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ARTICLE INFO ABSTRACT

Keywords: Protocol adherence in behavioral intervention clinical trials is critical to trial success. There is increasing interest

Veterans in understanding which patients are more likely to adhere to trial protocols. The objective of this study was to

Er%tOCOI adherence demonstrate the use of a data-driven approach to explore patient characteristics associated with the lowest and
ubgroup

highest rates of adherence in three trials assessing interventions targeting behaviors related to lifestyle and risk
for cardiovascular disease. Each trial included a common set of baseline variables. Model-based recursive par-
titioning (MoB) was applied in each trial to identify participant characteristics of subgroups characterized by
these baseline variables with differences in protocol adherence. Bootstrap resampling was conducted to provide
optimism-corrected c-statistics of the final solutions. In the three trials, rates of protocol adherence varied from
56.9% to 87.5%. Evaluation of heterogeneity of protocol adherence via MoB in each trial resulted in trees with
2-4 subgroups based on splits of 1-3 variables. In two of the three trials, the first split was based on pain in the
past week, and those reporting lower pain were less likely to be adherent. In one of these trials, the second and
third splits were based on education and employment, where those with lower education levels and who were
employed were less likely to be adherent. In the third trial, the two splits were based on smoking status and then
marriage status, where smokers who were married were least likely to be adherent. Optimism-corrected c-sta-
tistics ranged from 0.54 to 0.63. Model-based recursive partitioning can be a useful approach to explore het-
erogeneity in protocol adherence in behavioral intervention trials. An important next step would be to assess
whether patterns hold in other similar studies and samples. Identifying subgroups who are less likely to be
adherent to an intervention can help inform modifications to the intervention to help tailor the intervention to
these subgroups and increase future uptake and impact.

Trial registration: ClinicalTrials.gov identifiers: NCT01828567, NCT02360293, and NCT01838226.

Model-based recursive partitioning

1. Introduction

Adherence to behavioral interventions that aim to prevent disease
are challenging because patients are often asymptomatic and interven-
tion goals are often focused on longer-term benefits (e.g., diabetes pre-
vention) that may fail to motivate adherence in the short term [1].
Assessment of adherence in behavioral intervention trials can also be
challenging because the interventions often have multiple components
and it is not always clear, a priori, what degree of adherence

participation is needed to demonstrate an intervention effect [2,3].
Despite these challenges, protocol adherence is increasingly reported as
part of results in some behavioral intervention trials [4-8].
Assessment of protocol adherence is important because it is difficult
to determine the causal effects of the intervention if adherence is sub-
optimal [2,9]. Null effects in a trial with poor protocol adherence could
be due to provision of an ineffective intervention or provision of a
behavioral intervention that would be effective if delivered and received
as intended [3,9]. Assessing adherence is important to differentiating
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these two scenarios because the implications for intervention refinement
are quite different.

Reporting of protocol adherence is also critical for improving the
external validity of results [2,10] by revealing patient subgroups that
have above- or below-average adherence to the treatment because such
reporting can inform decisions on who to prioritize for future inter-
vention. Deeper understanding of the barriers to intervention adherence
may also inform how to modify or adapt the intervention to fit specific
needs of patient subgroups.

Assessment of protocol adherence in behavioral-intervention pre-
vention trials may involve consideration of both how the intervention
was delivered and how the intervention was received. In 2004, the
National Institutes of Health Behavioral Change Consortium (NIH BCC)
created a framework for evaluating treatment fidelity, which refers to
the “methodological strategies to monitor and enhance the reliability
and validity of behavioral interventions” [9,11]. The NIH BCC frame-
work evaluates treatment fidelity across five domains, including study
design, provider training, treatment delivery (what providers teach),
treatment receipt (what patients learn), and treatment enactment (what
patients use) [9,11]. Due to the many components commonly involved
in behavioral interventions and alternative modes (e.g., text, telephone,
in-person individual, in-person group) by which interventions are
delivered, defining a threshold for what is considered to be
protocol-adherent can be difficult.

What remains understudied is how to use baseline participant
characteristics to identify patient subgroups who are more likely to
adhere to a behavioral intervention. The objective of this analysis was to
illustrate the use of a data-driven approach to determine patient char-
acteristics associated with lower and higher rates of adherence in three
distinct behavioral-intervention prevention trials. These studies were
jointly funded as a partnered research project with the Department of
Veterans Affairs National Center for Health Promotion and Disease
Prevention, yielding the possibility to establish a common set of baseline
variables to identify subgroups. The three trials target lifestyle and self-
management behavioral changes among different patient populations
and levels of intervention intensity. This exploratory analysis illustrates
the use of a data-driven method to understand heterogeneity in protocol
adherence in three trials.

Methods
Trial design, participants, outcomes, and covariates

The three trials included in our analyses delivered coaching support
via multiple modes: ACTIVATE (NCT01828567) and Stay Strong
(NCT02360293) provided phone-based coaching, and Group Problem
Solving (GPS; NCT01838226) provided coaching in-person and by
phone. Each trial is described in detail elsewhere [12-14]. We briefly
describe patient eligibility and each intervention below; further details
are provided in eTable 1. Only participants randomized to the inter-
vention arm of each trial are included in this analysis because adherence
to the coaching component was the outcome of interest. One unique
feature of these three trials is that the telephone coaches (n = 2) were the
same for all three studies.

In the ACTIVATE trial, all randomized Veterans completed the
Department of Veterans Affairs’ (VA’s) web-based health risk assess-
ment (HRA) at baseline [12], which uses a proprietary risk modeling
algorithm to provide patients with a “health age” based on lifestyle
choices, family risk, biological values, and the degree to which lifestyle
changes can lower their “health age.” Veterans were eligible if they were
enrolled in primary care at one of the three study sites and had at least
one modifiable risk factor: body mass index (BMI) >30, current smoker,
and/or less than 150 min of moderate/vigorous physical activity per
week. Participants randomized to the intervention were scheduled to
receive two telephone calls delivered by a health coach within one
month after HRA completion. During the first call, ACTIVATE coaches
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reviewed HRA output with participants, explored participant prefer-
ences and values related to prevention, prioritized prevention topics,
helped the participant choose a prevention program, collaboratively
developed a SMART (smart, measurable, attainable, relevant, and
timely) goal related to program enrollment, and assessed readiness and
confidence to take the steps needed to enroll. One month after the initial
coaching call, ACTIVATE coaches again called participants to review
progress on his or her Prevention Action Plan. ACTIVATE coaches
congratulated participants if they had enrolled in the prevention pro-
gram or helped participants problem-solve any barriers to program
enrollment if they had not yet enrolled.

The second trial, GPS, evaluated the effectiveness of a problem-
solving therapy-based intervention for reducing cardiovascular risk
among Veterans recruited from two VA primary care settings [14]. To be
eligible, patients must have had no prior history of a cardiovascular
event but were at elevated risk, as defined by having a Framingham Risk
Score of at least 5%, with at least 2% of that risk reversible (e.g.,
smoking status can be reversed; age cannot). Patients randomized to the
intervention were scheduled to attend six 90-min group sessions, con-
ducted approximately monthly. The group sessions were designed such
that the first three sessions focused on instructional content and the final
three sessions focused on skill application. Between each group session,
participants received an individualized telephone call (10-25 min each)
from a trained health coach. The coaching calls focused on helping
participants apply content from the preceding group session, develop
personalized goals and strategies, and practice problem-solving skills to
overcoming barriers to achieve their goals.

Finally, the goal of the Stay Strong randomized trial was to test the
effect of adding telephone coaching to a mobile health intervention that
included a physical activity monitor to improve and sustain levels of
physical activity over 12 months among a national sample of US Vet-
erans [13]. Veterans were eligible if they were an Operation Enduring
Freedom (OEF)/Operation Iraqi Freedom (OIF)/Operation New Dawn
(OND) Veteran under age 65, could identify a Veterans Health Admin-
istration (VHA) medical center and VHA health care provider respon-
sible for his or her care, were interested in starting a physical activity
program in the next 30 days, had access to a computer with an internet
connection and a working Universal Serial Bus (USB) port, and had a
smartphone running a compatible iOS or Android operating system.
Participants randomized to the intervention arm received up to 3 calls
with a coach within the first 9 weeks of the enrollment. During these
calls, coaches assisted in developing goals and action plans, assisted in
problem solving barriers to achieving these goals, and provided guid-
ance on the Stay Strong app.

Outcomes

The outcome variable of adherence was defined uniquely for each
trial, considering the nature of the intervention content, dose, and de-
livery. In ACTIVATE, intervention patients were defined as “adherent” if
they completed both coaching calls. In GPS, participants were defined as
“adherent” if they completed a combination of at least 8 of the 12 calls or
in-person group sessions; the intervention developers felt that 8 of 12
contacts was the minimum required to assure an adequately potent dose
of the intervention. Finally, in Stay Strong, intervention patients were
defined as “adherent” if they completed at least two of the three planned
coaching calls.

Baseline characteristics

Several participant demographic characteristics were commonly
measured across all three trials and were included in our analyses: age,
sex, race, highest level of education completed, marital status, financial
distress, and employment status. Health-related measures included BMI
and current smoking status [15]. A single item was used to characterize
self-rated general health (excellent, very good, good, fair, poor) [16].
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Several validated measures that were captured at baseline in all trials
were also included as potential covariates for explaining heterogeneity
in protocol adherence.

Additional measures that were standardized across all three trials
include the Patient Activation Measure-13 (PAM-13), a 13-item measure
that evaluates individuals’ knowledge, skills, beliefs, and confidence for
managing their health, and has demonstrated high construct validity
[17,18]; the Patient Health Questionnaire-8 (PHQ-8), an eight-item
measure that diagnoses and assesses severity of depression [19]; the
Medical Outcomes Study (MOS) Sleep measure, a 6-item sleep measure
that assesses important dimensions of sleep, such as initiation, mainte-
nance, respiratory problems, quantity, perceived adequacy, and som-
nolence [20]; and the Alcohol Use Disorders Identification Test
(AUDIT-C), a three-item measure of alcohol consumption [21]. Addi-
tionally, pain was measured from the single-item measure of pain from
the 5-level version of EQ-5D (EQ-5D-5L), which is a widely used generic
measure of health used to calculate quality-adjusted life years that
measures five dimensions (mobility, self-care, usual activities, pain/-
discomfort, and anxiety/depression) [22].

Statistical analyses

The intervention participants from each of the three trials were
analyzed separately via a data-driven method known as model-based
recursive partitioning (MoB). Given the differences in intervention
content and mode of delivery, patient characteristics, and outcomes of
interest, the trials were not pooled for analysis. Data-driven methods
have been developed from statistical classification methods that lend
themselves well to situations with many predictors with potentially
complex interactions [23,24]. Model-based recursive partitioning [25]
is one such method and was chosen because it can be used to discover
prognostic factors associated with a dichotomous outcome. Other
methods may only work for continuous outcomes or search for predic-
tive factors in a heterogeneity of treatment effects context [23]. The
basic premise of MoB is that, rather than one overall regression model, it
may be possible to split the participants into subgroups based on the full
set of available covariates, resulting in better fitting models for each
respective subgroup, often comprising multiple covariates [26]. To
assess whether or not a split on a covariate improves model fit, MoB tests
for parameter instability across all values of the covariates; the value of
the covariate associated with greatest parameter instability is used to
define the first split (e.g. pain at a score of 1). A logistic regression model
of the outcome variable of adherence is fit within each subgroup - (e.g.,
pain >1 versus pain <1). The process is repeated within each of the
resulting subgroups until the best model fit is achieved, implicitly con-
ducting variable selection. MoB yields a regression-based tree with each
leaf or terminal node representing a subgroup experiencing differential
adherence rates.

MoB was implemented via the mob function in the R package par-
tykit version 1.2-8 [27] We specified a logistic regression model with
the outcome of adherence and 15 potential baseline partitioning vari-
ables. Results are reported graphically as a regression-based tree.

Concordance statistics (c-statistics) were calculated to assess general
model discrimination of the final solutions across the three trials.
Additionally, for each trial, we conducted an internal validation by
applying the MoB steps to 100 bootstrap samples, with c-statistics
calculated for each sample. The resulting model from each bootstrap
sample was also then applied to the original sample and the corre-
sponding c-statistics calculated. The average difference between the two
c-statistics provides an estimate of optimism (i.e., correcting for the
original model performance being too optimistic) [28].

This study was approved by the Institutional Review Board (IRB) of
the Durham VA Health Care System. The three trials were approved by
the VHA Central IRB, as well as local IRB for Durham VA Medical Center,
VA Western New York Healthcare System, and VA Ann Arbor Healthcare
System.
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Results
Participant characteristics

Across the three trials, participants were mostly male, had at least
some college education or trade school, had average pain scores around
3-4, and reported at least fair general health (Table 1). Average
participant age varied from 39.2 to 62.9 years of age, and the proportion
employed varied from 32.2% to 66.3%.

Protocol adherence

Protocol adherence was 87.5% in the ACTIVATE trial, 71.3% in the
Stay Strong trial and 56.9% in the GPS trial (Table 2), and was higher in
the trials (ACTIVATE, Stay Strong) requiring fewer interactions to satisfy
the definition of adherence. Evaluation of heterogeneity of protocol
adherence via MoB in each trial resulted in a tree with 2-4 subgroups
based on splits of 1-3 variables (Figs. 1-3). In two of the three trials
(ACTIVATE, Stay Strong), the first split was based on pain in the past
week.

In ACTIVATE, 92% of those with a pain score greater than 2 were
adherent versus 77% of those with a pain score of 2 or less (Fig. 1). For
this simple, two-subgroup solution, the c-statistic was 0.64 and the
optimism-corrected c-statistic based on 100 bootstrap samples was 0.54.

The MoB solution for GPS resulted in 3 subgroups, defined by
smoking status and marital status (Fig. 2). Participants who did not
smoke had the highest rates of adherence, 69%. Among those who
smoked, adherence rates were 52% for those who were not married and
only 27% for those who were married. The c-statistic for this solution
was 0.66 (optimism-corrected c-statistic = 0.60).

In Stay Strong, the algorithm found the best model fit with an initial
split of the pain score at 1, with education and employment representing
the next splits in the tree (Fig. 3), resulting in 4 subgroups. Among those
with a pain score greater than 1, adherence rates were 90% for those
who had at least a bachelor’s degree, 81% for those without a bachelor’s
degree and unemployed, and 58% for those without a bachelor’s degree
and employed (Fig. 3). Fifty-five percent of those with a pain score of
one or less were adherent to protocol. This solution had the highest c-
statistic of 0.70 (optimism-corrected c-statistic = 0.63).

Discussion

In this study, we illustrated the use of a data-driven method, MoB, to
identify subgroups of patients who might have had higher versus lower
adherence to three behavioral prevention trials aimed at reducing car-
diovascular risk and/or increasing physical activity. Though this method
has been applied previously to assess heterogeneity of treatment effects,
we apply it to examine variation in protocol adherence. While overall
protocol adherence is increasingly reported in behavioral prevention
trials, this analysis goes further to understand heterogeneity in protocol
adherence [4-8].

Protocol adherence varied across the three trials. Unsurprisingly,
protocol adherence was higher in the two trials requiring fewer in-
teractions to be considered adherent. Participants reporting lowest
levels of pain were least likely to be adherent in two of three trials.
Possible explanations for this finding may be that these participants
perceived less benefit from the interventions or that these participants
were simply less available to answer the phone or attend sessions;
conversely, patients with pain might have been strongly attracted to
interventions that had heavy telephone components thereby requiring
less travel to attend sessions. Although none of the three interventions
addressed pain specifically, patients with higher pain scores may have
had higher adherence due to secondary gain achieved from these mostly
telephone-based coaching interventions. Patients with pain may realize
health benefits from participation because all three interventions
addressed behavioral aspects of risk reduction that may also improve
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Table 2
Adherence Details from each Trial.

Table 1
Baseline characteristics of intervention participants, by trial.
ACTIVATE GPS Stay
N = 208 N =202 Strong
N=178
Age, mean (SD)" 55.3 62.9 39.2
(12.7) (11.1) (8.4
Male, No. (%) 172 (82.7) 181 131
(89.6) (73.6)
Non-Hispanic white race, No. (%) 95 (45.7) 127 117

(62.9) (65.7)
Highest level of education, No. (%)

High school or less 39 (18.8) 32 16 (9.0)
(15.8)
Some college, Associate’s degree, or trade 112 (53.8) 125 90
school (61.9) (50.6)
Bachelor’s degree or higher 57 (27.4) 45 72
(22.3) (40.4)
Married/living as married, No. (%) 96 (46.2) 109 120
(54.0) (67.4)
Employed full or part time, No. (%)" 79 (38.2) 65 118

(32.2) (66.3)
Financial status, No. (%)"

After paying the bills, you still have enough 70 (33.7) 87 81
money for special things that you want. (43.3) (45.5)
You have enough money to pay the bills, 81 (38.9) 85 75
but little spare money to buy extra or (42.3) (42.1)
special things.
You have money to pay the bills, but only 37 (17.8) 17 (8.5) 12 (6.7)
because you have cut back on things.
You are having difficulty paying the bills, 20 (9.6) 12 (6.0) 10 (5.6)
no matter what you do.
PAM score, mean (SD) 62.4 59.3 70.8
(12.7) (11.3) (16.2)
PHQ score, mean (SD) * 6.8 (5.4) 5.1 8.0 (6.0)
(4.8)
MOS Score, mean (SD) 61.2 66.4 60.9
(21.3) (23.0) (19.7)
Pain past week, mean (SD)h 4.4 (2.7) 3.9 3.3(2.3)
(2.8)
AUDIT-C, mean (SD)" 2.4 (2.8) 2.7 2.6 (2.1)
(2.6)
Body mass index, mean (SD)* 33.7 (6.6) 30.2 31.3
(5.3) 6.2)
General health, No. (%)
Excellent 13(6.3) 26 8(4.5)
(12.9)
Very Good 43 (20.7) 69 36
(34.2) (20.2)
Good 85 (40.9) 67 71
(33.2) (39.9)
Fair 50 (24.0) 35 50
17.3) (28.1)
Poor 17 (8.2) 5(2.5) 13 (7.3)
Current smoker of cigarettes or other 88 (42.3) 88 50
tobacco, No. (%) (43.6) (28.1)

Note: SD = standard deviation, GPS = Group Problem Solving, PAM = Patient
Activation Measure, PHQ = Patient Health Questionnaire, MOS = Medical
Outcomes Study, AUDIT-C = Alcohol Use Disorders Identification Test — Con-
sumption. Group percentages may not add to 100% due to rounding.

# Missing data: age (n = 1, Stay Strong), employment (No. = 1, ACTIVATE),
financial status (No. = 1, GPS), PHQ score (No. = 4, Stay Strong), AUDIT-C (No.
= 2, GPS), body mass index (No. = 7, GPS). Percentage calculations exclude
observations with missing data from the denominator.

Y Pain is measured on a 0-10 scale, with 0 representing no pain.

pain (e.g., setting SMART goals, increasing physical activity). If this
finding is replicated across other behavioral intervention studies,
including a brief pain assessment as part of baseline could help target
extra resources for intervention fidelity or tailoring for inclusion/
exclusion criteria.

More robust statistical analyses, like MoB, beyond traditional
intention to treat-based analyses can provide deeper understanding of
intervention non-adherence, which may help point to ways to adapt
interventions to specific subgroups. For example, in the GPS trial,

Study Definition of Adherence No. Adherent/No. In study
sample (%)
ACTIVATE Completed both coaching calls 182/208 (87.5)

GPS Completed at least 8 (of 12) coaching 115/202 (56.9)
calls or group sessions
Stay Completed at least 2 (of 3) coaching 127/178 (71.3)
Strong calls
i g

¢/ Pain during past week \'l

K 0-10 scale f
lp = 0.011) I
- -y

Py R
.-"F’ R-'m
d =2
P M
F &
Subgroup 1 Subgroup 2
M=6l M =145
77.0% Adherent 91.8% Adherent

Fig. 1. ACTIVATE trial: MoB final solution. We used the default value of
statistical significance for the fluctuation tests (alpha = 0.05). Instead of
specifying a Bonferroni correction (which would have altered the statistical
significance to 0.05/15), we chose to post prune by Akaike’s Information
Criteria fit index and set the minimum node sample size as 30. Finally, we
specified maxLM-type test as the fluctuation test for ordered factor variables.
All other control parameters were kept at their default values. The final sample
size was 207 due to missing data on candidate baseline characteristics.

smokers who were married were least likely to be adherent to the
intervention and represent a subgroup that VA could focus on to better
understand their barriers and how to modify the intervention. Further-
more, data-driven methods, such as MoB, have an advantage of being
able to characterize multivariable subgroups and are well suited to sit-
uations with many predictors with potentially complex interactions and
little a priori knowledge concerning which subgroups may exhibit
common patterns [23]. The methods also do not rely on a priori cut-
points or categorizations of continuous predictors. Yet, with that flexi-
bility comes the need for validation of the data-driven findings. Other
analyses using data-driven methods to identify predictors of low inter-
vention adherence have emphasized the importance of validation [29].
To reflect the potential for overfitting in our analyses, we provided
optimism-corrected c-statistics derived via bootstrap resampling. The
final optimism-corrected c-statistics were all less than 0.7, indicating
weak discriminative ability. Given the complicated nature of adherence
to behavioral interventions, it is not surprising that discriminative
ability was weak [2,3]. Nonetheless, an important next step would be to
assess the performance of these methods and explore whether similar
patterns hold in other studies and samples.

We had a unique opportunity to compare results across three
different intervention trials because baseline measures were common
across all three trials. However, a limitation of our analyses is that the
interventions were delivered to different Veteran populations and
differed in intensity, dose, and mode of delivery, which required
different definitions of adherence across the trials. Yet, the interventions
were all focused on improving modifiable risk factors to decrease car-
diovascular risk, such as increasing physical activity, evaluated similar
baseline variables, and the telephone coaches were the same for all three
trials. Each study’s definition of adherence was agreed upon by each of
the respective study teams based on theories related to their particular
intervention. A further limitation is that because all trials and in-
terventions were focused on the Veteran population, this study may not
generalize beyond Veterans.
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Fig. 2. GPS trial: MoB final solution. We used
the default value of statistical significance for the
fluctuation tests (alpha = 0.05). Instead of speci-
fying a Bonferroni correction (which would have

__." . ¥
o q“"x“ altered the statistical significance to 0.05/15), we
Mo "‘%\'. chose to post prune by Akaike’s Information
,,f"“ y E'S_‘x Criteria fit index and set the minimum node sample
t:-*" xk”x size as 30. Finally, we specified maxLM-type test as
g P -ﬂ- the fluctuation test for ordered factor variables. All
subgreup 1 fﬁ Married other control parameters were kept at their default
M=105 i |p=0.019) values. The final sample size was 192 due to
BE.&% Adherant b5 25 missing data on candidate baseline characteristics.
e ‘-\-"-\-\.\_\_
ld_-r-"— e,
id_ﬂ__,Ncn es
Subgroup 2 Subgroup 3
M= 5D M=37
52.0% Adheremnt 27.0% Adherent
S g Fig. 3. Stay Strong trial: MoB final
II."' Pain during past wieak solution. We used the default value of
a-10 scale statistical significance for the fluctua-
¥ . tion tests (alpha = 0.05). Instead of
= [
I:I:l 0001} specifying a Bonferroni correction
- ‘w-.,_\ (which would have altered the statisti-
_‘_,.-"" w1 cal significance to 0.05/15), we chose to
=1 " post prune by Akaike’s Information
A e Criteria fit index and set the minimum
F 4 - F Y - node sample size as 30. Finally, we
"y ipe
Subgreup 1 ,."f Bachelor's degree ar specified maxLM-type test as the fluc-
'l i tuation test for ordered factor variables.
M=+‘ I“ ’ E All other control parameters were kept
54 5% Adherent X (p=0.01) at their default values. The final sample
e e size was 173 due to missing data on
N g.——-”‘- “‘“—'ﬁﬂ‘ i candidate baseline characteristics.
" —
" : ‘ Subgroup 4
( Working for wages N =50
[F«uﬂ 03] 7
9% Adherent
_d:—"-F-HH""-A..
Me” “Yes
- et
_-"-'-.F K‘m
& "
subgroup 2 Subgroup 3
N=iB N=43
80.6% Adherent 58 1% Adherent

While each behavioral intervention trial included details on how
intervention fidelity would be measured during the trial (e.g., audio
recording), it is also important to understand the types of patients who
are more likely to and less likely to adhere to the behavioral interven-
tion. In the future, analyses of heterogeneity of patient adherence to
protocol, using data-driven approaches like MoB, should be considered
to help assess impact of adherence, including dimensions described by
the NIH BCC framework. Methods presented in this paper illustrate the
strength of data-driven methods to help inform real-world imple-
mentation and adaptations as the VA scales up its programs using
coaching sessions to improve cardiovascular risk factors in Veterans.
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