Arm Education (PC-GE) Arm (UPC) Arm

B L l

+ | initial WHT visit (PHP) Orientation session Usual care for chronic pain
+ 23WHT f°"°W'l{P Visits + 5 weekly PC-GE sessions management
+ 28 WHC sessions + Discharge session

+ | final WHT visit
y

\1 Follow-up Masked Assessments @ 3, 6,9 and 12 mos. I

Figurel.
Whole Health Team vs. Primary Care Group Education to Promote Non-Pharmacological

Strategies to Improve Pain, Functioning, and Quality of Life in Veterans (WHOPE) Trial
Flowchart.

Clin Trials. Author manuscript; available in PMC 2022 February 16.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Tong et al. Page 18
(a) (b)
§{A—=—=n u . S h—g—= " "
\. \ \.
o | ______ \A, ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, o | ;,;,_A, ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
@ () <<} \ (]
g R g R
kel L4 © L4
(] O
T ®
£ o E o |
» © » ©
w w
o o
0 —— WHT v. UC 0 —_—— WHT v. UC
— PC-GE v. UC — PC-GE v. UC
A
1 — WHT v. PC-GE 1 WHT v. PC-GE A
T T T T T T T T T
0.00 0.02 0.05 0.10 0.00 0.02 0.05 0.10
ICC ICC
o | o |
(o) [}
o | o
(=) [<e]
5 e £ R
kel el
Q (9]
© ®
£ o £ o |
® © n ©
i i
o o
0 —— WHT v. UC 0 ———— WHT v. UC
— = PCGEV.UC A — = PCGEV.UC A
Q41 —* WHT v. PC-GE Q4 —* WHT v. PC-GE
T T T T T T T T T
0.00 0.02 0.05 0.10 0.00 0.02 0.05 0.10
ICC ICC

Figure2.
Power curves for the three pairwise comparisons in the wHOPE trial (Whole Health Team

vs. Usual Primary Care; Primary Care Group Education vs. Usual Primary Care; Whole
Health Team vs. Primary Care Group Education) under varying ICCs in the Whole Health
Team Arm and fixed ICC of 0.20 in Primary Care Group Education Arm.

WHT: Whole Health Team; PC-GE: Primary Care Group Education; UPC: Usual Primary
Care (a): Wi Vi (b): Wi V5 (c): WaVa (d): UL VL.

WA: each participant is treated by only one primary Whole Health coach (8 sessions).

WA: each participant is also treated by a backup coach (1 of 8 sessions) if backup is
available.

V4. each session has an equal number of participants.

V5: each session has either 1 or 10 participants.
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Table 1.

Column sums of the mapping matrix between participants and clinicians for each Whole Health coach and

1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

other clinicians under six different conditions.

W | Arm & Role SiteA SiteB SiteC SiteD SiteE
Primary WHC 55 55 55/3 55/2 55
W Backup WHC 0 - - - 0
Primary WHC 55*7/8 55 55/3 55/2 55*7/8
W2 Backup WHC 55*1/8 - - - 55*1/8
Primary PCP 55*4/15 55*4/14 55*4/15 55/2*4/15 55*4/15
Backup PCP 0 0 - - --
Primary CIH 55*1/15 55/2*1/14 55*1/15 55*1/15 55*1/15
W3 | Backup CIH 0 0 - - --
MH provider 55*1/15 - 55*1/15 55*1/15 55*1/15
Primary WHC 55*9/15 55*9/14 55/3*9/15 55/2*9/15 55*9/15
Backup WHC 0 - - - 0
Primary PCP 55*4/24 55*4/20 55*4/24 55/2*4/24 55*4/24
Backup PCP 0 0 - - --
Primary CIH 55*4/24 55/2*4/20 55*4/24 55*4/24 55*4/24
W, | Backup CIH 0 0 -- -- --
MH provider 55*4/24 - 55*4/24 55*4/24 55*4/24
Primary WHC 55*12/24 55*12/20 55/3*12/24 | 55/2*12/24 55*12/24
Backup WHC 0 - - - 0
Primary PCP 55*4/15*3/4 55*4/14*3/4 55*4/15 55/2*4/15 55*4/15
Backup PCP 55*4/15*1/4 55*4/14*1/4 -- -- -
Primary CIH 55*1/15*3/4 55/2*1/14*3/4 55*1/15 55*1/15 55*1/15
Ws | Backup CIH 55*1/15*1/4 55/2*1/14*1/4 -- -- -
MH provider 55*1/15 - 55*1/15 55*1/15 55*1/15
Primary WHC | 55*9/15*31/36 55*9/14 55/3*9/15 55/2*9/15 | 55*9/15*31/36
Backup WHC 55*9/15*5/36 - - - 55*9/15*5/36
Primary PCP 55*4/24*3/4 55*4/20*3/4 55*4/24 55/2*4/24 55*4/24
Backup PCP 55*4/24*1/4 55*4/20*1/4 - - --
Primary CIH 55*4/24*3/4 55/2*4/20*3/4 55*4/24 55*4/24 55*4/24
W | Backup CIH 55*4/24*1/4 55/2*4/20*1/4 -- -- -
MH provider 55*4/24 - 55*4/24 55*4/24 55*4/24
Primary WHC | 55*12/24*10/12 55*12/20 55/3*12/24 | 55/2*12/24 | 55*12/24*10/12
Backup WHC | 55*12/24*2/12 -- -- -- 55*12/24*2/12

1duosnuen Joyiny

WHC: Whole Health Coach; PCP: primary care provider; CIH: complementary and integrative health; MH: mental health.
WA : each participant would be treated by only one primary Whole Health coach (8 sessions).

WAh: each participant would also be treated by a backup coach (1 of 8 sessions) if such an arrangement is available at a specific site.
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WA treatment is delivered by primary clinicians of all roles but no backup clinicians. Each participant maintains same team, with limited
encounters (i.e., 4 times with primary provider, 1 time with all the other available roles including Whole Health coaches).

Wy : treatment is delivered by primary clinicians of all roles but no backup clinicians. The encounters for all roles are maximized (i.e., 4 times with
primary provider and all the other roles if available).

WA treatment is delivered by both primary and backup clinicians of all roles. Other than the coaching sessions, the encounters are limited and each
participant only meets clinicians of all different roles once. There is a 25% chance the encounters are not with the primary clinicians.

We: treatment is delivered by both primary and backup clinicians of all roles, with maximum encounters. All backup clinicians contribute to 1 out
of the 4 sessions when they are available. For W& and Wg, we assume that 7 out of the 8 coaching sessions are delivered by the primary Whole
Health coaches. Values are calculated based on 55 patients per site. “--“ indicates no available clinician of a certain role at a site. “0” indicates a
backup clinician of a certain role is not involved in the treatment. The number in each cell starts from the total number of patients, which is 55. The
situation of 55/2 or 55/3 indicates two or three clinicians for a role exists at a site. The second term in each cell, if exists, is the weight based on

the frequency of encounters for each role. The third term, if exists, further allocates weights between primary and backup clinicians within a role at
each site.
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Table 2.

Posterior mean and median of the ICC under different conditions in the Whole Health Team arm.

CliniciansMapping | ICC | Pst. Mean | Mean Bias | Pst. Median | Median Bias
0.010 0.016 0.006 0.008 -0.002
0.020 0.024 0.004 0.014 -0.006
w, 0.050 0.057 0.007 0.043 -0.007
0.100 0.106 0.006 0.090 -0.010
0.150 0.159 0.009 0.140 -0.010
0.010 0.016 0.006 0.008 -0.002
0.020 0.023 0.003 0.014 -0.006
Wy 0.050 0.052 0.002 0.039 -0.011
0.100 0.106 0.006 0.089 -0.011
0.150 0.162 0.012 0.144 -0.006
0.010 0.023 0.013 0.009 -0.001
0.020 0.029 0.009 0.014 -0.006
W, 0.050 0.049 -0.001 0.031 -0.019
0.100 0.093 -0.007 0.072 -0.028
0.150 0.144 -0.006 0.122 -0.028
0.010 0.028 0.018 0.011 0.001
0.020 0.032 0.012 0.013 -0.007
Wy 0.050 0.049 -0.001 0.026 -0.024
0.100 0.087 -0.013 0.062 -0.038
0.150 0.129 -0.021 0.105 -0.045
0.010 0.025 0.015 0.010 0.000
0.020 0.028 0.008 0.013 -0.007
W, 0.050 0.049 -0.001 0.030 -0.020
0.100 0.087 -0.013 0.066 -0.034
0.150 0.135 -0.015 0.113 -0.037
0.010 0.029 0.019 0.011 0.001
0.020 0.032 0.012 0.014 -0.006
W ¢ 0.050 0.050 0.000 0.029 -0.021
0.100 0.084 -0.016 0.060 -0.040
0.150 0.129 -0.021 0.105 -0.045

Wg Wiare mapping conditions for clinicians in parallel to W4 - W for the column sums of Win power calculation (see footnote in Table 1) with

the following additional condition: each patient has 75% of the chance to only meet one clinician of each role when more than one clinicians of a
certain role (primary and backup combined) is available at a site.
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