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We are implementing Connect for Health, a primary care-based intervention to improve family-centered
outcomes for children, ages 2–12 years, in organizations that care for low-income children. We will
use the ‘Reach-Effectiveness-Adoption-Implementation-Maintenance’ framework to guide our mixed-
methods evaluation to examine the effectiveness of stakeholder-informed strategies in supporting pro-
gram adoption and child outcomes. We also describe characteristics of children, ages 2–12 years with
a BMI ≥85th percentile and obesity-related care practices. During the period prior to implementa-
tion, 26,161 children with a BMI ≥85th percentile were seen for a primary care visit and a majority
lacked recommended diagnosis codes, referrals and laboratory evaluations. The findings suggest the
need to augment current approaches to increase uptake of proven-effective weight management pro-
grams. Clinical trial registration number: NCT04042493 (Clinicaltrials.gov), Registered on 2 August 2019;
https://clinicaltrials.gov/ct2/show/NCT04042493.
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Background & rationale
Childhood overweight and obesity place a substantial burden on morbidity and quality of life and represent a
national health priority [1–3]. The prevalence of childhood overweight and obesity remain at historically high levels
and socioeconomic disparities appear to be widening [4–7]. Many of the underlying causes of obesity are modifiable
risk factors throughout the life course; these risk factors represent major causes of health inequalities [8]. Approaches
for reduction of obesity include collaborative interventions that aim to engage and empower families in obesity
management and work across primary care and community settings [9]; however, adoption of interventions in these
settings are limited.

The primary care setting provides an opportunity to detect elevated BMI levels and provide interventions that
can alter a child’s risk for disease and poor health outcomes. The US Preventive Services Task Force (USPSTF)
guidelines offer strong evidence for screening and evaluation, counseling for weight management, a balanced
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nutrition plan and physical activity, and behavioral management techniques for lifestyle changes [10,11]. Yet, the
USPSTF recommendations are not routinely followed and children with obesity are seldom identified [12]. It is
critical that programs address the socio-contextual factors that affect behaviors at multiple levels including the
individual, family and environment to improve health outcomes [13–15].

The Connect for Health pediatric weight management program is a novel approach to care delivery that leverages
clinical and community resources to improve family-centered outcomes for high-risk children with overweight or
obesity. The Connect for Health trial examined the comparative effectiveness of two clinical-community interventions
in improving child BMI z-scores and family-centered outcomes and enrolled 721 children, ages 2–12 years with
BMI ≥85th percentile in MA [16,17]. Children were randomized to one of two arms: enhanced primary care,
e.g., flagging of children with BMI ≥85th percentile, clinical decision support tools, parent educational materials,
neighborhood resource guide and text messages; or enhanced primary care plus contextually tailored, individual
health coaching. At the end of the one-year intervention, both intervention arms resulted in improved family-
centered outcomes and child BMI; there were no significant differences in outcomes between the two intervention
arms [16].

The purpose of this study is to examine the implementation of the Connect for Health program across four
organizations that deliver care to low-income children in the USA who have disproportionately high prevalence of
obesity. We describe the study design, the mixed-methods evaluation plan and baseline characteristics and clinical
care of children with obesity receiving care across the organizations. We present the study protocol in conjunction
with the baseline characteristics to provide a comprehensive overview of the implementation settings, provide a
roadmap for other organizations with similar characteristics and patient demographics, and stress the need for
programs such as Connect for Health.

Design
Overview of study design
We used the Consolidated Framework for Implementation Research to assess contextual determinants in preparation
of implementation of the Connect for Health pediatric weight management program in four organizations that
deliver primary care to low-income children in Boston, MA, Denver, CO and Greenville, SC [18]. The Connect for
Health program includes: electronic health record (EHR)-based clinical decision support tools to guide clinicians
in weight management; family educational materials; text messages for parents to support behavior change. We
have previously described the pre-implementation phase in which we engaged clinician and parent stakeholders
to assess needs and preferences of the program tools and implementation strategies; and to identify barriers and
facilitators to adoption [19]. Following stakeholder engagement, we iteratively adapted the program components
to suit the implementation contexts, as well as in consideration of sustainability and scalability. We used the
‘Reach-Effectiveness-Adoption-Implementation-Maintenance’ (RE-AIM) framework to guide the mixed-methods
evaluation of the program’s implementation [20]. Using a quasi-experimental design, we will examine the effectiveness
of stakeholder-informed strategies in supporting program adoption and child outcomes. At baseline (i.e., 15-months
prior to program implementation), we abstracted EHR data from the four organizations to describe characteristics
of children, ages 2–12 years with a BMI ≥85th percentile. Figure 1 illustrates the conceptual model for the
implementation of the Connect for Health program, which guided our implementation strategies and evaluation
plan. The study was registered at Clinicaltrials.gov (NCT02124460) and the Partners Healthcare institutional review
board approved this study. The standard protocol items: recommendations for interventional trials for clinical trial
study protocols and the standards for reporting implementation studies reporting guidelines (Supplementary Files
1 & 2) were followed.

Setting, participants, & end-users of the program
The Connect for Health program is being implemented in 26 primary care practices of four geographically and
demographically diverse healthcare organizations. The organizations include: Boston Medical Center and Mas-
sachusetts General Hospital in Boston, MA, Denver Health in Denver, CO and Prisma Health in Greenville, SC.
We selected the organizations because they have pediatric or family-medicine practices that are hospital-based, fed-
erally qualified or community health centers that deliver care to racially-ethnically diverse, low-income population
of children with high rates of obesity. All the healthcare organizations use the Epic EHR platform (Verona, WI)
allowing for the rapid scaling of EHR tools. Boston Medical Center is an academic medical center and is the largest
safety-net hospital in New England. Massachusetts General Hospital is an academic medical center in Boston,
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Figure 1. Implementation and Evaluation Approach for Connect for Health pediatric weight management program.
EHR: Electronic health record.

MA and has community health centers in surrounding cities. Denver Health is an academic health system, CO’s
primary safety-net institution, and the eighth largest federally qualified health center system in the US. Prisma
Health is the largest multiregional health organization in SC.

The implementation of the Connect for Health program and its strategies are targeted toward pediatric or family-
medicine primary care clinicians and is intended to be delivered during annual well-child visits or follow-up visits
with the primary care team. Due to varying clinical workflows across the four healthcare organizations, physicians,
physician assistants, nurse practitioners and medical assistants will use the program tools. Children, ages 2–12 years,
with an elevated BMI and their families are the end-users of the program. During the preimplementation phase,
each healthcare organization, based on their clinical population and needs, decided whether to make the program
tools available for children with a BMI ≥85th or 95th percentile.

The Connect for Health program tools
Clinical-facing tools

The clinical decision support tools guide screening and management of childhood obesity. We created a Best
Practice Alert (BPA), a flagging system that activates in the EHR for programmable patient specific characteristics
that identify children with an elevated BMI at the time of a well-child visit. After a child’s height and weight are
taken and the data are entered into the EHR, a noninterruptive BPA appears to alert the clinician and/or staff to
the elevated BMI. In addition to the BPA, we designed a SmartSet (an Epic visit template functionality) to assist
clinicians in the best management practices for childhood obesity. The SmartSet prompts clinicians to document
a diagnosis of overweight or obesity; discuss and document counseling on nutrition and physical activity; order
laboratory evaluations as appropriate; make referrals to nutrition, weight management programs and other relevant
services; place an order for the text-messaging program; provide educational materials and schedule a follow-up
visit.

Family-facing tools

The family materials include a comprehensive set of printable patient educational handouts focusing on recom-
mended behavioral changes that were adapted from the original trial based on stakeholder input [16,17,21,22]. The
materials include an overview handout with the six behavioral messages and additional handouts focusing in-depth
on each individual message. The messages include: healthy drink choices, screen-time, physical activity, following a
balanced nutrition plans, sleep and social-emotional wellness. The tools also include an extensive library of social-
and community-informed text messages to support behavior change. Clinicians and staff will enroll parents to
receive the unidirectional, automated messages generally twice a week for 1 year. The community resource guides
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Table 1. Characteristics of implementation strategies used to increase adoption of the Connect for Health program
among pediatric primary care clinicians and staff.
Implementation strategy Operationalizing the implementation strategies Implementation

outcome affected

Actor Action Temporality Dose

1. Conduct ongoing
training

Clinician champion;
practice coach

Conduct trainings that focus
on need for the program,
evidence strength of the
program and intervention
components

Prior to program launch and
ongoing throughout the
implementation phase

Two trainings prior to
program launch and
then quarterly

Program uptake and
fidelity

2. Provide local technical
assistance and
consultation

Clinician champion;
practice coach; Epic
analyst

Provide assistance in-person,
over the phone and via email

Throughout the
implementation phase

Ongoing as needed Program uptake,
feasibility and fidelity

3. Create a virtual learning
community

Implementation
support team

Provide education on the
program and childhood
obesity topics led by experts
and offer continuing
educational units

Will begin mid-way through
the implementation period
and last for 6–9 months

New module to be
released monthly

Program uptake and
fidelity

4. Alter
incentive/allowance
structures

Implementation
support teams in
conjunction with
administrative leaders

Align program with
healthcare organization’s
internal performance metrics
and provide quality
improvement bonuses

Throughout the
implementation phase.
Alignment with internal
performance metrics that
begins during the
pre-implementation phase
when adapting the program

Evaluated for
qualification for bonus
once during
implementation phase

Program uptake,
acceptability, and
sustainability

5. Audit and provide
feedback

Clinician champion;
practice coach;
implementation
support team

Collect individual and
practice-level metrics on
utilization of the clinical
decision support tools and
deliver feedback reports to
clinicians

Throughout the
implementation phase

Feedback reports to be
delivered quarterly

Program uptake

6. Facilitation Clinician champion Support and problem-solve
with clinicians to encourage
program adoption

Throughout the
pre-implementation and
implementation phase

As needed Program uptake,
acceptability and
fidelity

assist families in identifying resources within their community that support behavior change. The community re-
source guides include sections on nutrition and food resources, physical activity and after-school programs, housing
and utilities, and social services and healthcare. The family-facing materials have been translated into Spanish and
Haitian Creole to ensure the program is accessible for the diverse communities that the four healthcare organiza-
tions serve. Besides materials being provided to families at their well-child visit, families can also obtain the patient
educational materials and community resource guides from the Connect for Health website (www.c4hprogram.com).

Implementation strategies
The Connect for Health implementation strategies are designed to have an equity focus and support clinicians in the
adoption of the program in primary care. During the implementation phase, each healthcare organization identified
clinician champions, practice coaches and an implementation support team consisting of an Epic analyst and project
manager. The implementation strategies are listed and operationalized according to the Expert Recommendations
for Implementing Change [23,24] in Table 1. The strategies, such as conducting ongoing trainings and creating a
virtual learning community, focus on educating clinicians about the program and best practices for screening and
management of childhood obesity. Virtual learning communities have been widely used to increase knowledge
and support practice change [25,26]. To support clinicians and staff, we will provide ongoing technical assistance to
support their usage of the new EHR tools and other program components. Ongoing education and consultation
are critical to provider adoption of clinical innovations and have been shown to be even more important than stand-
alone training [23,27]. Clinician champions have been shown to facilitate change efforts by building organizational
support [28] and by providing performance feedback that can support the adoption of evidence based practices [23,29–

31]. To incentivize the uptake of the program, we aligned the program with each healthcare organization’s internal
performance metrics and when available, with quality improvement bonuses [32].

Outcome measures & evaluation
The RE-AIM framework has guided our evaluation and Table 2 shows our outcomes, measures and data sources.
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Table 2. Study outcomes using the RE-AIM framework.
RE-AIM component Measure Data source

Reach Child socio-demographic characteristics EHR

Rate of action taken on best practice alert among total number
of best practice alerts fired

EHR

Effectiveness and family-centered
outcomes

Change in BMI EHR

Family’s experience with program Parent survey administered within 8 weeks of well-child visit

Adoption Setting-level characteristics (including number of practices,
practice type)

Administrative data

Staff-level characteristics (including clinicians and team
members’ role)

Administrative data

Rate of Smart Set utilization and text messaging orders EHR

Implementation

Fidelity Intervention & implementation fidelity checklist Observation and interviews completed mid-implementation with
clinicians, clinician champions and practice coaches

Acceptability Acceptability of Intervention Measure Survey administered mid-implementation to clinicians

Maintenance Reach, effectiveness and adoption measures over time EHR

Clinical Sustainability Assessment Tool Survey administered to unit chiefs, clinician champions and
practice coaches

EHR: Electronic health record; RE-AIM: Reach-Effectiveness-Adoption-Implementation-Maintenance.

We will collect measures through EHR abstractions, surveys and informal interviews with leadership, clinician
champions, practice coaches, clinicians and parents. To understand program reach, we will describe children’s
socio-demographic characteristics and will calculate the rate of action taken on the BPA among the total number of
BPAs that were fired. We will measure adoption by describing setting- and staff-level characteristics and will report
on SmartSet utilization and text messaging program orders. For implementation outcomes, we will assess fidelity
to ensure the program is being delivered as intended with all core program components, and will measure program
acceptability using the Acceptability of Intervention Measure [33]. We will evaluate reach, effectiveness and adoption
measures over time to study maintenance, and will use the Clinical Sustainability Assessment Tool [34] to understand
needs for program sustainment. We will calculate descriptive statistics for the reach, adoption, implementation and
maintenance outcomes.

To understand effectiveness, we will examine changes in BMI z-score and family-centered outcomes over the
course of program implementation. We will survey parents of eligible children eight weeks following their well-child
visit to understand their experiences with the program. The survey, offered in English and Spanish, will include
questions regarding how the program impacted behaviors and usefulness of the family-facing program tools. We
will report on descriptive statistics of the survey.

We will use a quasi-experimental design to assess changes in BMI z-scores. We selected this design because we
did not have enough sites for cluster randomization, randomizing within sites would have risked contamination,
and the program has previously been shown to be effective and withholding the intervention would have not been
ethical. Using only children who are eligible for the program, we will start with simple analyses that compare
paired baseline and follow-up outcomes for each child. The baseline period will be 15 months prior to program
implementation in which we will collect 2–3 measurements most proximal to the start of the program. We will
also collect all BMI z-scores after the start of the program. A paired t-test will be used to compare the difference
in the average pre-intervention and post-intervention BMI z-scores. While this approach assures the absence of
confounders and excellent power, we have no control group. Any improvements that we observe could be present
in other children, and therefore, not attributable to the intervention. Therefore, a regression discontinuity design
will be used to assess program effectiveness by evaluating the reported changes in BMI z-scores. BMI z-scores will
be collected pre-implementation and post-implementation for two groups of children: children who are eligible to
receive the program (BMI ≥85th or 95th percentile) and ‘quasi-control’ children who are not eligible to receive
the program (BMI between the 50th–85th percentile). From the observed pattern of changes in BMI z-scores in
the quasi-control children, we can project what the BMI z-scores would be in children with an elevated BMI. We
will then compare this projected pattern to the actual pattern in the children eligible to receive the program. A
segmented regression model will be used to estimate the pattern in the control children, any acute change affecting
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all children receiving the program equally, and any change in pattern that could affect the children with greater
BMIs differentially.

Using an alternate design, we will evaluate changes in child BMI z-score by using a second control group
of children with elevated BMIs at geographically and demographically matched community health centers. The
inclusion of this secondary control group will allow us to match on BMI trajectories and will allow us to compare
changes to BMI z-scores using a difference-in-differences design. We will collect data from community health centers
through the Azara Healthcare Data Reporting and Visualization System (MA, USA). We will use multivariable
linear regression models, adjusted for correlation due to repeated measures over time, to evaluate changes in BMI
z-scores.

Baseline characteristics & obesity-related care metrics
To characterize our reach and target population, as well as understand current practices in obesity-related care at
the healthcare organizations, we abstracted data from the EHR and collected the following information during the
15-month time period prior to program implementation: socio-demographics, BMI, BMI z-scores, BMI category
(i.e., overweight, obesity and severe obesity), International Classification of Diseases, 10th Revision (ICD-10) codes
for documentation of BMI, childhood obesity and nutrition and physical activity counseling, laboratory orders,
referrals and the comorbid condition of asthma. The abstraction included children, ages 2–12 years with a BMI
≥85th percentile who were seen for a well-child visit at a practice implementing the program. The healthcare
organizations implemented the program at different times, so the dates of the baseline periods differ. At primary
care visits, we collected childhood obesity and nutrition and physical activity counseling ICD-10 codes. Laboratory
orders included fasting glucose, hemoglobin A1c, ALT, AST and complete lipid panels. We searched laboratory
orders completed at the time of well-child visits or during the visits 15-months prior. We included referrals to
nutrition and weight management programs that were made at the time of well-child visits or during the visits
15-months prior. Referral data from Prisma Health were not available. We documented if a child had asthma
as indicated by a prescription for albuterol, ICD-10 code, asthma referrals, historical registration of asthma or
an asthma control test. For the laboratory orders, referrals and asthma documentation, when available, we also
searched historical data as orders and referrals are not always recommended on a yearly basis. Historical data were
limited due to availability in data warehouses. We calculated descriptive statistics for all the variables for each
healthcare organization. Statistical analyses were completed using R Studio Software (version 3.5.1) and SAS (SAS
Institute, NC, USA).

Results
During the 15-month period prior to implementation, 26,161 children with a BMI ≥85th percentile, ages 2–
12 years were seen for a primary care visit. Estimated rates of childhood obesity across the organizations ranged
from 35–50%. Across the four organizations, the mean (standard deviation [SD]) age of the children with a BMI
≥85th percentile was 7.8 (3.1) years and 49% of children were Hispanic, 22% were White and 18% were Black.
Approximately 41% of families spoke a language other than English and 79% of children had public insurance.
Table 3 shows the characteristics of children, ages 2–12 years with a BMI ≥85th percentile for the four healthcare
organizations.

Table 4 shows the BMI, BMI z-score, BMI categories of children and obesity-related care metrics for children
across the four healthcare organizations. Overall, approximately 48% of children had a BMI ≥95th percentile
and 15% were in the severe obesity category defined as BMI ≥99th percentile. Between the organizations, the
use of childhood obesity diagnosis codes and which family of codes was used (Z68 v. E66) varied, as well the
usage between BMI categories. Most consistently, childhood obesity ICD-10 diagnosis codes were documented
for children with severe obesity; the utilization for E66 codes was 60%. For children with obesity, the use was
44% and for children with overweight, the use was 17%. Counseling codes for nutrition and physical activity
were not commonly used and usage was 7% for dietary counseling and 6% for physical activity. Orders placed for
laboratory evaluations were more prevalent among children in higher BMI categories with the most orders being
placed for the severe obesity category. For the overweight category, orders for all laboratory evaluations combined
were 29%; for the obesity category 39% and for the severe obesity category 64%. Referrals placed for nutrition
services and weight management programs increased between the BMI categories. Nutrition referrals were 4% for
the overweight category, 7% for the obesity category and 16% for the severe obesity category. Weight management
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Table 3. Characteristics of children, ages 2–12 years, with a BMI ≥85th percentile who were seen for a well-child visit
during the 15-month period prior to program implementation (n = 26,161).
Child characteristics Overall Massachusetts General Hospital

(September
2018–December 2019)

Boston Medical Center
(July 2018–October 2019)

Denver Health
(September 2018–
December 2019)

Prisma Health
(August 2018–
November 2019)

n = 26,161 n = 6752 n = 2494 n = 10,079 n = 6836

n (%) n (%) n (%) n (%) n (%)

Age, mean (SD) 7.81 (3.14) 7.57 (3.25) 7.51 (3.27) 8.12 (3.04) 7.62 (3.08)

Sex

Male 13,873 (53.03) 3583 (53.07) 1241 (49.76) 5453 (54.10) 3596 (52.60)

Female 12,288 (46.97) 3169 (46.93) 1253 (50.24) 4626 (45.90) 3240 (47.40)

Race/ethnicity

Hispanic/Latino 12,923 (49.40) 3018 (44.70) 398 (15.96) 7579 (75.20) 1928 (28.20)

Non-Hispanic White 5786 (22.12) 1609 (23.83) 125 (5.01) 766 (7.60) 3286 (48.07)

Non-Hispanic Black 4585 (17.53) 664 (9.83) 1528 (61.27) 1206 (11.97) 1187 (17.36)

Non-Hispanic Asian 666 (2.55) 293 (4.34) 55 (2.21) 275 (2.73) 43 (0.63)

Non-Hispanic Other 675 (2.58) 479 (7.09) 40 (1.60) 136 (1.35) 20 (0.29)

Unknown 1526 (5.83) 689 (10.20) 348 (13.95) 117 (1.16) 372 (5.44)

Language (n = 19,260) (n = 6688) (n = 2493) (n = 10,079)

English 11,337 (58.86) 4229 (63.23) 1629 (65.34) 5479 (54.36) Not available

Spanish 6275 (32.58) 1998 (29.87) 152 (6.10) 4125 (40.93) Not available

Other 1648 (8.56) 461 (6.89) 712 (28.56) 475 (4.71) Not available

Insurance (n = 20,085) (n = 6731) (n = 2451) (n = 824)

Public insurance 15,945 (79.39) 4180 (62.10) 1961 (80.01) 9099 (90.28) 705 (85.56)

Private insurance 4140 (20.61) 2551 (37.90) 490 (19.99) 980 (9.72) 119 (14.44)

program referrals were 8% for the overweight category, 10% for the obesity category and 18% for the severe obesity
category. Documentation of asthma ranged between 25 and 34% for the three BMI categories.

Conclusion
Pediatric primary care and community settings provide important opportunities to detect elevated BMIs, collaborate
with families and deliver childhood obesity interventions. The Connect for Health pediatric weight management
program is a scalable, proven-effective program that improves BMI and family-centered outcomes for children, ages
2–12 years. The program is being implemented in pediatric primary care practices of four healthcare organizations
across the USA in which the majority of children are racially-ethnically diverse and low-income. We have described
the study protocol for equity-focused implementation and evaluation and have described characteristics of children
and obesity-related care metrics. During the 15-months prior to implementation, we found a low prevalence
of guideline-adherent practices, including documentation of obesity and counseling codes, orders for laboratory
evaluations and referrals for nutrition and weight management programs. The low uptake of these practices
reinforces the importance of programs like Connect for Health being implemented in primary care.

The Connect for Health program was developed to follow the USPSTF guidelines and leverage clinical and
community resources outcomes for children who are racially-ethnically diverse and from low-income communities
given the persistent disparities in childhood obesity [5,11,16,17]. The results of the obesity-related care metrics
demonstrated the opportunity to improve screening and interventions in the pediatric primary care setting. The
USPSTF recommends screening for childhood obesity by calculating age- and sex-specific BMI [11]. Consistent
with the literature, the use of childhood obesity diagnosis codes and exercise and counseling codes was low across
the organizations resulting in missed opportunities to screen and document growth [35]. The documentation can
also be reported to the Healthcare Effectiveness Data and Information Set allowing for accurate estimates of
childhood obesity prevalence and trends. In their algorithm for childhood obesity assessment and management,
the American Academy of Pediatrics recommends education, referrals to other healthcare providers and weight
management programs and laboratory evaluations [36]. Despite these recommendations, uptake of screening,
referrals and laboratory evaluations remain low as evidenced in our findings. Consistent with their algorithm, we
found laboratory evaluations were ordered more often for children with obesity or severe obesity, as laboratory
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Table 4. BMI and obesity-related care of children, ages 2–12 years, with a BMI ≥85th percentile who were seen for a
well-child visit during the 15-month period prior to program implementation (n = 26,161).

Overall Massachusetts General
Hospital
(September 2018–
December 2019)

Boston Medical Center
(July 2018–
October 2019)

Denver Health
(September 2018–
December 2019)

Prisma Health
(August 2018–
November 2019)

n = 26,161 n = 6752 n = 2494 n = 10,079 n = 6836

n (%) n (%) n (%) n (%) n (%)

BMI

Mean (SD) 22.01 (4.43) 21.86 (4.27) 22.01 (4.60) 22.21 (4.38) 21.87 (4.57)

Z-score 1.77 (0.55) 1.76 (0.54) 1.78 (0.54) 1.76 (0.53) 1.78 (0.58)

BMI category
– Overweight
– Obesity
– Severe obesity

12,484 (47.72)
9745 (37.25)
3932 (15.03)

3233 (47.88)
2566 (38.00)
953 (14.11)

1163 (46.63)
952 (38.17)
379 (15.20)

4814 (47.76)
3761 (37.32)
1504 (14.92)

3274 (47.89)
2466 (36.07)
1096 (16.03)

Childhood obesity diagnosis codes

Overweight category
– BMI 85th−95th percentile (Z68.53)
– Diagnosis of overweight (E66.3)

3030 (24.27)
2066 (16.55)

190 (5.88)
725 (22.42)

5 (0.43)
228 (19.60)

1204 (25.01)
716 (14.87)

1631 (49.82)
397 (12.13)

Obesity category
– BMI ≥95th percentile (Z68.54)
– Diagnosis of obesity (E66 codes)

4841 (49.68)
4251 (43.62)

883 (34.41)
1415 (55.14)

7 (0.74)
655 (68.80)

2183 (58.04)
1342 (35.68)

1768 (71.70)
839 (34.02)

Severe obesity category
– BMI ≥95th percentile (Z68.54)
– Diagnosis of obesity (E66 codes)

2762 (70.24)
2363 (60.10)

562 (58.97)
782 (82.06)

2 (0.53)
339 (89.45)

1219 (81.05)
587 (39.03)

979 (89.32)
655 (59.76)

Childhood obesity counseling codes

Dietary counseling surveillance (Z71.3) 1824 (6.97) 155 (2.30) 4 (0.16) 207 (2.05) 1458 (21.33)

Exercise counseling (Z71.82) 1609 (6.15) 85 (1.26) 0 (0.00) 123 (1.22) 1401 (20.49)

Laboratory orders†

Overweight category
– Fasting glucose‡

– HgbA1c
– ALT
– AST
– Lipid panel
– Any lab order

865 (6.93)
1859 (14.89)
1934 (15.49)
662 (8.63)
1482 (11.87)
3554 (28.47)

0 (0.00)
161 (4.98)
709 (21.93)
33 (1.02)
311 (9.62)
846 (26.17)

0 (0.00)
61 (5.25)
17 (1.46)
18 (1.55)
134 (11.52)
138 (11.87)

1 (0.02)
492 (10.22)
598 (12.42)
Not available
591 (12.28)
750 (15.58)

864 (26.39)
1145 (34.97)
610 (18.63)
611 (18.66)
446 (13.62)
1820 (55.59)

Obesity category
– Fasting glucose
– HgbA1c
– ALT
– AST
– Lipid panel
– Any lab order

894 (9.17)
2757 (28.29)
2613 (26.81)
830 (13.87)
2314 (23.75)
3755 (38.53)

2 (0.08)
414 (16.13)
715 (27.86)
101 (3.94)
494 (19.25)
834 (32.50)

6 (0.63)
163 (17.12)
60 (6.30)
58 (6.09)
169 (17.75)
194 (20.38)

4 (0.11)
1106 (29.41)
1168 (31.06)
Not available
1106 (29.41)
1226 (32.60)

882 (35.77)
1074 (43.55)
670 (27.17)
671 (27.21)
545 (22.10)
1501 (60.87)

Severe obesity category
– Fasting glucose
– HgbA1c
– ALT
– AST
– Lipid panel
– Any lab order

561 (14.27)
2177 (55.37)
1936 (49.24)
626 (25.78)
1953 (49.67)
2505 (63.71)

2 (0.21)
420 (44.07)
474 (49.74)
83 (8.71)
440 (46.17)
552 (57.92)

9 (2.37)
165 (43.54)
39 (10.29)
49 (12.93)
163 (43.01)
185 (48.81)

7 (0.47)
869 (57.78)
929 (61.77)
Not available
883 (58.71)
954 (63.43)

543 (49.54)
723 (65.97)
494 (45.07)
494 (45.07)
467 (42.61)
814 (74.27)

Referrals§

Overweight category
– Weight management program
– Nutrition

(n = 9210)
738 (8.01)
395 (4.29)

112 (3.46)
298 (9.22)

23 (1.98)
16 (1.38)

603 (12.53)
81 (1.68)

Not available
Not available

Obesity category
– Weight management program
– Nutrition

(n = 7279)
747 (10.26)
511 (7.02)

147 (5.73)
394 (15.35)

105 (11.03)
51 (5.36)

495 (13.16)
66 (1.75)

Not available
Not available

† Includes laboratory order placed at the time of well-child visit or prior to that visit. Historical data were available for MGH from June 2007 to December 2019, BMC from June 2018 to
October 2019, Denver Health from January 2014 to December 2019 and Prisma Health from January 2011 to November 2019.
‡For Prisma Health, laboratory orders for serum glucose are shown.
§ Includes referral order placed at the time of well-child visit or prior to that visit. Historical data were available for MGH from June 2015 to December 2019, BMC from June 2018 to
October 2019 and Denver Health from April 2016 to January 2020.
¶ Includes asthma documented at the time of well-child visit or prior to that visit. Documentation of asthma includes combination of albuterol prescriptions, ICD10 codes, asthma control
test and historical registration of asthma. Historical data were available for MGH from August 2010 to December 2019, BMC from June 2018 to October 2019, Denver Health from
December 2006 to December 2019 and Prisma Health from July 2009 to November 2019.
BMC: Boston Medical Center; HgbA1c: Hemoglobin A1c; MGH: Massachusetts General Hospital.
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Table 4. BMI and obesity-related care of children, ages 2–12 years, with a BMI ≥85th percentile who were seen for a
well-child visit during the 15-month period prior to program implementation (n = 26,161) (cont.).

Overall Massachusetts General
Hospital
(September 2018–
December 2019)

Boston Medical Center
(July 2018–
October 2019)

Denver Health
(September 2018–
December 2019)

Prisma Health
(August 2018–
November 2019)

n = 26,161 n = 6752 n = 2494 n = 10,079 n = 6836

n (%) n (%) n (%) n (%) n (%)

Severe obesity category
– Weight management program
– Nutrition

(n = 2836)
498 (17.56)
443 (15.62)

170 (17.8)
375 (39.35)

104 (27.44)
35 (9.23)

224 (14.89)
33 (2.19)

Not available
Not available

Asthma documentation¶

– Overweight category
– Obesity category
– Severe obesity category

3177 (25.45)
2608 (26.76)
1343 (34.16)

946 (29.26)
772 (30.09)
382 (40.08)

297 (25.53)
259 (27.21)
127 (33.51)

1023 (21.25)
884 (23.50)
468 (31.12)

911 (27.83)
693 (28.10)
366 (33.39)

† Includes laboratory order placed at the time of well-child visit or prior to that visit. Historical data were available for MGH from June 2007 to December 2019, BMC from June 2018 to
October 2019, Denver Health from January 2014 to December 2019 and Prisma Health from January 2011 to November 2019.
‡For Prisma Health, laboratory orders for serum glucose are shown.
§ Includes referral order placed at the time of well-child visit or prior to that visit. Historical data were available for MGH from June 2015 to December 2019, BMC from June 2018 to
October 2019 and Denver Health from April 2016 to January 2020.
¶ Includes asthma documented at the time of well-child visit or prior to that visit. Documentation of asthma includes combination of albuterol prescriptions, ICD10 codes, asthma control
test and historical registration of asthma. Historical data were available for MGH from August 2010 to December 2019, BMC from June 2018 to October 2019, Denver Health from
December 2006 to December 2019 and Prisma Health from July 2009 to November 2019.
BMC: Boston Medical Center; HgbA1c: Hemoglobin A1c; MGH: Massachusetts General Hospital.

evaluations should only be ordered for children with overweight if they have risk factors present, and referrals
should only be recommended after counseling with the primary care clinician. The Connect for Health program
provides clinical decision support tools and clinician education, to screen, guide management practices and provide
counseling in accordance with national guidelines to improve uptake of evidence-based practices.

The objective of this study is to increase adoption of the Connect for Health pediatric weight management
program and evaluate the effectiveness of our implementation strategies. The study protocol we have presented is
subject to potential challenges and limitations. As we implement the program, we will closely monitor program
uptake and will take a practical approach by modifying our strategies and adapting as necessary. Throughout
the implementation phase, we will document modifications to the program and implementation strategies using
the framework for Reporting Adaptations and Modifications-Expanded [37,38]. We anticipate modifications to
program delivery as three of the four healthcare organizations have shifted to telemedicine for well-child visits due
to the COVID-19 pandemic. We selected pragmatic measurements for our evaluation plan; thereby we limited
respondent surveys and selected outcomes that we could access through the EHR. Similarly, our baseline data pull
was limited to variables within the EHR, as well as the availability of historical data (due to EHR vendor transitions)
when searching for previously ordered laboratory evaluations, referrals and asthma documentation. For the current
data abstraction, variables, including language, insurance and referral information were not consistently available
resulting in missing data.

In conclusion, uptake of evidence-based practices for pediatric weight management fell well below expert
recommendations across four organizations that deliver primary care to low-income children suggesting a substantial
need for improving the delivery of high-quality care for children with obesity. Our findings emphasize the need
to accelerate the adoption of proven-effective weight management programs particularly for children who are
racially-ethnically diverse and from low-income households. The implementation of programs, such as Connect for
Health, need to incorporate implementation strategies that address and advance child health equity.

Executive summary

• Connect for Health is a primary care-based intervention to improve family-centered outcomes for children, ages
2–12 years, in organizations that care for low-income children.

• The purpose of this study is to examine the implementation of the Connect for Health program across four
organizations that deliver care to low-income children in the USA who have disproportionately high prevalence
of obesity.

• This paper describes the study design, the mixed-methods evaluation plan and baseline characteristics and clinical
care of children with obesity receiving care across the organizations, presenting the study protocol in conjunction
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with the baseline characteristics to provide a comprehensive overview of the implementation settings, provide a
roadmap for other organizations with similar characteristics and patient demographics, and stress the need for
programs such as Connect for Health.
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Background: Cognitive behavioral therapy for insomnia (CBT-I) is underused in healthcare settings and is
challenging for people with insomnia to access because of uneven geographical distribution of behav-
ioral sleep medicine providers. Prescription digital therapeutics can overcome these barriers. This study
evaluates the effectiveness of a specific digital CBT-I therapeutic. Materials & methods: Digital Real-world
Evidence trial for Adults with insomnia treated via Mobile (DREAM) is a 9-week, open-label, decentralized
clinical trial to collect real-world evidence for a digital therapeutic (Somryst™) delivering CBT-I to patients
with chronic insomnia. The primary objective is to examine the effectiveness of Somryst to reduce self-
reported insomnia symptoms and severity in a real-world population (n = 350). Conclusion: This pragmatic
study seeks to assess the potential benefits of treating insomnia with an asynchronous, mobile, tailored
prescription digital therapeutic.

Clinical trial registration: NCT04325464 (ClinicalTrials.gov)

Lay abstract: Chronic insomnia is linked to a range of health problems, including heart disease, chronic
pain, high blood pressure and depression. A behavioral treatment called cognitive behavioral therapy
for insomnia (CBT-I) is considered the first choice for helping patients overcome insomnia and reduce
their risks of insomnia-related problems. Although the benefits of CBT-I have been established, it can be
difficult for patients to access trained CBT-I therapists. One possible solution is to use digital forms of
CBT-I, which patients can access on mobile devices. Somryst™ is a prescription digital therapeutic, which
means it is authorized by the US FDA and has been proven effective in carefully-controlled clinical trials.
Less is known, however, about how well the prescription digital therapeutic works in real-world settings.
The Digital Real-world Evidence trial for Adults with insomnia treated via Mobile study (DREAM) will
explore this question by evaluating a range of symptoms and outcomes in at least 350 patients with
chronic insomnia who will use Somryst and be followed for 1 year.

First draft submitted: 5 January 2021; Accepted for publication: 10 February 2021; Published online:
8 March 2021

Keywords: CBT-I • chronic insomnia • cognitive behavioral therapy for insomnia • digital therapeutics • insomnia
• PDT • prescription digital therapeutic

Background & rationale
Approximately 30 million Americans suffer from chronic insomnia [1], a condition associated with significant
impairment in health and functioning [2–4]. Conditions co-occurring with insomnia include psychiatric disorders,
heart disease, chronic pain and hypertension [5]. The annual medical and socioeconomic costs of chronic insomnia
are estimated at US$30–70 billion [6].
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Cognitive behavioral therapy for insomnia (CBT-I) is the guideline-recommended, first-line treatment approach
for adults with chronic insomnia [7–10], based on robust evidence of long-term efficacy and significantly lower
safety risks compared with pharmacologic treatment options, which are associated with adverse events (AEs) and
dependence [11,12]. CBT-I has been shown to improve insomnia itself as well as co-occurring symptoms [13],
functional health, psychological well-being and sleep-related quality of life [14]. CBT-I, however, remains underused
in healthcare settings and is challenging for people with insomnia to access [15,16]. Barriers to increased use of CBT-I
include a paucity of healthcare providers trained in behavioral sleep medicine, inconvenience for patients due to
the limited geographic diversity of CBT-I providers across the US, and patient concerns about privacy [16].

Prescription digital therapeutics (PDTs) represent a promising clinical approach for treating insomnia that can
overcome the barriers currently constraining the use of CBT-I. A PDT for treatment of adults with chronic
insomnia was market cleared in March 2020 by the US FDA [17,18]. The Somryst™ PDT is a native mobile
application adaptation (with identical therapeutic content) of Sleep Healthy Using the Internet (SHUTi) – a
web-based CBT-I intervention accessed via a responsive browser that has been extensively evaluated in at least
nine randomized trials with over 3000 patients [19,20]. A meta-analysis of randomized trials found that the efficacy
of digitally-delivered CBT-I is comparable with that delivered via traditional face-to-face modalities [21].

The objective of the Digital Real-world Evidence trial for Adults with insomnia treated via Mobile (DREAM)
study is to examine the effectiveness of a digital therapeutic to reduce insomnia symptoms and severity in a real-world
population of participants with chronic insomnia. The pragmatic study is designed to improve the understanding
of how a PDT is actually used outside of a clinical trial setting and to assess its impact on insomnia symptoms and
other measures of neuropsychiatric mental health and well-being.

Design
Study design
Prospective, open-label clinical trial with no comparator group.

Study setting
The DREAM study is decentralized. All participants will be recruited from within the US from a study waiting list
that includes: participants who expressed interest in a mobile version of SHUTi when it became available; partic-
ipants referred by their clinician; and participants who searched the internet for insomnia treatment. Participants
may also be recruited using online advertising on social media sites.

Eligibility criteria
The DREAM study platform has been programmed with the inclusion and exclusion requirements allowing the
system to automatically determine participant eligibility.

Inclusion criteria:

� Provision of electronic informed consent (prior to study-specific assessments).
� Age between 22 and 75 years, inclusively.
� Insomnia as defined by a score of 8 or above on the Insomnia Severity Index (ISI).
� Insomnia symptoms for at least 3 months [22].
� Access to a mobile device (i.e., smartphone or tablet) running supported versions of iOS or Android for the

duration of the trial (including continuous data plan/Wi-Fi access).
� Resident of the US and living in the US for the duration of the trial.

Exclusion criteria:

� Presence of an active and progressive physical illness (e.g., congestive-heart failure, chronic obstructiNve pul-
monary disease, or acute pain), neurological disorder (e.g., epilepsy) or neurological degenerative disease (e.g., de-
mentia and multiple sclerosis).

� Unstable medication regimen (change to schedule or dosage within the past 3 months).
� Diagnosis of a psychotic disorder, bipolar disorder or a medical condition contraindicated by sleep restriction.
� Family or work schedules that interfere with normal sleep schedules (i.e., normal routine considered to be

bedtime between 8:00 p.m. and 2:00 a.m. and/or waking times between 4:00 and 10:00 a.m.).
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� Need to be alert or cautious to avoid serious accidents in a job or daily life. Examples include: long-haul truck
drivers, long-distance bus drivers, air traffic controllers, operators of heavy machinery and some assembly line
jobs.

� Pregnancy or intent to become pregnant during the trial.
� Other untreated sleep disorders as self-reported by the participant (e.g., obstructive sleep apnea, periodic leg

movements, or parasomnias).
� Participation in an investigational research study in the past 30 days.

Eligible participants will be contacted via email and given an access code that will enable them to create an account
and access the Somryst program. Ineligible participants will be notified via email and receive referral information
to other sleep websites. In the event of uncertainty about a participant’s eligibility, the Principal Investigator will
contact the participant and/or participant’s treating clinician to confirm if they are eligible for the study.

Who will take informed consent?
Participants who initially meet eligibility will complete an electronic informed consent form (eICF). Once the eICF
is signed by both the participant and the Principal Investigator, the participant will be invited to complete additional
medical/medication history questions, the ISI, and the Short Form 12 Health Survey to further determine eligibility
and provide baseline data for the study. All data provided during the prescreening and screening periods is self-
reported. The eICF will be reviewed and approved by the Institutional Review Board (IRB) prior to the start of the
study. A copy of the IRB approval letter of the protocol, any amendments and the eICF will be filed in the Trial
Master File.

Study procedures
Intervention description
The intervention to be evaluated in the study is an FDA-market-cleared PDT (Somryst) that delivers digital CBT-I
therapeutic content to a patient via a mobile device (smartphone or tablet). CBT-I focuses on addressing the
maladaptive behaviors, routines, and dysfunctional thoughts that perpetuate sleep problems, regardless of the cause
of the sleep problems. Digital CBT-I is modeled on face-to-face CBT-I, which is typically delivered in weekly
sessions over 6–8 weeks. The study program delivers 6 treatment Cores (learning modules), covering the following
specific CBT-I therapy content:

1. Get ready. This Core sets the stage for the therapeutic experience. It lets the participant know what they will
need to learn and do to improve their sleep and set goals for success.

2. Sleep window. This Core focuses on the concept of sleep restriction and consolidation. Using the participant’s
own data, the PDT will identify a tailored Sleep Window (a recommended Bedtime and Arising Time) that the
participant should follow.

3. Behaviors. This Core focuses on stimulus control and works to break the connection between bed/bedtime
and being awake.

4. Thoughts. This Core explains how a participant’s thinking can contribute to chronic insomnia. The participant
will learn to identify and shift these thought patterns to promote better sleep.

5. Education. This Core helps the participant identify changes to target in their lifestyle and environment to
achieve better sleep.

6. Look ahead. This Core pulls together what the participant has learned, prepares participants for the future and
teaches them what to do if they experience a relapse.

Cores must be completed sequentially and take approximately 30–45 min to complete. Each new Core is made
available one week after the completion of the previous Core. Between Cores 1 and 2, at least 5 daily sleep diaries
(integrated into the program) within a 7-day period must also be entered to unlock the next Core. Going forward,
the participant must complete 5 out of 7 sleep diaries between Cores in order to receive an updated Sleep Window.
Participants will have access to the program for 9 weeks, after which time their access will expire. Although all Cores
can be completed in as little as 6 weeks, the intervention is made available for 9 weeks prior to postassessment to
allow users sufficient time to access all Core materials, as well as implement new behaviors, strategies and techniques.

future science group www.futuremedicine.com 571



Clinical Trial Protocol Thorndike, Berry, Gerwien, Braun & Maricich

Table 1. Study objectives and end points.
Primary objectives Primary end points

1. To examine the effectiveness of a digital therapeutic to reduce insomnia
severity in a real-world insomnia patient population

1. Change in ISI from baseline to end of treatment

Secondary objectives Secondary end points

1. Evaluate engagement and adherence rates with the digital therapeutic in a
real-world patient population

1. Findings from in-therapeutic software application data:
a. Core completion rate
b. Intervention sleep diary completion rate
c. Number of times the digital therapeutic is opened

2. Examine change in depression symptoms 2. Change in PHQ-8 score from baseline to end of treatment

3. Examine change in anxiety symptoms 3. Change in GAD-7 score from baseline to end of treatment

4. Examine change in insomnia severity, depression and anxiety at follow-ups 4. Change in ISI, PHQ-8 and GAD-7 scores from baseline to day 243 (∼35 weeks) and
day 428 (∼61 weeks)

Exploratory objectives Exploratory end points

1. Examine insomnia response to treatment 1. A decrease in ISI score from baseline to end of treatment �7 points

2. Examine insomnia remission 2. A final ISI score �8 points

3. Examine relationship among engagement and outcomes 3. ISI, PHQ-8 and GAD-7 findings from in-therapeutic software application data
(e.g., Core completion or minutes spent in the PDT)

4. Examine relationship among assessments across time 4. ISI, PHQ-8 and GAD-7 results at specified time points

5. Evaluate participant satisfaction, usability, context and longitudinal experience
and acceptance of the digital therapeutic and digital CBT-I

5. User Experience Surveys: NPS and SUS, qualitative diary data, participant
interviews)

6. Determine if there is change in daytime sleepiness 6. Change in ESS from baseline to end of treatment

7. Determine change in quality of life 7. Change in SF-12 from baseline to end of treatment

8. Determine change in work attendance and productivity 8. Change in presenteeism/absenteeism work questions from baseline through end
of treatment, day 243 and day 428

CBT-I: Cognitive behavioral therapy for insomnia; ESS: Epworth Sleepiness Scale; ISI: Insomnia Severity Index; NPS: Net Promoter Score; PDT: Prescription digital therapeutic; SF-12: Short
Form 12 Health Survey; SUS: System Usability Scale.

Criteria for discontinuing or modifying allocated interventions
There are no special criteria for discontinuing or modifying allocated interventions. Participants may choose to
stop using the Somryst therapeutic at any point and do not need permission to do so.

Strategies to improve adherence to interventions
The Somryst therapeutic automatically reminds users to complete treatment and study procedures via email and
push notifications. Study team members will also send manual emails to remind participants of study procedures
during the study.

Outcomes
Table 1 details the primary, secondary and exploratory outcomes of the DREAM study and the assessment tools
used to evaluate each end point.

Participant timeline
Participants will complete assessments at end of treatment (9 weeks/day 63), 6 month follow-up (day 243) and
12 month follow-up (day 428) (see Table 2 for details). A subset of approximately 34 participants will be asked to
partake in an optional user experience sub study (see Table 3). Participants will be asked to sign an additional eICF
for the sub-study. The user experience sub-study includes the following data collection components:

� Qualitative Diary Data collected from the participant over the course of 5 consecutive days starting in Core 2
and Core 4.

� Interviews conducted with the participant via Zoom interview at end of Core 4 and start of Core 6.

Sample size
This is an open access study and is expected to be overpowered for the primary end point based on previous trials
with a similar product. A trial of Somryst’s predecessor, SHUTi, reported an effect size of 1.90 or higher [19],
which corresponds to a sample size of 6 (assuming 95% power at an alpha of 0.05). In order to better characterize

572 J. Comp. Eff. Res. (2021) 10(7) future science group



Digital Real-world Evidence trial for Adults with insomnia treated via Mobile study protocol Clinical Trial Protocol

Table 2. Schedule of events.
Study phase Prescreening Screening Treatment (Core) End of

treatment
(Day 63)

Follow-
up
(Day 243)

Follow-
up
(Day 428)

Ref.

1 2 3 4 5 6

Procedures

Informed consent X

Inclusion/exclusion X X

Demography X

Medical/medication
History

X X X X

Sleep restriction
window

X X X X X

Sleep diary X X X X X X

ISI X X X X X X X X X X [23]

PHQ-8 X X X X X X X [24]

GAD-7 X X X X X X X [25]

Epworth Sleepiness
Scale

X X X X X X X X X [26]

User Experience SUS &
NPS

X X

Health economics and
outcomes questions
(survey)

X X X X

SF-12 X X X X [27]

Adverse events
collection (self report)

X X X X X X X X X

ISI: Insomnia Severity Index; NPS: Net Promoter Score; SF-12: Short Form 12 Health Survey; SUS: System Usability Scale.

Table 3. Optional user experience sub-study schedule of events.
Study phase Treatment (Core) End of treatment (Day 63)

1 2 3 4 5 6

Procedures

Informed consent X

User experience diary data X X

User experience interview X X

the secondary end points, we expect to enroll approximately 350 participants. For the qualitative user experience
substudy, a sample size of 34 participants was selected as that sample size should be adequate to reach saturation in
the qualitative interviews [28].

Recruitment
As noted earlier, all participants will be recruited from the US from a study waiting list that includes: participants
who previously used SHUTi (the web-based precursor of Somryst) who have expressed interest in the mobile
version; participants referred by their clinician; and participants who searched the internet for insomnia treatment.

Data management
Oversight of data management, including electronic data collection, storage and export, security, tracking, data
analysis and quality assurance will be the responsibility of Pear. The Principal Investigator will also be responsible
for ensuring that all study staff adhere to human participants/IRB guidelines related to data management. Data
files will be backed up at regular intervals and will be accessible only by trained study staff members.
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Data collection

All participant data are collected within the study website and digital therapeutic and stored in the sponsor’s
database. Eligibility determinations and medical release waivers will be collected in the source records and maintained
electronically. The eligibility determination will be documented in the study dashboard by the Principal Investigator
or designee. All AEs will be collected by the contract research organization (CRO) and entered into an electronic
case report form. The source data will be retained electronically at the clinical site until notification is given by Pear
for destruction.

Monitoring

The study will be monitored remotely by Pear or its representative (the Study Monitor) to ensure it is conducted
and documented according to the protocol, International Conference on Harmonisation/Good Clinical Practice
(ICH/GCP) and all applicable regulatory requirements. The Investigator will work closely with the Study Monitor
and, as needed, provide them appropriate evidence that the conduct of the study is being done in accordance with
applicable regulations and GCP guidelines.

Quality assurance & quality control

Although Pear or its designee will perform the quality assurance and quality control activities of this study,
responsibility for the accuracy, completeness and reliability of the study data presented to Pear will lie with the
participants and Investigator. Prior to the study initiation, Pear will explain the protocol and instructions for using
the study product to the Investigator assigned by the CRO. In addition, a Pear Clinical Operations Manager will
be available to explain applicable regulations and to answer any questions regarding the conduct of the study.
At its discretion, Pear may conduct audits as part of the implementation of quality assurance to ensure that the
study is being conducted in compliance with the protocol, standard operating procedures, GCP and all applicable
regulatory requirements. The study center may also be compelled to an inspection by a Regulatory Authority.

Source data

Source data are defined as information in original records and certified copies of original records of clinical findings,
observations, data or other activities in a clinical study necessary for the reconstruction and evaluation of the study.
In this decentralized trial, data collected through the Somryst mobile program infrastructure and study website will
be considered as source. In addition, source documentation will be maintained by the Principal Investigator for
determination of participant eligibility and safety reporting.

Record keeping

The Investigator must arrange for retention of study records (Essential Documents for the Conduct of a Trial are
listed in the ICH Guideline for Good Clinical Practice) at the site, in a secure location. Records will be kept for the
duration of the product lifetime, per Pear’s quality management system record retention requirements, or a period
of 2 years after completion of the study, whichever is longer. These documents will be retained for a longer period,
however, if required by the applicable regulatory requirements or by agreement with Pear. It is the responsibility
of Pear to inform the Investigator/institution as to when these documents no longer need to be retained. The
Investigator will take measures to prevent any accidental or premature destruction of these documents.

Confidentiality
The protection of patient privacy is of the utmost importance and is a principal consideration throughout the
software design. The approaches to data security undertaken were based on a number of recommendations,
principally National Institute of Standards and Technology Cybersecurity Practice Guide, Special Publication
1800–1: “Securing Electronic Health Records on Mobile Devices,” and on guidance from a number of consultants
and vendors.

Data transport & storage

All data collected by the device are hosted and stored in Amazon Web Services (AWS). AWS follows a variety of
internationally recognized security standards such as the National Institute of Standards and Technology SP800–53
and Health Insurance Portability and Accountability. All participant information is automatically encrypted by
AWS when it is entered into the system, allowing for secure data transfer and storage. All back-end services operate
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in nonroutable IP space on dedicated instances, are only accessible to external callers through secured, software
mediated interfaces and are only accessible via Hypertext Transfer Protocol Secure. All communications between
subsystems (Data in Motion) are encrypted using Transport Layer Security. No access is provided to any subsystem
via unencrypted protocols. All communication between the backend, service layer and the mobile application is
further secured through Advanced Encryption Standard-encrypted session tokens, used to identify all actors in the
system without providing any data visibility to any third party, intentionally or otherwise.

Data stored in the service layer are encrypted according to the Advanced Encryption Standard. A cryptographically
secure pseudo-random number generator is used to generate the encryption key for mobile app storage. All use
data within the mobile application are stored in an encrypted queue and flushed to the Backend Services securely
over Hypertext Transfer Protocol Secure whenever internet connectivity is available.

Data segregation

In order to limit access to Protected Health Information (PHI) and Personally Identifiable Information (PII), we
maintain completely isolated infrastructure for the Production Environment and provide a functionally identical
Development, Staging and QA environment for software development, user story acceptance and testing. Access to
the Production Environment is limited to quality controlled and audited software developed by the Pear Therapeu-
tics team and is further limited to a set of authorized users, with limited access for environment management and
maintenance purposes. Production Data, including all PHI and PII, is maintained in the Production Environment
only; it cannot enter the Development, Staging and QA environment, nor can it be copied for any purpose to
desktop or laptop computers used for development. These environments are maintained in separate accounts, to
prevent access to anyone other than minimum authorized administrators, and to prevent system-level attacks or
inadvertent access to PHI or PII.

Statistical methods
Statistical methods for primary & secondary outcomes
The Intention-to-Treat population will serve as the primary population for the analysis of efficacy and safety data
in this trial. The Intention-to-Treat consists of all participants who have a baseline observation for the analysis end
point. The per-protocol set will include all participants who complete the 6 CBT-I cores.

Descriptive statistics will be used to evaluate the enrolled population and the population at risk for each of the
6 Cores as well as at end of treatment (day 63) and follow-up (day 243 and day 428). Categorical data will be
presented as frequencies and percentages of participants at risk at baseline. For continuous data, mean, standard
deviation, median, first and third quartile, minimum and maximum will be presented.

Primary end point analysis

The primary efficacy end point in this study is the ISI score measured at baseline, day 63, day 243 and day 428.
The ISI score will be analyzed using a mixed-effects model for repeated measure (MMRM) including the fixed
categorical effect of visit with subject as a random effect. An unstructured correlation matrix will be used to model
the within-subject errors. The primary hypothesis to be tested is that the study PDT reduces insomnia severity,
as measured by change in ISI, from baseline to end of treatment (day 63) and to follow-up assessments (day 243
and day 428). Significance will be evaluated with a two-tailed p-value of 0.05. To control for multiplicity end
of treatment will be evaluated first and if significant days 243 and 428 will be evaluated. In addition, estimated
marginal means ± 95% CIs will be calculated for each assessment point and Cohen’s d will be used as an estimate
of effect size for the change from baseline to each assessment point.

Secondary end point analysis

Engagement with the study PDT will be estimated from the rate of core completion, the rate of sleep diary
completion and the number of times the PDT is opened. These variables will be summarized using descriptive
statistics. As an exploratory end point, minutes spent in the PDT will also be captured. Change in patient health
questionnaire 8 (PHQ-8) and general anxiety disorder 7 (GAD-7), will also be analyzed with an MMRM analysis
in a manner consistent with ISI. The significance test will be carried out on a visit effect using a one-sided alpha
of 0.05/2 = 0.025 to control for multiplicity if the primary end point is significant with end of treatment being
evaluated first in both cases. In addition, estimated marginal means ± 95% CIs will be calculated for each visit and
Cohen’s d will be used as an estimate of effect size for each time point.
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Qualitative user experience analysis

The qualitative interviews with participants are open-ended interviews. With participant permission, interviews are
recorded and transcribed verbatim (single coder). A trained user experience researcher then serves as the coder of the
transcribed interview to categorize the data gathered, aiming to discover major themes that emerge from the data.
A priori codes are used to denote challenges, motivations and other contexts in the data. These processes follow
grounded theory which provides a common data analysis method for qualitative data across human computer
interactions [29–31].

Interim analyses
Interim analyses, after all participants complete post-treatment, may be conducted upon IRB review and approval
of interim analysis plans.

Methods for additional analyses (e.g., subgroup analyses)
For exploratory end point analyses, insomnia responders (decrease in ISI score from baseline to end of treatment
>7) and remitters (final ISI score <8) will be counted and tabulated. Correlations between engagement and clinical
outcomes will be evaluated using both Pearson’s correlation coefficient and Spearman’s rank correlation as follows.
Change from baseline (follow-up – baseline) will be calculated for ISI, PHQ-8, GAD-7 and Epworth Sleepiness
Scale at both the end of treatment and the end of follow-up. These will be correlated with core completion rates,
sleep diary completion rate and the number of times the PDT is opened. In addition, correlations among the
engagement variables and among the clinical outcomes will also be evaluated.

User experience surveys, qualitative diary data and participant interviews will be summarized using descriptive
statistics. Change in Epworth Sleepiness Scale and Short Form 12 Health Survey will be analyzed with an MMRM
analysis consistent with ISI, PHQ-8 and GAD-7. All four clinical outcomes can be expressed as clinical categories
of severity. For example, an ISI score of 22–28 corresponds to severe insomnia, 15–21 moderate insomnia, 8–14
subthreshold insomnia and 0–7 no insomnia. Similar categories exist for the three other clinical metrics. Clinical
improvement in outcomes will be summarized using shift tables from baseline categories to the end of treatment
and the end of follow-up.

Methods in analysis to handle protocol nonadherence & any statistical methods to handle missing
data
Participants with missing data will initially be evaluated assuming data are missing at random in the MMRM. Sen-
sitivity to this assumption will be evaluated with multiple imputation, last observation carried forward imputation
and evaluation of the per protocol core 6 completers which should reduce the amount of missing data and will be
detailed in the statistical analysis plan prior to database lock.

Oversight & monitoring
Composition of the coordinating center & trial steering committee
Operational activities and processes are completed through rigorous management and trial oversight of a CRO
under supervision of a site Principal Investigator. In addition, a cross-functional team for the Sponsor meets weekly
or bi-weekly to review study status, including recruitment, participant support, study milestones and any safety
concerns that may arise.

Composition of the data monitoring committee, its role & reporting structure
A data monitoring committee is not required for this study because Somryst is an FDA-cleared medical device. All
AEs and serious AEs (SAEs) and tracked and reported as detailed below.

AE reporting & harms
AEs will be self-reported by participants throughout the study, beginning at the time the participant gives informed
consent through the last follow-up period. Participants will be provided with telephone and email contacts for
the investigator and/or study support to address any health or technical related questions. Participants are also
given instructions within the PDT that it is not intended for emergencies and to contact 911 or go to the nearest
emergency room for all emergent concerns. The Investigator or designee and research site staff are responsible for
the documentation, classification, reporting and follow-up of events meeting the definition of an AE or SAE.
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Risks & benefits

Somryst therapeutic content has demonstrated significant benefits to participants with chronic insomnia and
chronic insomnia with depression [19,20]. More specifically, compared with comparison conditions, participants
experienced:

• Significant improvement in insomnia severity (as measured by clinically validated and standardized instruments,
including the ISI).

• Significant improvement in symptoms of depression (as measured by clinically validated and standardized
instruments, including the patient health questionnaire 9 [PHQ-9]).

• Significant reductions in symptoms of anxiety (as measured by clinically validated and standardized instruments,
GAD-7).

The following risks are associated with use of Somryst:

• Digital concerns: Some participants may feel uncomfortable providing data electronically and may have concerns
about the confidentiality of their digital data. They may also have concerns about the legitimacy of a digital
therapeutic.
Security measures to protect participant data include the fact that the PDT requires a username and password
for access. Users set up a 4-digit PIN and have the option to grant permission to use biometric features (Face ID
or Touch ID on iPhone, Fingerprint on Android phones).

• Sleep restriction (and consolidation) within Somryst can cause sleepiness, especially in the early stages of use.
Increased daytime sleepiness is normal and expected, but it is also temporary. Sleepiness that persists after a
few weeks of treatment may indicate the presence of another sleep disorder or medical condition other than
insomnia.

Definitions

An AE is any untoward medical occurrence in a participant or clinical investigation and may not necessarily have a
causal relationship with the administered treatment. An AE can therefore be any unfavorable and unintended sign
(including a clinically significant laboratory abnormality, for example), symptom or disease temporally associated
with the use of a treatment whether or not related to the treatment itself. Pre-existing conditions, diseases or
disorders are not considered AEs unless there is a change in intensity, frequency or quality.

An SAE is any untoward medical occurrence that:

• Results in death.
• Is life-threatening (at the time of the event).
• Requires inpatient hospitalization or prolongation of existing hospitalization.
• Results in persistent or significant disability/incapacity.
• Is a congenital anomaly/birth defect.

Important medical events that may not result in death, be life-threatening or require hospitalization may be
considered an SAE when, based upon appropriate medical judgment, they may jeopardize the participant and
may require medical or surgical intervention to prevent one of the outcomes listed in this definition. A suspected
unexpected serious adverse reaction is an SAE that is not identified in nature, intensity or frequency in the risk
information set out in the risks and benefit section of this protocol.

Classification of AE intensity

The Investigator or designee is responsible for making an assessment as to the seriousness, intensity, causality and
outcome of an AE. The Investigator will determine causality as either related or unrelated to Somryst. For each
recorded AE or SAE, the investigator or designee must assess intensity based on the criteria listed in Table 4 and
follow the classification schemes detailed in Tables 5 & 6. If there is insufficient information to determine intensity,
the AE must still be reported.

AEs will be followed up per the site’s standard operating procedures requirements.

future science group www.futuremedicine.com 577



Clinical Trial Protocol Thorndike, Berry, Gerwien, Braun & Maricich

Table 4. Adverse event classifications.
Classification Definition

Grade 1 (mild) An event that is usually transient and may require only minimal treatment or therapeutic intervention. The event does not generally
interfere with usual activities of daily living.

Grade 2 (moderate) An event that is alleviated with additional specific therapeutic intervention. The event interferes with usual activities of daily living, causing
discomfort but poses no significant or permanent risk of harm to the participant.

Grade 3 (severe) An event that requires intensive therapeutic intervention. The event interrupts usual activities of daily living or significantly affects clinical
status. The event poses a significant risk of harm to the participant and hospitalization may be required.

Table 5. Classification of adverse event causality.
Classification Definition

Unrelated The AE or SAE is judged to be clearly and incontrovertibly due only to extraneous causes (e.g., disease, environment) and does not meet the
criteria for study product relationship listed under probable, possible or unlikely.

Unlikely The AE or SAE is unlikely related to the study product when the AE or SAE:
• Does not follow a reasonable temporal sequence from administration of the study product
• May readily have been produced by the participant’s clinical state, environmental or toxic factors, drugs or other modes of therapy
administered to the participant
• Does not follow a known pattern of response to the study product
• Does not reappear or worsen when the study device is re-administered

Possible The AE or SAE is possibly related to the study product when the connection to the study product appears unlikely but cannot be ruled out
with certainty. This causal relationship is assigned when the AE or SAE:
• Follows a reasonable temporal sequence from administration of the study product
• May have been produced by the participant’s clinical state, environmental or toxic factors, drugs or other modes of therapy administered to
the participant
• Follows a pattern of response to the suspected study product

Related The AE or SAE is probably related to the study product when the connection to study product can be made with a high degree of certainty.
This causal relationship is assigned when the AE or SAE:
• Follows a reasonable temporal sequence from administration of the study product
• Cannot be reasonably explained by the known characteristics of the participant’s clinical state, environmental or toxic factors, drugs or
other modes of therapy administered to the participant
• Disappears or decreases upon cessation or reduction in product use (note that there are important exceptions when an AE or SAE does not
disappear upon discontinuation of the study product, yet product relatedness clearly exists)
• Follows a known pattern of response to the suspected study product
• Reappears upon re-challenge

AE: Adverse event; SAE: Serious adverse event.

Table 6. Classification of adverse event outcomes.
Classification Definition

Fatal The participant died

Resolved The AE or SAE has ended

Resolved with sequelae The AE or SAE has ended but changes are noted from baseline

Unresolved The AE has not ended. And AE outcome can only be categorized as unresolved if the AE is:
• Ongoing at the end of the reporting period after the final follow-up visit, and the investigator deems that further follow-up is not
medically required
• Lost to follow-up after repeated unsuccessful attempts to contact the participant
• Ongoing and referred to the participant’s physician or a specialist

AE: Adverse event; SAE: Serious adverse event.

SAE reporting

The Investigator is required to contact Pear Therapeutics, Inc. (Pear) within 24 h of learning of any SAE.
Pear Therapeutics, Inc.:
Telephone: +1 833 ASK-PEAR (275 7327).
Email: pearconnect@peartherapeutics.com
If the SAE is fatal or life threatening, Pear must be informed immediately. For reporting of all SAEs, Investigator

must scan/email all completed pages of the SAE report form within 24 h to the Medical Monitor. To ensure
participant safety, every SAE, regardless of causality, occurring after the participant has provided informed consent
and until the last study visit must be reported to Pear within 24 h of learning of its occurrence.
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All follow-up information for the SAE including information on complications, progression of the initial SAE and
recurrent episodes must be reported as follow-up to the original episode within 24 h of the investigator receiving the
follow-up information. An SAE occurring at a different time interval or otherwise considered completely unrelated
to a previously reported one must be reported separately as a new event. Note: SAEs, related or possibly related, to
Somryst are subject to the SAE reporting requirements in this section.

Frequency & plans for auditing trial conduct
Teams from the Sponsor and research site meet weekly or bi-weekly to discuss trial recruitment, participant support
any IRB-related requirements, study logistics and any safety concerns should they arise. In addition, documentation
required by the IRB is developed and reviewed as required, including annual reports on study progress.

Plans for communicating important protocol amendments to relevant parties (e.g., trial
participants, ethical committees)
Substantive changes in the protocol include changes that affect the safety of participants, and/or changes that alter
the scope of the investigation or the scientific quality of the study. Such changes must be prepared as a protocol
amendment and approved by the IRB prior to implementation. If a protocol amendment requires changes in the
eICF, the revised eICF must also be approved by the IRB.

Conclusion
This pragmatic study is designed to mimic a real-world scenario to understand how Somryst is used by individuals
with insomnia outside of a randomized clinical trial setting. The number of clinical assessments has been minimized
in terms of frequency and type to reduce clinical trial burden. Clinical scales and surveys will be used to evaluate
a range of efficacy, usability and health-related outcomes that will help further an understanding of the impact of
insomnia and the potential benefits of treating insomnia with an asynchronous, contact-less prescription digital
therapeutic.

Trial status
Study no.: PEAR-003-101, version 3.0, 12 May 2020. The DREAM study is currently recruiting and plans to
recruit until the projected sample size is met.

Summary points

• Cognitive behavioral therapy for insomnia (CBT-I) is the guideline-recommended first-line treatment for patients
with chronic insomnia but it is underused in healthcare settings and is challenging for patients to access.

• Prescription digital therapeutics may help expand access to cognitive behavioral therapy for insomnia and, not
only improve insomnia symptoms, but also be connected to improvement in co-occurring physical and
psychological illnesses.

• The prescription digital therapeutic Somryst™ has been proven effective in randomized controlled trials and is US
FDA-approved for patients with chronic insomnia, but less is known about its effectiveness in real-world settings.

• Digital Real-world Evidence trial for Adults with insomnia treated via Mobile (DREAM) is a 9-week, open-label,
decentralized clinical trial to collect evidence for Somryst in a real-world population of 350 patients with chronic
insomnia.

• Outcomes to be evaluated include: insomnia symptoms; engagement with and adherence to the therapeutic;
symptoms of depression and anxiety; and rates of insomnia response and remission.

• Outcomes will be assessed at the end of treatment (week 9) and again at 6 and 12-month follow-ups.
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Aim: A systematic literature review was conducted to identify and characterize noninferiority margins for
relevant end points in oncology clinical trials. Materials & methods: Randomized, controlled, noninferi-
ority trials of patients with cancer were identified in PubMed and Embase. Results: Of 2284 publications
identified, 285 oncology noninferiority clinical trials were analyzed. The median noninferiority margin was
a hazard ratio of 1.29 (mean: 1.32; range: 1.05–2.05) for studies that reported time-to-event end points
(n = 192). The median noninferiority margin was 13.0% (mean: 12.7%; range: 5.0–20.0%) for studies that
reported response end points as absolute rate differences (n = 31). Conclusion: Although there was con-
sistency in the noninferiority margins’ scale, variability was evident in noninferiority margins across trials.
Increased transparency may improve consistency in noninferiority margin application in oncology clinical
trials.
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Noninferiority clinical trials are designed to evaluate whether the efficacy of an experimental intervention is
not unacceptably worse than that of a standard of care treatment; these types of studies are useful when a new
agent is anticipated to have similar efficacy versus a comparator but improved tolerability, a more convenient
dosing/administration schedule and/or reduced costs [1,2]. Regulatory agencies, including the US FDA [3] and the
EMA [4], have issued guidelines for study design and statistical considerations in noninferiority clinical trials. These
studies typically require a large sample size, and consequently, substantial time and resources.

The noninferiority hypothesis is tested by ruling out a prespecified noninferiority margin, defined as the minimum
threshold beyond which the experimental intervention is unacceptably worse than the active comparator [1]. When
the whole confidence interval (CI) for the primary end point falls within the margin of noninferiority, the null
hypothesis is rejected, and the study is considered positive, in other words, noninferiority cannot be disproven.
Conversely, when the value of the low boundary of the CI of the primary end point result falls outside of this range,
inferiority cannot be disproven. Hence, the selection of this margin is crucial for both the sample size calculation
and later interpretation of results [5].

Despite strict methodological and statistical principles governing noninferiority studies, guidance on how to
define specific noninferiority margins for different end points is limited. Regulatory agencies recommend that
noninferiority margins be based on statistical considerations and clinical judgment, including historical evidence
from previous clinical trials [3,4]. In theory, the size of the prespecified noninferiority margin is dependent on several
factors, including disease, severity of toxicity and invasiveness relative to the degree of benefit from the control [6].
Several systematic literature reviews have been conducted to assess noninferiority margins used in clinical trials [7–12].
For oncology noninferiority clinical trials in particular, earlier systematic literature reviews focused on the design
and quality [7–9,13]; however, results were not presented separately per specific end point. A systematic literature
review published in 2019 evaluated only oncology noninferiority clinical trials with overall survival (OS) as a
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primary or coprimary end point [12]. The aim of the current study was to identify previously used noninferiority
margins for various relevant end points in oncology noninferiority clinical trials and to explore factors that drive
the selection of noninferiority margins.

Materials & methods
Search strategy
We conducted electronic searches of PubMed and Embase on 4 September 2019 for randomized controlled trials
(RCTs) with noninferiority study designs for patients with cancer (detailed search terms are shown in Supplementary
Table 1); a manual screening of references of included publications was also conducted. The search was limited to
English language publications after 1 January 2000. Editorials and letters were excluded from the PubMed search,
and editorials, errata, letters, notes, reviews and short surveys were excluded from the Embase search.

Screening & eligibility criteria
Using predefined eligibility criteria, two investigators (T Vincken and F Kroi) reviewed the titles and abstracts
of retrieved articles sequentially for inclusion in the analysis. Publications were included if they were based on
randomized noninferiority clinical trials of active treatments (i.e., surgical intervention, radiotherapy, adjuvant or
neoadjuvant therapy, or systemic treatment) in patients with any type and stage of cancer; conference abstracts
and study protocols were considered if they included sufficient details or if it was possible to retrieve supple-
mentary sources associated with the presented study. Publications were excluded if a noninferiority margin was
not prespecified. Duplicate publications, in other words, articles identified both in PubMed and Embase were
removed. Subsequently, three investigators (T Vincken, F Kroi and S Gebregergish) reviewed the full text of the
selected publications for the eligibility criteria described above as well as for relevant efficacy outcomes (OS, other
time-to-event end points or response) or safety outcomes; studies that reported only duration of response or ad-
verse events, quality of life or pharmacokinetic/pharmacodynamic outcomes were excluded. Study ID was used to
avoid including multiple publications that reported on the same study. Disagreement regarding eligibility between
investigators was resolved by consulting with a fourth investigator (M Hashim).

Data extraction
The following attributes were extracted from the full-length publications: ClinicalTrials.gov registry number, trial
phase, country (multiple countries [≥2] vs single country), masking (blinded vs open-label), control arm (active
vs placebo), number of treatment arms, sample size, age of participants (adult vs pediatric), cancer setting (early-
stage vs advanced/metastatic), cancer type (solid tumor vs blood cancer), treatment modality, primary analysis
population (intention-to-treat vs per treatment), primary end point, noninferiority margin scale, rationale for the
prespecified noninferiority margin and results of the noninferiority test (successful vs failed; Supplementary Table
2). The dataset was validated based on independent extraction by three investigators (T Vincken, F Kroi and S
Gebregergish).

Statistical analysis
Noninferiority margins in the different trials were described on absolute or relative scales. On an absolute scale, the
noninferiority margin was expressed as the absolute difference between values of the two treatment groups, and the
unit of the noninferiority margin was the same as the unit of the outcome. On a relative scale, the noninferiority
margin was expressed as a ratio that compared the two treatment groups, for example, an hazard ratio (HR) between
the two treatment groups, with the study outcome measured as the time-to-event. Trials with noninferiority margins
reported as HRs for time-to-event outcomes and the absolute rate difference reported for response outcomes were
considered for further analysis (primary outcome of this review). For other scales and end points, only descriptive
statistics are presented.

The relationships between the reported noninferiority margin and prespecified trial and population characteristics
were evaluated with both simple and multiple linear regression models fitted with the noninferiority margin as
a dependent variable, available study characteristics and sample size as independent variables. For those variables
with statistically significant coefficients (p < 0.05) in the multiple model, violin plots were used to visualize the
distribution of noninferiority margins.

The following variables were considered: three most common cancers (colorectal, breast or lung cancer) in the
studies reviewed, studies published in 2006 or prior (to coincide with EMA guidance [4] and initial Consolidated
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Figure 1. PRISMA flow diagram.
HR: Hazard ratio; NI: Noninferiority.

Standards of Reporting Trials [CONSORT] guidelines for noninferiority trials [14]); studies published from 2007
to 2010 (to coincide with draft FDA guidance [15] and updated CONSORT guidelines for noninferiority trials [16]);
studies published from 2011 to 2016 (to coincide with final FDA guidance for noninferiority trials [3]); and studies
published in or after 2017; Phase III or IV versus Phase II or not reported; multiple countries versus single country
recruitment; open-label, blinded or not reported; active- versus placebo-controlled; adult versus pediatric or mixed-
age populations; advanced/metastatic versus early-stage disease; solid tumor versus blood cancer; intention-to-treat
versus other analyses; OS versus other primary end point for time-to-event outcomes and overall response rate
(ORR) versus other primary end point for response outcomes; and rationale for the noninferiority margin specified
versus not specified. Since treatment modality is highly correlated with cancer setting (advanced/metastatic vs
early-stage disease), it was not included as a variable.

Results
Selection of publications
A total of 2284 publications were identified in PubMed (n = 1530), Embase (n = 751) and by additional manual
screening of the included reports (n = 3). Of 2209 publications that remained after removal of duplicates, 436
records qualified for full-text screening; of these, 285 noninferiority clinical trials met the eligibility criteria and
were included in the analysis (Figure 1). A bibliography of the included articles is provided in the Supplementary
Material.

Noninferiority clinical trial characteristics
The noninferiority clinical trials included in this systematic review were most commonly Phase III (76.8%), open-
label (74.7%), conducted in multiple countries (64.6%) and had active control arms (98.6%; Table 1). The three
most common cancers included in the trials were colorectal (22.9%), breast (19.3%) and lung cancer (14.6%).
The study populations consisted primarily of adults (97.2%), patients with advanced or metastatic disease (57.5%)
and patients with solid tumors (86.0%). In the majority of studies, noninferiority assessment was carried out in the
intention-to-treat population (74.0%). The rationale for the prespecified noninferiority margin was reported for
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Table 1. Characteristics of included noninferiority clinical trials.
Variable n (%)

Total 285 (100.0)

Publication date

2006 or prior 24 (8.4)

2007–2010 41 (14.4)

2011–2016 140 (49.1)

2017 or after 80 (28.1)

Trial phase

Phase II 27 (9.5)

Phase III 219 (76.8)

Phase IV 3 (1.1)

Not reported 36 (12.6)

Continent

Asia 97 (34)

Europe 89 (31.2)

Multiple continents 83 (29.1)

North America 13 (4.6)

Australia 1 (0.4)

Africa 1 (0.4)

South America 1 (0.4)

Country

Multiple Countries 184 (64.6)

Single Country 101 (35.4)

Masking

Open-label 213 (74.7)

Blinded 22 (7.7)

Not reported 50 (17.5)

Control arm

Active 281 (98.6)

Placebo 4 (1.4)

No. of treatment arms

2 265 (93)

3 17 (6.0)

4 3 (1.1)

Total sample size

≤1000 patients 217 (76.1)

�1000 patients 68 (23.9)

Age of participants

Adult 277 (97.2)

Pediatric 7 (2.5)

Mixed 1 (0.4)

Cancer setting

Advanced/metastatic 164 (57.5)

Early-stage 121 (42.5)

Cancer type

Solid tumor 245 (86.0)

Blood cancer 40 (14.0)

† Included very good partial response, complete response, no progressive disease, progressive disease and sonographic recurrence.
‡ Included expert opinion, assumptions and noninferiority margin in previous studies.
§Publications based on a study protocol.
DFS: Disease-free survival; ORR: Overall response rate; OS: Overall survival; PFS: Progression-free survival; RFS: Relapse-free survival; TTP: Time to progression; TTR: Time to relapse.

446 J. Comp. Eff. Res. (2021) 10(6) future science group



Noninferiority margins in oncology clinical trials Systematic Review

Table 1. Characteristics of included noninferiority clinical trials (cont.).
Variable n (%)

Top three cancers by site

Colorectal cancer 44 (22.9)

Breast cancer 37 (19.3)

Lung cancer 28 (14.6)

Treatment modality

Systemic 198 (69.5)

Surgical 27 (9.5)

Adjuvant/Neoadjuvant 20 (7.0)

Radiotherapy 20 (7.0)

Combination 20 (7.0)

Primary analysis population

Intention-to-treat analysis 211 (74.0)

Per protocol analysis 44 (15.4)

Not reported 30 (10.5)

Primary end point

OS 96 (33.7)

DFS, RFS, TTR or local recurrence 74 (26.0)

PFS or TTP 70 (24.6)

ORR 20 (7.0)

Biochemical or clinical failure 7 (2.5)

Safety 2 (0.7)

Other† 16 (5.6)

Noninferiority margin scale

Time-to-event end points 194 (68.1)

Hazard ratio 192 (67.4)

Absolute scale 2 (0.7)

Binary end points 91 (31.9)

Absolute scale 88 (30.9)

Absolute difference in survival rate 47 (16.5)

Absolute difference in %, response end points 31 (10.9)

Absolute difference in %, other efficacy end points 8 (2.8)

Absolute difference in %, safety end points 2 (0.7)

Relative scale 3 (1.1)

Rationale for prespecified noninferiority margin

Based on historical survival rates 111 (38.9)

Based on effect size of active over control treatment in prior trials 92 (32.3)

Statistically appropriate / feasible 25 (8.8)

Other reasons‡ 22 (7.7)

Not reported 35 (12.3)

Results of the noninferiority test

Successful 174 (61.1)

Failed 84 (29.5)

Unknown§ 27 (9.5)

† Included very good partial response, complete response, no progressive disease, progressive disease and sonographic recurrence.
‡ Included expert opinion, assumptions and noninferiority margin in previous studies.
§Publications based on a study protocol.
DFS: Disease-free survival; ORR: Overall response rate; OS: Overall survival; PFS: Progression-free survival; RFS: Relapse-free survival; TTP: Time to progression; TTR: Time to relapse.
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most (87.7%) of the included studies; estimation was based on historical data (survival rates or effect size of active
over control treatment in prior studies) in 71.2% of the trials. Nearly a third (29.5%) of the included trials failed
to establish noninferiority for the active treatment over the control treatment. A small proportion of the studies
used a placebo control arm (1.4%) or investigated a pediatric patient population (2.5%); therefore, these variables
were excluded from the regression models. The mean sample size in the included trials was 829 (range: 7–10,270)
and the median (25th–75th percentile) sample size was 509 (272–981).

In all, 194 (68.1%) studies used noninferiority margins for time-to-event end points (Table 1); 192 studies
in which the noninferiority margin was expressed as an HR between treatment groups were selected for further
analysis, as per the prespecified primary outcome of this review. A total of 91 (31.9%) studies used noninferiority
margins to evaluate binary end points; 31 studies that expressed the absolute difference in rates in treatment groups
for response end points were included in further analysis.

Noninferiority margins for time-to-event end points
In the 192 studies that reported noninferiority margins for time-to-event end points as an HR, the mean/median
sample size was 990/618 patients (range: 21–10,273); 134 studies (69.8%) evaluated populations of ≤1000
patients, with a mean/median sample size of 490/472 (range: 21–999). Across all trials, noninferiority margins
ranged from 1.05 to 2.05 with mean and median values of 1.32 and 1.29, respectively; corresponding values for
studies of ≤1000 patients were 1.33 and 1.30. As shown in Figure 2A, larger sample size was associated with
lower noninferiority margins for time-to-event end points. Visual examination of the scatter plots showed half
a symmetrical inverted funnel above the no effect estimate (i.e., HR: 1); with sample size used as a measure of
precision, these results indicated that the risk of publication bias was unlikely.

Summary statistics for noninferiority margins of time-to-event end points are shown in Table 2; trends for higher
noninferiority margins in study populations of ≤1000 patients appeared to be consistent with the overall analysis of
time-to-event end points. The mean and median noninferiority margins, respectively, for the three most common
cancers were, 1.31 and 1.28 for colorectal, 1.31 and 1.29 for breast and 1.25 and 1.25 for lung cancer. Eighty
studies reported noninferiority margins as an HR for OS (mean/median sample size: 700/606 patients; range:
21–2135) with mean and median noninferiority margins of 1.28 and 1.25, respectively, in all studies. Fifty-seven
studies reported noninferiority margins as an HR for progression-free survival (PFS) or time-to-progression (TTP)
(mean/median sample size: 548/450 patients; range: 58–2126) with mean and median noninferiority margins of
1.30 and 1.25, respectively, in all studies. The range of noninferiority margins was smaller for OS (1.05–1.82) and
PFS (1.08–1.80) compared with time-to-event end points overall (1.05–2.05). In an analysis of trials of patients
who received chemotherapy (n = 83) versus targeted therapy (n = 55), mean and median noninferiority margins
were similar for the systemic treatments (data not shown).

Based on the simple linear regression models, trial phase (Phase III/IV vs Phase II or not reported), patient
recruitment (multiple countries vs single country), cancer setting (advanced/metastatic vs early disease) and
primary end point (OS vs others) were significantly associated with lower noninferiority margins; based on the
multiple model, trial phase and cancer setting remained significantly associated with lower noninferiority margins
(Supplementary Tables 3 & 4). Additionally, in the multiple model, studies with lower sample size and those
reporting rationale behind margin specification reported lower margins. Violin plots of noninferiority margin scales
for HRs according to these variables are shown in Supplementary Figure 1.

For two studies that used the absolute difference in median survival times (sample sizes: 271 and 284 patients),
the noninferiority margin was assumed to be 1.5 months in each study. In both studies, this was on the basis of
survival rates that come from unspecified sources.

Noninferiority margins for binary end points
Among 31 studies that reported noninferiority margins for response end points as absolute rate difference, the
mean/median sample size was 289/212 patients (range: 7–1229). Noninferiority margins ranged from 5.0 to
20.0%, with mean and median values of 12.7 and 13.0%, respectively. Similar to the trend observed for time-to-
event end points, larger sample size was associated with lower noninferiority margins for response end points, with
half a symmetrical inverted funnel above the no effect estimate (i.e., absolute difference = 0%) indicating absence
of bias (Figure 2B).

Summary statistics for response end points and prespecified subgroups are shown in Table 3. A total of 19 (61.3%)
of these studies (mean/median sample size: 246/212 patients; range: 7–719) evaluated ORR as the primary end
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Figure 2. Distribution of noninferiority margins according to trial sample size for (A) time-to-event end points using
hazard ratio as the scale and (B) response end points using the absolute rate difference as the scale.

point; in this group, the mean noninferiority margin was 13.5% and median was 15.0%. The remaining 12
(38.7%) studies (mean/median sample size: 358/211; range: 81–1229) assessed other response end points; mean
and median noninferiority margins were 11.5 and 10.0%, respectively. Mean and median noninferiority margins
were similar for trials of chemotherapy (n = 17) and targeted therapy (n = 7; data not shown). No variables were
predictive of the noninferiority margin, based on the simple or multiple linear regression model (Supplementary
Tables 3 & 4).

For 47 studies that assessed the absolute difference in survival rate as the noninferiority margin scale
(mean/median sample size: 482/360 patients; range: 70–2073), mean and median noninferiority margins were 11
and 10%, respectively. For eight studies (mean/median sample size: 1512/1374; range: 89–2090) that reported
absolute difference in percentage for efficacy end points other than response, for example, locoregional recurrence
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Table 2. Summary statistics for time-to-event end points using hazard ratio as noninferiority margin scale in all studies
and prespecified subgroups.

Hazard ratio

n Mean STD Minimum 25th percentile Median 75th percentile Maximum

All studies 192 1.32 0.16 1.05 1.22 1.29 1.35 2.05

Colorectal cancer 44 1.31 0.13 1.10 1.24 1.28 1.33 1.82

Breast cancer 37 1.31 0.16 1.11 1.23 1.29 1.33 2.03

Lung cancer 28 1.25 0.08 1.11 1.18 1.25 1.32 1.50

Trials by sample size

Trials with �1000 patients 58 1.29 0.19 1.05 1.19 1.25 1.32 2.03

Trials with ≤1000 patients 134 1.33 0.15 1.08 1.25 1.30 1.37 2.05

Primary end point

OS 80 1.28 0.13 1.05 1.20 1.25 1.33 1.82

PFS or TTP 57 1.30 0.13 1.08 1.22 1.25 1.34 1.80

DFS, RFS, TTR or local recurrence 48 1.37 0.22 1.10 1.25 1.31 1.46 2.05

Biochemical or clinical failure 7 1.42 0.19 1.21 1.25 1.37 1.61 1.72

Publication date

2006 or prior 13 1.26 0.09 1.11 1.25 1.25 1.26 1.51

2007 to 2010 31 1.26 0.09 1.08 1.18 1.25 1.33 1.50

2011 to 2016 100 1.33 0.17 1.05 1.21 1.30 1.42 2.00

After 2017 48 1.34 0.19 1.08 1.25 1.31 1.37 2.05

Trial phase

Phase III or IV 160 1.29 0.13 1.05 1.21 1.25 1.33 2.03

Phase II or not reported 32 1.45 0.23 1.15 1.26 1.39 1.51 2.05

Country

Multiple countries 79 1.28 0.17 1.05 1.20 1.25 1.33 2.00

Single country 113 1.34 0.15 1.10 1.25 1.32 1.39 2.05

Masking

Open-label 110 1.32 0.16 1.10 1.25 1.30 1.34 2.05

Blinded 14 1.28 0.12 1.08 1.24 1.25 1.32 1.60

Cancer setting

Advanced/metastatic 118 1.28 0.12 1.05 1.20 1.25 1.33 1.82

Early-stage 74 1.38 0.20 1.10 1.25 1.32 1.50 2.05

Cancer type

Solid tumor 176 1.31 0.16 1.05 1.23 1.27 1.34 2.05

Blood cancer 16 1.39 0.20 1.11 1.21 1.36 1.51 1.77

Primary analysis

Intention-to-treat 144 1.31 0.16 1.05 1.22 1.26 1.36 2.03

Other 48 1.33 0.18 1.08 1.22 1.30 1.34 2.05

Rationale for noninferiority margin

Specified 171 1.31 0.16 1.05 1.22 1.26 1.33 2.05

Not specified 21 1.37 0.16 1.11 1.25 1.34 1.47 1.80

DFS: Disease-free survival; OS: Overall survival; PFS: Progression-free survival; RFS: Relapse-free survival; TTP: Time to progression; TTR: Time to relapse. STD: Standard deviation.

and sonographic recurrence, the mean and median noninferiority margins were 7.5 and 8.0%, respectively. For two
studies that assessed safety end points with the absolute percentage difference as the noninferiority margin scale
(sample sizes: 200 and 217 patients), noninferiority margins were 10 and 15%, respectively. For three studies that
assessed relative risk for binary efficacy outcomes as the noninferiority margin scale (sample sizes: 447, 707 and
501 patients), noninferiority margins were reported to be 1.14, 1.25 and 1.15, respectively.
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Table 3. Summary statistics for response end points using the absolute rate difference as noninferiority margin scale in
all studies and prespecified subgroups.

Percentage point (%)

n Mean STD Minimum 25th percentile Median 75th percentile Maximum

All studies 31 12.7 3.9 5.0 10.0 13.0 15.0 20.0

Colorectal cancer 2 12.5 3.5 10.0 10.0 12.5 15.0 15.0

Breast cancer 5 11.4 3.5 7.0 8.5 10.0 15.0 15.0

Lung cancer 6 14.7 3.3 10.0 12.3 15.0 16.3 20.0

Primary response end point

ORR 19 13.5 3.7 7.0 10.0 15.0 15.0 20.0

Other response end points 12 11.5 4.0 5.0 10.0 10.0 15.0 20.0

Publication date

2006 or prior 4 13.3 5.4 8.0 8.5 12.5 18.8 20.0

2007 to 2010 3 13.3 2.9 10.0 10.0 15.0 15.0 15.0

2011 to 2016 13 12.7 3.9 5.0 10.0 15.0 15.0 20.0

After 2017 11 12.4 4.0 7.0 10.0 13.0 15.0 20.0

Trial phase

Phase III or IV 21 12.6 4.1 7.0 10.0 10.0 15.0 20.0

Phase II or not reported 10 12.9 3.5 5.0 10.0 15.0 15.0 16.3

Country

Multiple countries 25 12.5 4.2 5.0 10.0 10.0 15.0 20.0

Single country 6 13.5 2.0 10.0 12.3 14.0 15.0 15.0

Masking

Open-label 18 13.0 4.1 5.0 10.0 15.0 15.0 20.0

Blinded 5 11.6 3.1 7.0 8.5 13.0 14.0 15.0

Cancer setting

Advanced/metastatic 18 12.3 4.0 5.0 9.5 14.0 15.0 20.0

Early-stage 13 13.3 3.7 10.0 10.0 13.0 15.0 20.0

Cancer type

Solid tumor 21 12.8 3.3 7.0 10.0 15.0 15.0 20.0

Blood cancer 10 12.5 5.1 5.0 9.3 11.5 16.3 20.0

Primary analysis

Intention-to-treat 23 13.4 3.8 7.0 10.0 15.0 15.0 20.0

Other 8 10.9 3.8 5.0 7.8 10.0 15.0 15.0

Rationale for noninferiority margin

Specified 24 13.2 3.7 7.0 10.0 14.0 15.0 20.0

Not specified 7 11.2 4.4 5.0 7.0 10.0 15.0 16.3

ORR: Overall response rate; STD: Standard deviation.

Discussion
This study aimed to identify and characterize previously applied noninferiority margins for relevant end points
in oncology noninferiority clinical trials and included a variety of cancer types, settings and treatments. Across
192 trials reporting time-to-event end points with HRs, mean and median noninferiority margins were 1.32 and
1.29, respectively. Across 31 trials reporting response end points with absolute rate difference, mean and median
noninferiority margins were 12.7 and 13.0%, respectively. There was substantial variation in noninferiority margins
for both time-to-event end points (range: 1.05–2.05) and response end points (range: 5.0–20.0%).

Noninferiority margins in the literature
The median noninferiority margin values reported here are in line with those described in a prior systematic
literature review of oncology noninferiority clinical trials published from January 2001 to January 2011, in which
the median noninferiority margin was 1.25 for 34 studies reporting time-to-event end points and 12.5% for 28
studies reporting binary end points [8]. In that analysis, the noninferiority margin range for time-to-event outcomes
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(1.10–1.50) was narrower than that observed here, whereas the range for binary end points (4–25%) was slightly
broader [8]. A list of the included oncology noninferiority clinical trials was not published with that systematic
literature review [8]; thus, it is not possible to directly compare our findings with the results of the earlier analysis.
A systematic literature review (conducted in March 2018 with no date limitations) that evaluated noninferiority
criteria for HRs for 23 oncology noninferiority clinical trials with OS as a primary or coprimary end point reported
a range of 1.08–1.33 [12], which was also narrower than the range for OS in our analysis (1.05–1.82). This may
be explained, in part, by the fact that the trials included in the analysis by Gyawali et al. were all Phase III studies
and evaluated patients with solid tumors [12]; these variables were significantly associated with lower noninferiority
margins for time-to-event end points in our analysis.

Selection of noninferiority margin
Guidelines from the FDA and EMA recommend that both statistical and clinical judgment be used for the selection
of a noninferiority margin [3,4]. Statistical reasoning should be based on historical data for the active comparator,
preferably with the noninferiority margin defined according to pooled effect estimates from multiple prior RCTs
and clinical judgment used to establish the proportion of the known effect of the active control versus placebo that
must be maintained with the experimental agent [2]. However, practical considerations for trial feasibility, such as
sample size, must be weighed against the clinical relevance of the noninferiority threshold and may, in part, drive
differences in trial design and margin specification observed here. In simple and multiple linear regression models,
the timing of study publication relative to EMA guidance (from 2007 to 2010 vs in 2006 or prior), draft FDA
guidance (from 2011 to 2016 vs 2007 to 2010) or final FDA guidance (on or after 2017 vs 2011 to 2016), was
not predictive of noninferiority margin. This suggests that the practice of noninferiority margin selection has not
changed over time, but it is not readily apparent if it is consistent with regulatory guidance.

In general, there was considerable consistency in the scale used for noninferiority margins: most time-to-event end
points were described with HRs and most binary end points were described using absolute difference in percentage
point. However, there was a substantial variation in the prespecified margins and the rationale for choosing
those margins. Since the benefit–risk assessment for cancer treatments differs from other therapeutic areas, special
considerations should be taken when designing oncology noninferiority clinical trials, with particular attention
to regulatory guidance on prespecification of the noninferiority margin, sample size and analysis population [3,4].
Increased transparency regarding the methods for specification of noninferiority margins will aid in design of
future trials. Researchers will have a better understanding of the methodological issues and challenges involved in
selection of noninferiority margins based on previous studies, which in turn can help them address any queries
while designing future studies [2,17]. Transparency will also facilitate comparison between different trials utilizing
the same noninferiority margins and could help researchers identify areas that need further study [2].

Rationale for selection of noninferiority margins
Of note, we found that the rationale for the prespecified noninferiority margin was not stated in 12.2% of the
analyzed trials, and three studies that were identified in the search had to be excluded because they did not report
the selected noninferiority margin. Since the first CONSORT extension for noninferiority trials in 2006, it has
been recommended that the noninferiority margin and rationale for its selection be included in publications of
randomized noninferiority clinical trials [14,16]. Despite this, earlier systematic literature reviews, published in 2012
and 2013, have also described inadequate reporting compared with CONSORT guidelines [7–9].

We also identified two systematic literature reviews published in the last 5 years of noninferiority trials outside
of oncology. The first review explored the noninferiority margins used in vaccine RCTs, and results indicate that
of the 143 trials, 66% used a margin of 10, 23% used margins lower than 10% and 11% used margins larger
than 10% [18]. The authors therefore conclude that while most noninferiority vaccine RCTs used a noninferiority
margin of 10% for difference, the variation in the margins was primarily due to the lack of rationale and unclear
guidelines on the selection of noninferiority margins. Similarly, a second review assessing noninferiority margins in
anti-infective trials showed that of the 227 trials, only 36.6% had a clear rationale for selection of noninferiority
margins and 15% had misleading conclusions [19].

Timing of study publication relative to the issuance of the first CONSORT guidelines (from 2007 to 2010
vs in 2006 or prior) or updated guidelines (from 2011 to 2016 vs from 2007 to 2010) was not predictive of
noninferiority margin in our simple and multiple linear regression models. The majority of the studies included in
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this analysis used the ITT population; however, FDA guidance for noninferiority studies recommends the use of a
per protocol population [3].

Sample size considerations
Sample size planning is a crucial part of any trial design. It is well established that a prespecified noninferiority
margin has a direct impact on the size of a noninferiority trial, since if the noninferiority margin is reduced the
sample size is increased and vice versa [3]. Our finding that Phase III or IV studies were associated with lower
noninferiority margins for time-to-event end points versus Phase II studies or studies for which the phase was not
reported is likely due to their higher quality statistical planning and larger sample size. These factors may also be
applied to the finding that studies conducted in multiple (≥2) countries were associated with lower noninferiority
margins than those conducted in a single country. We additionally found that advanced/metastatic cancer (versus
early-stage disease) and solid tumors (versus blood cancer) were associated with lower inferiority margins for time-
to-event end points. The lower noninferiority margins observed in trials of advanced/metastatic versus early-stage
cancer may be attributed to the fact that more events are expected within a shorter follow-up duration in patients
with advanced disease, and thus, these studies have more power to show noninferiority for a given sample size.
Moreover, smaller differences in efficacy outcomes are expected to be more meaningful in patients at higher risk,
with a greater absolute impact that is reflected by the noninferiority margin.

Limitations & areas for future research
There are several limitations associated with this systematic literature review.

First, reporting of the methods and the rationale for specifying noninferiority margins in the included publications
was generally short and often ambiguous. Consequently, we were unable to use this information to provide a specific
recommendation on how noninferiority margins should be described, defined or justified in noninferiority clinical
trials. Second, we analyzed cancer trials in general, for a comprehensive analysis, rather than focusing on a particular
oncology setting or indication. Evaluation of noninferiority margins for specific types of cancer or treatments could
be an area of future research. Third, we limited our analysis to publications of efficacy and safety outcomes.
Health-related quality of life is also a key outcome of oncology trials but is rarely selected as the primary end point
and thus represents an evidence gap for future analysis.

In this paper, we have focused on the noninferiority margin values used in previous oncology noninferiority
trials rather than exploring the associations between positive results (i.e., a finding of noninferiority between two
treatment arms) and characteristics of those studies. This is an interesting topic that warrants further research.
Additionally, an assessment of the adequacy of noninferiority margins was not done as part of our analysis due
to the retrospective nature of the studies, but could provide valuable insights to future researchers. Finally, other
variables, including the effects of study duration, selection of active control, statistical power and alpha on margin
choice, were not within the scope of this work and represent other areas for future investigation.

The noninferiority margins for key oncology end points identified here can aid in the interpretation of data
from indirect treatment comparisons, for circumstances in which head-to-head trials have not been conducted or
are not feasible. An earlier, targeted literature review of 99 publications based on oncology noninferiority clinical
trials, identified mean noninferiority margins for PFS and OS as HRs of 1.333 and 1.298, respectively, for studies
of ≤1000 patients [20], which is consistent with the findings here, based on a larger publication sample size. These
noninferiority margins have been applied to matching adjusted indirect comparisons to categorize differences
between treatment regimens, with results that did not achieve superiority or inferiority and did not qualify per the
noninferiority criteria (HR: 1.333 for PFS and HR: 1.298 for OS) [20] treated as inconclusive [21].

Future perspective
With the development of new cancer treatments, more noninferiority clinical trials can be expected in the near
future. Greater number of noninferiority trials will result in a larger dataset that can be utilized for systematic
analysis. It will be interesting to see if there is an improvement in reporting of these noninferiority trials compared
with the trials reviewed in our analyses. In the future, with a larger dataset and more complete reporting of
noninferiority trials, it may be possible to make recommendations for optimal noninferiority margins in oncology
clinical trials.
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Conclusion
This systematic literature review identified and synthesized previously used noninferiority margins for time-to-
event and response end points in randomized, controlled, noninferiority clinical trials of patients with cancer.
There was considerable consistency in the scale used for noninferiority margins: most time-to-event end points
were described with HRs and most binary end points were described using absolute difference in percentage.
There was considerable variation in prespecified noninferiority margins across trials. Greater transparency about
the selection of noninferiority margins and further research are needed to improve application and reporting of
noninferiority margins in oncology noninferiority clinical trials.

Summary points

• Noninferiority clinical trials are designed to evaluate if the efficacy of an experimental intervention is not
unacceptably worse than that of a standard of care treatment.

• A systematic literature review was performed to evaluate previously used noninferiority margins for relevant end
points in oncology noninferiority clinical trials.

• Among 192 studies that reported noninferiority margins for time-to-event end points as a hazard ratio, mean
and median values were 1.32 and 1.29, respectively, with a range of 1.05 to 2.05.

• Among 31 studies that reported noninferiority margins for response end points as absolute rate difference, mean
and median values were 12.7 and 13.0%, respectively, with a range of 5.0–20.0%.

• Increased transparency regarding the specification of noninferiority margins is needed to improve consistency in
their definition and application in oncology noninferiority clinical trials.
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Aim: To understand the impact of anticancer treatment on oncology patients’ ability to use electronic
solutions for completing patient-reported outcomes (ePRO). Materials & methods: Semi-structured inter-
views were conducted with seven individuals who had experienced a cancer diagnosis and treatment.
Results: Participants reported that the following would impact the ability to interact with an ePRO solu-
tion: peripheral neuropathy of the hands (4/7), fatigue and/or concentration and memory issues (6/7),
where they are in a treatment cycle (5/7). Approaches to improve usability included: larger, well-spaced
buttons to deal with finger numbness, the ability to pause a survey and complete at a later point and
presenting the recall period with every question to reduce reliance on memory. Conclusion: Symptoms
associated with cancers and anticancer treatments can impact the use of technologies. The recommen-
dations for optimizing the electronic implementation of patient-reported outcome instruments in this
population provides the potential to improve data quality in oncology trials and places patient needs at
the forefront to ensure ‘fit-for-purpose’ solutions.
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Patient-reported outcomes (PROs) are now routinely used as endpoints in oncology clinical trials to elicit the patient
perspective, particularly related to symptoms and health-related quality of life (HRQoL) [1] and for supplementing
objective clinical endpoints. The importance of utilizing PROs in drug development has also been emphasized by
regulatory agencies such as the US FDA [2], and they are increasingly being used in labeling claims for oncology
treatments. Between 2012 and 2016, 49 oncology drugs were approved by the FDA and/or EMA for a total of 64
indications; with 45 indications (70.3%) including PRO data in the regulatory submission dossier. Twenty-one of
the 45 indications included PRO data on the labeling approved by the EMA [3]. However, both the FDA and EMA
identified missing PRO data as problematic for the interpretation of efficacy [3], and the EMA specifically recognizes
that collecting PROs from patients with advanced and progressive disease such as cancer, can be more problematic
and challenging due to deteriorating health and/or cognitive difficulties [4], which can lead to increased missing
data.

With the increasing use of PROs as trial endpoints, comes an increasing drive to capture PROs electronically
(ePROs) due to the benefits offered. Electronic collection enables improved data quality due to inbuilt branching
(eliminating conflicting entries) and edit checks to eliminate invalid or missing responses, and the ability for data
to be reported at defined timepoints outside the clinic environment [5]. When capturing PROs outside of the clinic,
electronic capture can offer improved data integrity, including transparent attributability and contemporaneousness
due to preprogrammed completion windows, reminders and time/date stamped entries, reducing reporting gaps
and enabling more sensitive detection of change. This is particularly relevant in oncology where health status is
dynamic throughout treatment and recall of health status is often influenced by current status [6]. Thus, only
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measuring outcomes at site visits that occur at the beginning of a treatment cycle can be misleading; for example,
in relation to side effects, this assessment timepoint is likely to occur after recovery from the previous cycle and
before the expected time of greatest toxicity of the next cycle of treatment, [7] and therefore not provide an accurate
reflection of the patient perspective. Furthermore, drug administration schedules differ (e.g., intravenous [IV] vs oral
treatment) and so this can make comparisons between different classes of drugs within one trial challenging. Thus,
measuring PROs at home offers an opportunity to capture more comprehensive and accurate patient perspective
data.

Furthermore, for studies with at-home PRO assessments (e.g., daily ediaries and surveys/questionnaires) as
primary or secondary end points that are going to be used for labeling claims, the FDA request evidence to
demonstrate how the timing of measures (or events) specified in the protocol has been enforced [6]. ePRO solutions
provide a time-stamped audit trail to corroborate this, offering a solution against the infamous ‘parking lot effect’
(completion of paper diaries in the parking lot just prior to a clinic visit) [5].

However, the usability of electronic solutions to capture PROs may be influenced uniquely by the impact of the
cancer and its treatment. For example, chemotherapy-induced peripheral neuropathy (CIPN) has been reported
in the literature, with up to 90% of oncology patients experiencing it at some stage during or after treatment [8,9].
Furthermore, CIPN can persist and some individuals may not recover full dexterity [8,10]. Cancer-related fatigue is
also common, can be persistent, and experienced as physical, emotional and/or cognitive tiredness or exhaustion [11].
Cancer Research UK [12] states that it can affect between 25–99% of those undergoing treatment. Individuals can also
experience cognitive impairments in multiple domains, including verbal memory, visual spatial skills, attention and
psychomotor function (such as fine motor dexterity) [13]. Studies have shown that this is a highly prevalent impact
of the disease and treatment, with up to 30% of people experiencing these problems prior to treatment, up to 75%
during treatment, and up to 35% experiencing persistent cognitive difficulties post-treatment [14]. Such cognitive
impairments resulting from anticancer treatments have been colloquially referred to as ‘chemobrain’ and more
recently ‘cancer-associated cognitive change’ or ‘cancer-treatment-associated cognitive change’, as it is not confined
to chemotherapy [14–18]. Such symptoms can pose particular challenges for clinical trials where ePROs are completed
outside the clinic environment and site-staff are not present to provide guidance and ensure completion.

Given the wealth of benefits offered by electronic measurement, it is imperative to comprehensively understand
whether device and software functionality for collecting PROs electronically are ‘fit-for-purpose’ in this disease
population. While there have been studies conducted that look at the feasibility and acceptability of electronic
recording of PROs [19], to our knowledge, there has not been a qualitative study in oncology patients exploring
how the disease and symptoms associated with its treatment can impact willingness and ability to use technology
for recording ePROs. Qualitative research offers a unique opportunity to understand patient experience in greater
depth, which is especially pertinent in new and emerging research areas, and findings can be harnessed to inform
future quantitative study designs. The objectives of the current study were to conduct semi-structured interviews
to: 1) qualitatively investigate the challenges experienced by oncology patients that effect electronic device use for
recording PROs; 2) use this qualitative data to inform recommendations for optimising implementation of ePRO
instruments in oncology clinical trials.

Materials & methods
This research adheres to the recommendations outlined in the Standards for Reporting Qualitative Research [20].

The interviews detailed in this manuscript were conducted in the context of a broader usability testing project
carried out in the UK. The overarching aim of this project was to investigate specific user needs and usability
considerations of oncology patients who participate in clinical trials when using Signant Health’s electronic Clinical
Outcome Assessment (eCOA) software solutions on two devices (a tablet and a provisioned mobile device),
to understand how well patients can interact with the software solutions (ediaries, questionnaires and different
response scale types) and what problems they experience, subsequently facilitating opportunities to make the
solutions more user-friendly for this patient population. Here, we only report on the themes related to how the
disease and symptoms associated with its treatment impact technology use. As this project formed a software
usability testing evaluation, ethical approval was not required. All participants provided informed consent and
signed a confidentiality form.
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Sample
Participants were recruited using an external recruitment agency and underwent a telephone screening. To be
eligible to participate, individuals were required to have a cancer diagnosis and be undergoing or have undergone
treatment, and provide informed consent. Participants were also required to be primary English speakers with at
least a basic level of digital experience (assessed via a screening questionnaire). If individuals had participated in any
market research in the last 6 months or worked in web design, IT, market research, media or broadcasting, then
they were not eligible to participate. Participants were offered a monetary incentive for participation. We aimed to
recruit eight participants (which was deemed appropriate to meet the needs of usability testing) aged 40–70 years
(with representation in the following age groups: 40–55, 55–65 and 65–70), a balance of males and females, and
a range of oncology types and stages of treatment. The intention was that this would increase the likelihood that
participants interviewed would provide a range of views and experiences.

Interview methods
Prior to conducting the interviews, the study research team, composed of user experience and eCOA specialists,
developed a semi-structured interview guide. This detailed the most important questions to address during the
interviews, while allowing participants to elaborate on key issues of specific relevance to their experience.

One-to-one semi-structured interviews based on this predefined interview guide were carried out in February
2019 at a UX research lab in London, UK by a qualitative researcher independent from the solution developer
commissioning this research. Interviews were 90 min in duration and were video recorded. During the interview
sessions, participants were given a tablet and mobile device containing Signant Health’s TrialMax eCOA software
solution and asked to interact with the technology as if they were participating in a clinical trial. Sessions were
streamed to an observation room where field notes were also taken. No repeat interviews were conducted.

Qualitative data analysis
Video recordings of the interviews were analyzed by an eCOA scientific researcher (FM) who was independent
from those who designed or conducted the interviews. Interview recordings underwent manual thematic analysis
following the recommended phases: familiarization, generating initial codes, searching for themes, reviewing themes,
and defining and naming themes [21,22]. To increase reflexivity, members of the wider scientific team (all possessing
research qualifications) contributed to analysis by providing review and sense checking of the derived themes.

Results
Participant characteristics
See Table 1 for participant characteristics.

Eight participants took part in the interviews, one of whom was excluded from analysis as during the interview
they reported not yet having started treatment and so the information they provided was not applicable to the
research question (their demographic information is not reported here). Thus, the current study analysis included
seven individuals (4 females and 3 males) aged 30–68 years with a cancer diagnosis who had undergone or were
currently undergoing treatment. Participants had been diagnosed with a range of cancer types and their time since
diagnosis ranged from 3 months to 8 years. All participants reported having access to either a smartphone, tablet
or both, and all described themselves as having at least an ‘intermediate’ experience with technology.

Emerging themes
Overall, participants had a positive attitude toward the use of technology to complete assessments and expressed
(unprompted) a preference for electronic over paper completion. Furthermore, mobile devices were reported as a
helpful tool to stay connected when confined to the home during periods of illness and/or treatment.

Themes that emerged in analyses with implications for device use were: peripheral neuropathy of the hands,
tiredness and fatigue, difficulties maintaining focus and concentration, and varying health status based on timepoint
in the treatment cycle. See Tables 2 and 3 for supporting quotes.

Peripheral neuropathy of the hands
57% (4/7) of participants reported experiencing peripheral neuropathy of the hands that would impact their
interaction with the devices used for recording ePROs. Descriptions of how this manifested included a lack of
feeling in the hands, numbness, pins and needles, and stiffness (See Table 2). When treatment is complete, the
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Table 1. Participant characteristics.
Characteristics n (7)

Sex
– Male
– Female

3
4

Age (years)
– Mean
– Range

54.75
30–68

Highest education level achieved
– Left education at 16 years old
– Left education at 18 years old
– Undergraduate
– Postgraduate

2
2
2
1

Employment status
– Part time
– Full time
– Retired

3
3
1

Oncology diagnosis
– Breast†

– Prostate
– Colon/bowel

3
2
2

Digital access
– Smartphone only
– Tablet only
– Both

4
0
3

Digital experience
– Intermediate
– Experienced

3
4

† Including one metastatic breast cancer.

peripheral neuropathy does not necessarily subside, and dexterity issues can remain long term. One participant
reported that they used their smartphone less due to treatment affecting their hands and fingers, and another
described not being able to use their hands straightaway in the morning.

However, participants did not see this as a barrier to completing the PRO instruments electronically and viewed
using electronic reporting as superior to paper. With one participant saying it is “110% easier”. Furthermore,
one participant reported difficulty writing during treatment and another reported difficulty turning pages due to
numbness.

Regarding the implications of peripheral neuropathy in the hands for specific response scale types associated with
common PRO instruments, there was no overall consensus on whether participants would prefer a numeric rating
scale (NRS) or a sliding scale (visual analogue scale/VAS with a sliding marker). Some participants commented
that a scale with larger buttons would be preferable (see Table 3) and that numbness would make it harder to use a
sliding scale.

Fatigue and/or concentration issues
86% (6/7) of participants reported fatigue and/or concentration issues that may impact their ability to complete
PRO instruments (of note, this would not be unique to electronic implementation). This could last throughout
the day, for the duration of the treatment period, and for some time after treatment was complete. Participants did
not report issues reading per se, but rather that they were tired and fatigued which meant they sometimes lacked
the ability to interact mentally with reading materials and it could affect their concentration. One participant
reported that they could probably only do a few questions at a time due to the fatigue. However, despite a reduced
interaction with technology, another reported that even at the worst time they would still be able to use their phone.
Importantly, no readability issues with the information on the devices were reported.

When asked about whether they had experienced ‘chemobrain’, only 29% said, ‘yes’ (2/7). Specifically, one
participant described suffering short-term memory loss which could mean they would require more frequent
reminders of the recall period for questions if there were multiple questions relating to this. They also reported
heavily relying on images during chemotherapy instead of only written information. Another said they may not
remember training instructions as a result of ‘chemobrain’.
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Timepoint in treatment cycle
71% (5/7) of interviewees detailed that the timepoint in their treatment cycle would influence their health status
and perceived ability to efficiently complete ePROs, with the early stages of treatment cycles reported as when they
were feeling their worst (see Table 2). For example, one participant commented that they did not send post/mail
during their first round of chemotherapy. Another said that they were fine on the day of chemotherapy but the
second day they were weak and then they slept for two days, so they may find it difficult to complete instruments
during this time. However, most participants said it is likely that they could find some time during the day when
they would be able to complete ePROs.

Table 2. Representative participant quotes for the emerging themes impacting device use.
Emerging themes
impacting device
use

Supporting quotes

Peripheral
neuropathy of the
hands

“I kind of had no feeling in my hands. . . it was a numbness and a stiffness”
“When you’ve just got no energy and you’re starting to get the mobility problems. . .more the numbness, not so much the
pain. . . sometimes you just cannot use your hands. . . that can last for a day or two. . . it wouldn’t be a problem though. . . it would still
be possible. . . you’re not so bad that there is nothing you can do that whole 24 hour period”
“I had numbness, I still have numbness. . .At the beginning, I think the very first session, it did affect me, but I do have numbness now
still. . . but it doesn’t affect my holding”
“The numbness in the fingers makes precise actions very difficult and frustrating.”
“I’d find all precise interactions very difficult and frustrating, if not impossible”
“Even if you do have problems, you can still tap”
“I prefer to use a phone. . . sometimes you don’t want to do all the writing and it’s more easy to tap”

Fatigue and/or
concentration issues

“Fatigue hits you out of nowhere”
“You are so fatigued”
“I just felt very tired, exhausted. . . I don’t think it would be quite a case of switching off, but it would certainly be a significant
reduction”
“Since I’ve had cancer, my reactions and things have slowed down. . . it slows you down. . . it’s the illness and the treatment”
“Sometimes your concentration is not too good”
“You are slower, because you can ask me questions and it might take me a second or two to click in to respond to you. . . at the first or
second session”
“I did find it difficult to concentrate cause it does make you very tired. . . it probably reduced my interaction with the phone”
“The reading and concentration was impacted by the tiredness. . . it was pretty much throughout [the day]. . . pretty tired most of the
time”
“Going back to the tiredness. . . I am mentally more sluggish in the evening, now I don’t know if that’s age or medication. . .or just
tiredness. . . thinking of the timing of this, that’s why maybe it’s better to have the beginning and the end of the day, because some
people are night people and they are better at night”

Timepoint in
treatment cycle

“On the first session I was very ill, you have it every two weeks the chemo, but after a certain period you get to adapt to it. . . I could
still text I just couldn’t really hold a conversation”
“Days 3–6 were my ‘dark’ days and I did not leave my bed, speak to anyone or even eat any food.”
“Unless you you’ve got someone else who you can say ‘can you press the button for me?’. . . sometimes you can be in great pain. . . .no
no that wouldn’t cause any great problems. . . it would be alright. . . the chemo affects everyone differently. . . .I did have a bit of
problems with it but that was just in the early days if you had told me to do this everyday it would be like ‘oh no’, but I think I would
have found some way of doing it though, so no, no it wouldn’t be a hardship”

Suggested solutions to improve usability
Encouragingly, despite the side effects of the treatment that could affect their interaction with technology, partici-
pants did not feel this would deter or inhibit them from completing PRO instruments on the devices.

“You can be bad, but not so bad that you can’t use nothing at all. . . I would make the effort”
“It’s not difficult”
“You’d make time in the day to do it”
“I would still do it”

However, there were some suggested approaches to improve usability directly related to the identified themes.
These included: larger, well-spaced buttons to deal with finger numbness, the ability to pause a survey mid-way
and complete at a later point, and presenting the recall period with every question to reduce reliance on memory.
Reminders would also be important, and if they had paused in-between questionnaires it would be important to
prompt them to return and complete the remaining ones. See Table 3 for supporting quotes.

Participants were also asked about some potential solutions to assist them with completing the ePROs (see
Table 3). One such solution was to have caregivers assisting with completion; this was generally not a preferred
solution, with one participant not wishing to worry their partner by letting them know how bad they are feeling.
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One participant, however, did feel that caregiver assistance could be a beneficial option at times. When asked about
the use of a voice assistant, some were open to this idea but most tended not to see this as preferable as it could
be annoying. There were mixed views about using a stylus, with most feeling they would not like it, although the
option to have it would be appreciated. Finally, some participants mentioned that they would like to have an app
on their own phone as opposed to a provisioned device which could just be another thing to remember; they may
not take a provisioned device everywhere with them and so at certain times of the day they may miss the time
window to complete the ediary (See Table 3).

Table 3. Representative participant quotes in relation to solution optimization and corresponding themes.
Theme Supporting quotes for solutions to improve usability

Peripheral
neuropathy of the
hands

“Why are these so small when there is space to make them bigger?” (in reference to some of the selection boxes on a scale)
“The bigger the buttons, the better”

Fatigue and/or
concentration issues

“If you can do something like this on your own time that would be better’
“It’s quite prohibitive actually to have such a short time window. . .but by actually setting the rules like that, you are actually giving a
degree of importance to the survey. . . that’s a positive”
“Sometimes you can’t do everything all at once. . . sometimes you might feel okay to start doing it and then all of a sudden. . .urgh. . . so
it would be nice to know you could go back to it and save it, that would help”
“If you are not in the right frame of mind. . . that is very important” (when asked about being able to save questionnaires and go back
to them)

Timepoint in
treatment cycle

“Maybe at different times, maybe I woke up in the morning, I didn’t want to get out of bed, I was ill, I had a bad night, but in the
afternoon at 4 o’clock maybe I felt a bit better”
“Maybe you can save what you’ve done and go back into it, that would be good. . . somebody could be sick”
“I think there should be something for if you can’t fill it in, cause sometimes you don’t feel like doing anything that day. . . chemo is
normally in the mornings. . . sometimes you might not feel like doing anything in the morning, sometimes you want to do something
in the evening. . . I think you should be able to go in when you can. . . sometimes you cannot do things in set times cause you don’t have
the energy. . . the chemo takes it out of you and you don’t want to do anything until night time, and sometimes you’re all buoyed up
before your chemo and you can do it in the morning. . . your health is up-and-down”
“Save it and go back to it. . . if you are not a well person like I wasn’t”

Caregiver assistance “No, I’d want it done myself”
“Yeah that would be a help actually. . . if you could give it to someone else, if you had to”

Voice assistant “How many mistakes does it make? It makes mistakes. . . I don’t trust it. . . If you don’t read back the text, you’ve sent something which
is nonsense”
“Even if you have no energy, you still talk, you might be a bit slow. . . that could be a help. . . especially if you cannot use anything but
you can still talk”

Stylus “I can’t stand them. . .maybe the first or second session, maybe that would have helped me. . . I wouldn’t have kept it though”
“I might like it. . . I’d probably opt for a stylus. . . I’m not strong about it but I would probably if I had an option. . . to be more accurate”
“That could help, but if you had problems holding it wouldn’t do anything for you but it’s good to have, but sometimes you cannot
hold anything anyway. . . even if you are hurting you can still pick up to hold. . . so yeah it would help. . . I think it would be easier”

Use of own device “What I would prefer. . . is to have an app on my own phone”
“I found it easier to use a laptop”

Discussion
Participants in the current study reported that the following anticancer treatment related factors would impact their
completion of ePRO assessments in a clinical trial: peripheral neuropathy of the hands, experiencing significant
tiredness and fatigue which can also impair concentration, and the timepoint in their treatment cycle. The identified
themes do not act independently of one another: peripheral neuropathy can be a direct side effect of anticancer
treatments, but could also be an indirect symptom resulting from cognitive impairments that affect psychomotor
function [9]; fatigue can significantly impact cognition and concentration [13]; and peripheral neuropathy and
tiredness and/or fatigue, as well as difficulties with concentration may be more likely to affect individuals at certain
times of the day, as well as be influenced by where they are in the treatment cycle. Every patient is different, and
a one-size fits all approach is unlikely to be suitable for all. Therefore, identifying potential solutions to optimize
implementation of ePROs for as many individuals as possible is desirable, and being flexible in the approach is
likely to have the most beneficial effect.

Participants reported that the CIPN they experienced would not be an insurmountable barrier to them completing
PRO instruments electronically, and they saw electronic reporting and ‘tapping’ as superior to writing or turning
pages. However, participants commented that larger buttons, the functionality to choose between tapping or sliding
an anchor (where individuals would move the anchor up-and-down by maintaining contact with the screen) on a
visual analogue scale, and the option of a stylus could assist completion. With knowledge of the high prevalence of

1200 J. Comp. Eff. Res. (2020) 9(17) future science group



ePRO solution implementation in oncology trials Preliminary Communication

CIPN, the absence of an effective treatment [9,23], and a move toward recording PROs electronically, it is important
to take this into consideration when designing electronic solutions.

In line with the literature documenting the commonality of cancer-related fatigue, the participants interviewed
reported that their cancer and treatment had led to substantial tiredness, fatigue and/or concentration issues that
may impact their ability to complete PRO instruments, and could sometimes lead to a reduced ability to interact
mentally with reading materials. It is important to note that this would have an impact on PRO instruments in
general and not be specific to electronic implementation, and participants did not report readability issues with the
information presented on the devices they were shown.

Some participants reported that they would still be able to use their phone even when they were experiencing
their fatigue at its worst, and others said it is likely that they would only be able to complete a few questions at
a time. Participants also reported that the impact of their symptoms varied during the treatment cycles, with the
beginning of the cycle tending to be the time when they were at their worst, which is in line with other studies
that have shown the first few days following treatment to be when symptoms (e.g., fatigue) are at their peak [24].
Encouragingly, participants in our study reported that they would be able to find some time in the day when they
could complete the ePROs. However, at such times, they may feel unable to complete PROs on an at-home ediary
within a restricted time window and require more flexibility in both the time of day and the time window that they
can complete them. Further, such symptoms can occur suddenly, emphasizing the importance of flexibility in the
daily schedule of ediary completion.

It is recognized that enabling flexibility in the time window to complete measures and allowing participants to
pause and return to a survey may be seen as problematic to trial sponsors, as it could impact the contemporaneous
nature of the data which is used to ensure the validity of group comparisons. However, it is important to weigh
this up against the higher likelihood of missing data if this is not an option. In their guidance on the evaluation of
anticancer medicinal products, the EMA recognize that PRO measures should be administered [4]:

“when it is feasible to expect high levels of completion by the individual”

Some participants also described memory deficits and so it would be important that the recall period for questions
is reiterated if multiple questions relate to that recall period across screens. Reminders for ediary completion would
also be important, especially if the individual was not ready to complete it at the beginning of the time window.
Additionally, simple solutions to reset forgotten PINS and access to quick ‘how to’ guides would be important due
to memory issues that can be experienced.

When considering ways to improve ease of participation in clinical trials with at-home electronic data collection,
some participants commented that they may like the option to complete ePROs on their own devices (phone,
laptop) – known as ‘Bring Your Own Device’ (BYOD). Participants will be familiar with their own devices and so
this option could increase engagement and compliance, potentially reducing missing data [25]. Further, measurement
equivalence between electronic formats has been demonstrated [25,26], and so having participants complete the same
assessment on different electronic devices would not impact the data being collected. Voice-assisted technology and
caregiver completion tended not to be desirable solutions; some participants reported not wanting their ‘carer’ to
know how sick they were really feeling, and so it is important to consider possible issues regarding ‘truthfulness’ of
answers provided in this scenario [27].

Encouragingly, participants reported that the symptoms described would not deter them from participating in
clinical trials and they had a positive attitude toward the use of technology to complete assessments. Completing
measures electronically was preferable to paper completion and deemed more suitable given some of the impairments
that can result from treatment. Nevertheless, our findings do suggest ways that ePRO implementation in oncology
clinical trials can be optimized, and given the increasing drive for measuring outcomes that are important to
the patient, applying this learning as we design oncology-specific solutions is imperative. Based on our findings
we recommend consideration of the implementation best practices listed in Table 4 when using ePROs in this
therapeutic population.

It is important to note these recommendations are ‘where possible’, as not all instrument authors will grant
permission for changes to the presentation of scales when migrated from paper to electronic format. However,
increasing accessibility is imperative and it is hoped that instrument authors will be aware of the challenges faced by
oncology patients (given many of the scales used will be oncology-specific) and willing to facilitate their optimization
to ensure they are fit-for-purpose.
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Table 4. Recommendations for best practice ePRO implementation in oncology clinical trials.
Recommendation

a) Utilize larger, well-spaced buttons.

b) Enable functionality to choose between tapping or sliding an anchor (where individuals would move the anchor up-and-down by maintaining
contact with the screen) on a visual analogue scale

c) Present recall period along with the full question text and response options to reduce the reliance on participants needing to remember the
question recall period from previous screens.

d) Enable some flexibility in the time window that participants complete the survey/questionnaire.

e) Allowing ‘rest’ intervals between questionnaires so that participants can return to remaining questionnaires to complete at a later point (the
time window should be adequately detailed in the trial protocol).

f) Provide a stylus so that participants have this option.

g) If suitable (taking into account trial design), implement PRO measures on the participant’s own device via an app or web-based solution (BYOD).

h) Automated completion reminders.

i) Be sensitive that participants may prefer to not complete PROs, rather than asking for caregiver assistance.

j) Provide simple approaches for participants to reset their own PIN if forgotten, and to access simple quick reference guides.

BYOD: Bring Your Own Device; PRO: Patient-reported outcome.

Along with the increase in implementing PRO instruments electronically in clinical trials, there has also been
an increase in trials incorporating measurements from wearable devices and other sensors [28]. These can be used
to monitor a range of metrics, including sleep (duration and efficiency), activity, heartrate and blood pressure.
The passive, nonobtrusive nature of their measurement offers a particularly attractive option for certain patient
populations who are at high risk of treatment-related side effects (such as oncology), providing substantial benefit
by reducing participant burden [29]. That is not to say that they would replace PROs, rather wearables could
compliment these [30], offering some indication of health status when participants are too unwell to complete PRO
instruments, such as tracking impact and recovery profiles associated with each treatment cycle. Such objective
data could also help validate and corroborate the data from PRO measures [30]. Furthermore, the data obtained
can be very informative about the impact of treatment during the early stages of a treatment cycle, which can be
masked by the end-of-cycle site-based assessment when health status may have improved [30]. Studies have shown
that in oncology patients step count is associated with likelihood of hospitalization, adverse events and mortality,
and a strong predictor of treatment-related toxicity [30]. Studies investigating sleep patterns demonstrated that large
discrepancies between self-report and actigraphy-based capture of habitual sleep patterns highlight the value of
wearables when investigating such variables in relation to the efficacy and effectiveness of oncology treatments [31].

Adoption of these solutions in clinical trials is sometimes associated with uncertainty by researchers on whether
regulators will accept sensor/wearables data in regulatory decision-making and drug labeling claims [28]. However,
as PROs are increasingly used in drug approval applications, it is likely that data from wearables and sensors will
also grow [28]. Future studies exploring the feasibility and acceptability of these solutions in this patient population
would be valuable.

To our knowledge, this is the first study in oncology exploring how the disease and symptoms associated with its
treatment can impact device use for recording ePRO data. Participants represented a broad range in age and cancer
types and varying times since diagnosis and treatment length. We recognize the limitations of our study, including
the small sample size (as is common in qualitative studies); however, participants were consistent in the issues they
discussed and reported. Additionally, we acknowledge that the issues raised in these interviews may not reflect the
issues experienced by all people with cancer and that these interviews were part of a broader usability study – a
context which can encourage participants to be overly critical, and over think potential issues which may otherwise
not have been reported. Nevertheless, our findings are in line with previous studies in the literature. Future studies
in larger samples will be beneficial to strengthen the findings from this study.

Conclusion
Electronic capture of PROs offer considerable benefit for oncology patients in clinical trials but our findings
highlight that peripheral neuropathy of the hands, tiredness, fatigue and/or concentration impairments experienced
as a result of the disease and side effects of treatment would have specific implications for their use of technology
for completing ePROs. While the identification of these symptoms is not new, the patient perspective on how
they would impact their use of technology and strategies for optimizing usability is, and to our knowledge has
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not been explored. The insight gained in this research can be harnessed to ensure electronic solutions are optimal
and ‘fit-for-purpose’, and the lessons learned used to inform best practice recommendations for implementation of
ePROs in this population, placing patient needs at the forefront. We encourage clinical trial sponsors to take these
into consideration when designing and implementing ePRO solutions in oncology studies.

Summary points

• There is an increasing drive in clinical research to measure outcomes that are important to the patient, and
electronic implementation of PROs (ePROs) offer considerable benefit for oncology patients in clinical trials.
However, symptoms associated with the disease and treatment can impact their use of technologies for recording
PROs.

• To our knowledge, this is the first study in oncology exploring how the disease and symptoms associated with its
treatment can impact device use for recording ePRO data.

• Participants reported that during the course of the disease they experienced chemotherapy-induced peripheral
neuropathy of the hands, tiredness, fatigue and/or concentration impairments, and varying health status based
on where they were in the treatment cycle, which would impact their device use.

• Participants had a positive attitude toward the use of technology to complete assessments and completing
measures electronically was preferable to paper completion.

• We recommend consideration of the following when implementing ePRO measures in this therapeutic
population: utilizing larger, well-spaced buttons; enabling functionality to choose between tapping or sliding an
anchor (where individuals would move the anchor up-and-down by maintaining contact with the screen) on a
visual analogue scale; presenting the recall period together with the question text and all response options to
reduce the reliance on participants needing to remember the question recall period from previous screens;
enabling some flexibility in the time window that participants complete the survey; allowing ‘rest’ intervals
between questionnaires so participants can return to remaining questionnaires to complete at a later point;
providing a stylus so that participants have this option; if suitable, implementing PRO measures on the
participant’s own device via an app or web-based solution ‘Bring Your Own Device’; automated completion
reminders; being sensitive that participants may prefer to not complete PROs, rather than asking for caregiver
assistance; and provide simple approaches for participants to reset their own PIN if forgotten, and to access
simple quick reference guides.

• In combination with the previous literature demonstrating significant side effects of anticancer treatments, the
findings from this research can facilitate the development of patient-centered solutions that account for the
unique challenges experienced by oncology patients, and ensure electronic solutions are optimal and
‘fit-for-purpose’. The best practice recommendations for implementation of ePROs in this population provide the
potential to improve data quality and places patient needs at the forefront.
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Aim: The aim of this project is to describe a causal (counterfactual) approach for analyzing when to start
statin treatment to prevent cardiovascular disease using real-world evidence. Methods: We use directed
acyclic graphs to operationalize and visualize the causal research question considering selection bias, po-
tential time-independent and time-dependent confounding. We provide a study protocol following the
‘target trial’ approach and describe the data structure needed for the causal assessment. Conclusion: The
study protocol can be applied to real-world data, in general. However, the structure and quality of the
database play an essential role for the validity of the results, and database-specific potential for bias needs
to be explicitly considered.
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Background
Statin treatment in the prevention of cardiovascular events
There is an ongoing debate on the optimal use of statin treatment in the prevention of cardiovascular events. In
2016, the European Society of Cardiology (ESC) published new guidelines for the prevention of cardiovascular
disease [1]. These guidelines recommend lipid-lowering treatment such as statins for excessive-risk individuals
with overt cardiovascular disease, diabetes, chronic kidney disease, familial hypercholesterolemia, or very high
levels of individual risk factors. Outside this excessive-risk group, the ESC Systematic Coronary Risk Evaluation
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(SCORE) [2] is recommended for total disease risk assessment [1]. This country-adapted SCORE system intends to
assess a patient’s 10-year risk of undergoing a fatal cardiovascular event. The risk estimation is based on age, sex,
total cholesterol (with an optional use of high-density lipoprotein cholesterol), smoking status and blood pressure,
and it should be repeated every 5 years. Patients are divided into four risk categories, low (<1% SCORE), moderate
(1–5% SCORE), high (5–10% SCORE) and very high (>10% SCORE). The target for low-density lipoprotein
cholesterol (LDL-C) levels and the recommended treatment and treatment dose depend on the risk category and the
LDL-C level [2]. Immediate statin treatment is recommended for a risk score ≥10 and an LDL-C level ≥70 mg/dl
or a risk score ≥5 and <10, and an LDL-C level ≥100 mg/dl. However, for all risk scores ≥5, drug treatment
could be considered [1,2].

The American College of Cardiology and the American Heart Association (ACC/AHA) released new recom-
mendations in November 2013 [3], in which the threshold indication for statin therapy was lowered for primary
prevention. Instead of LDL-C thresholds, these recommendations focus on total atherosclerotic cardiovascular dis-
ease (CVD) risk, which is defined by new Pooled Cohort Equations [3]. Statin treatment is recommended when the
atherosclerotic CVD risk equals or exceeds 7.5%. Pandya estimated the cost–effectiveness of various risk thresholds
in the US American setting and concluded that more lenient thresholds of 4% or higher would be optimal using a
threshold of $100,000 per quality adjusted life year (QALY) gained [4].

This raises the question whether there is evidence that a policy oriented purely on the risk score and that is
using a more lenient threshold would also be beneficial in the European setting. Vancheri and others could not
demonstrate an association between an increased statin utilization and coronary mortality or its rate of change in
European countries between 2000 and 2012 [5]. However, this study did not have access to data on adherence,
indication for statin treatment and industry campaigns on doctor’s decision making, which could have confounded
the results. Adherence to statin treatment for instance, is known to be negatively associated with mortality as well
as with the intensity of statin regimen [6,7].

Challenges in real-world data: causal inference
Real-world evidence (RWE) is a widely propagated source to gain information outside the artificial setting of
clinical trials [8–10]. However, these data bear their own difficulties, including confounding, missing or nonreliable
data, no clear treatment assignment, imperfect compliance, dynamic treatment regimes, switching and multiple-
line treatments. Several approaches exist that may help conducting studies that allow drawing causal conclusions
from observational studies and RWE data [11]. Visual, structural and statistical techniques exist to understand and
estimate causal relations using RWE [11–42].

Directed acyclic graphs are graphical models that help in visualizing causal relations. In addition, causal-directed
acyclic graphs help to understand the nature of confounding, to assess identifiability, and to guide the selection of
the appropriate statistical analytic approach [18,22,32–37,39,41,42].

A prominent structural approach is the so-called ‘target trial’ approach described by Hernan, Robins, Cain and
others [11,13–15,23,25] combined with statistical methods controlling for time-dependent confounding. The target
trial approach suggests designing any observational data analysis as if one would design a randomized clinical trial.
This approach is consistent with counterfactual theory in the analysis of causality, and additionally, it is structurally
close to the randomized trial approach, and therefore, facilitates the communication to medical researchers familiar
with clinical trial design. In addition to comparison of treatments, this approach allows researchers to answer the
question of when to start a specific treatment (e.g., when to start statin) [14].

Causal statistical methods include the (parametric) g-formula, marginal structural models with inverse probability
weighting and structural nested models with g-estimation. These are complex and validated statistical methods that
can be applied when time-dependent confounding is present. These techniques are all based on the counterfactual
approach and differ regarding their assumptions [12,13,16,17,19–21,24,26–32,38,40]. In the counterfactual approach, one
estimates the outcome assuming the individual had received no treatment.

A combination of these visual, structural and statistical causal methods allows estimating causal relations using
RWE and is particularly useful to determine risk thresholds for initiation of preventive medication such as statin
use.

Aim
The overall goal of this project is to demonstrate how causal inference methods can be applied to RWE to obtain
unbiased estimates. We focus on statin treatment to prevent CVD events in individuals with and without a history
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Figure 1. Causal graph. Arrows between the variables represent potential causal effects. Age and sex may have an influence on all of
the parameters, and prior cardiovascular disease events may also be influenced by all parameters other than ‘statin’ and ‘coronary heart
disease’. For space reasons, those arrows are only indicated. The absence of an arrow represents the assumption of the absence of any
causal effects.
BMI: Body mass index; CHD: Coronary heart disease; CVD: Cardiovascular disease.

of a cardiovascular event. In the absence of a clinical trial evaluating the optimal start of statin treatment, we would
like to guide the use of available real-world data and causal inference methods. We aim to provide a study protocol
to answer the question of when to start statin treatment to optimally prevent CVD events. It is not the intention
of this paper to present the results of the data analysis.

Methods
For the development of the study protocol, we operationalized the research question, developed a causal graph to
identify potential confounders and followed the target trial approach [11,14,15,23,25].

Causal graph
Real-world data analyses are particularly prone to confounding and selection bias. Unlike in a randomized clinical
trial, the intervention – in our case the (time of starting) statin treatment – is not administered at random but based
on individual clinical information. When the same factors that influence the decision whether or not treatment
should be provided, also influence the outcome, in our case CVD events, controlling for confounding is essential
for obtaining valid causal effect measures. To provide the basis for the selection of variables needed to be controlled
for in a causal analysis, we generated a causal graph including variables that are directly or indirectly associated with
the intervention statin treatment and the outcome CVD (Figure 1). The assumptions on the presence or absence of
associations were based on published literature [43–47] and expert opinions. We searched the literature for CVD-risk
evaluations and risk prediction models as well as for clinical treatment guidelines. We then asked the clinical experts
which factors they base their decision on when starting or not starting statin treatment. We included those factors
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Figure 2. Time-dependent confounding.
Diabetes is a confounder and intermediate step, a so-called time-dependent confounder.
CHD: Coronary heart disease.

into the causal graph irrespective of their availability in the datasets. Some factors such as birth date and sex may
not change after the treatment decision has been made and can be included as baseline variables. However, other
variables, such as any disease-specific and treatment variables may change over time and should be included in
the analyses as time-varying variables. The assumed causal direction is indicated by the arrows. Some variables are
connected by links pointing in both directions. Those cases represent relationships with feedback loops over time.

The causal graph (Figure 1) shows that confounding can be eliminated by blocking the backdoor paths from
statin treatment to cardiovascular events, that is, controlling for age, sex and the ESC SCORE, or when the
ESC score is not available, all the variables being included in the ESC SCORE as well as diabetes and severe
kidney disease. Similarly, as the variables included in the risk score, the variables severe kidney disease and diabetes
may change over time, and therefore, should be included in the model as baselines variables and time-varying
variables.

The ESC SCORE, and newly diagnosed severe kidney disease and newly diagnosed diabetes are time-dependent
confounders [24,32]. On one side, they are influencing the probability of physicians prescribing the start of statin
treatment, and on the other side, they are themselves affected by statin treatment (Figure 2). This creates a feedback
loop between time-dependent treatment and time-dependent confounder, and hence, causal methods such as
g-methods [32] need to be applied to draw valid (unbiased) causal conclusions.

Target trial protocol
In the absence of a randomized clinical trial comparing multiple strategies for when to start statin treatment, we
based our protocol on the target trial approach, which emulates a trial using real-world observational data: when
designing a target trial, one formulates the study protocol as if one was designing a randomized controlled trial. This
approach assures that the timely sequence and analytic strategy is appropriate and biases such as immortal-time bias
are avoided [25]. The target trial emulates (mimics) a randomized controlled trial, and therefore consists of the same
components as a randomized controlled trial. These components include eligibility criteria, treatment strategies,
assignment procedures, follow-up period, outcomes, causal contrasts of interest (i.e., the estimands), and analysis
plan and start with a well-formulated research question [11].

For our statins study, each component of the protocol was carefully considered and defined according to the
operationalized research question. As result, we describe each component of the target trial study protocol.

Operationalization of the research question
To assess the optimal (i.e., most effective) timing of starting statin treatment, several comparative strategies with
different treatment starting points must be defined. Currently, the statin treatment strategy is based on the ESC
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SCORE, which assesses the individual 10-year risk of undergoing a fatal cardiovascular event based on age, sex, total
cholesterol, smoking status and blood pressure, and the LDL-C level [1]. Our intention is to define the treatment
strategies by describing the starting point of statin treatment entirely based on ESC SCORE thresholds.

As in a randomized clinical trial, the individuals in the compared strategies should be as similar as possible.
Individuals are therefore included in each strategy at the time of study inclusion. Just the defined treatment starting
point differs. Figure 3 shows that while being in the study, the risk may increase as time passes by, and the individual
may cross the specific risk threshold of a certain given strategy. At that time point, treatment should start.

The operationalized research question is shown in the following population, intervention, comparison and
outcome (PICO) structure:

Population: Men and women aged 40–75 years of the general Austrian population.
Interventions:

• Immediate statin treatment when risk score equals or exceeds 1%.
• Immediate statin treatment when risk score equals or exceeds 2%.
• Immediate statin treatment when risk score equals or exceeds 3%.
• Immediate statin treatment when risk score equals or exceeds 5%.

Comparator: No statin treatment.
Outcomes: Primary: CVD defined as composite end point major adverse cardiovascular event (MACE), that is,

myocardial infarction (MI) or stroke, or cardiovascular death; secondary: overall survival.
This research question reflects the study population, treatment strategies and outcomes as defined below.

Figure 3. Treatment strategies. Time does not reflect the risk score increase proportionally. The colors reflect the treatment as defined
for each strategy in the protocol. Light gray indicates that the individual has a risk score below the given risk threshold and should not
take statin treatment; dark gray indicates that the individual risk levels crossed the risk threshold of the corresponding strategy and the
individual should be treated with statins. The shaded gray indicates the grace period, which is 3 months after crossing the risk threshold,
in which an individual may start the stating treatment. A given subject not following the protocol will be censored at the time of
protocol violation.
tx: Treatment.

Study population & eligibility criteria
Following the target trial concept, only those individuals are included into the analyses who could be randomized
to one of the four treatment strategies or the comparator. Hence, we plan to include the general population between
the age of 40 and 75 years who are not classified yet as excessive risk, that is, no overt CVD, diabetes, chronic
kidney disease, familial hypercholesterolemia, very high levels of individual risk factors or an acute cardiovascular
event. Individuals are included into the study when they first show to have crossed the 10-year risk of undergoing
a fatal cardiovascular event threshold of 1%. Note that inclusion in the study does not mean immediate statin
treatment as treatment depends on the strategy-specific threshold.

Our exclusion criteria are age <40 years or >75 years, diagnosis of stroke ≤1 month prior of the start of the
emulated trial (ICD10: I60–64), diagnosis of MI ≤1 month prior of the start of the emulated trial (ICD10:
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I21–25), diabetes (ICD10: E10–14), chronic kidney disease (ICD10: N18) and familial hypercholesterolemia
(ICD10: Z82)

Individuals with and without a history of prior cardiovascular events are included in the study. The analyses will
be conducted in subgroups: without prior cardiovascular events (primary prevention); and with prior cardiovascular
events (secondary prevention).

Treatment strategies
Five treatment strategies (i.e., four statin strategies and the comparator no statin treatment) will be compared,
differing in whether and when to start statin treatment as shown above.

All individuals enter the study at a similar state of risk, that is, when they first show to have crossed the 10-year
risk of undergoing a fatal cardiovascular event threshold of 1%. This implies that individuals in the treatment
strategies who start statin treatment at a high-risk threshold wait and will be monitored until they cross the risk
threshold corresponding to the particular treatment strategy they are assigned to (Figure 3).

The statin treatment used in the observational study is defined by prescription of any available statin filed in the
database. The dose of statin treatment is not considered for treatment definition. By applying the prescription of
statins as indicator of statin use, it is assumed that individuals take the medication as it was prescribed.

Assignment procedure
Subjects will be assigned to a treatment arm at the beginning of the study. Rather than randomizing subjects to a
single treatment arm, so called ‘replicates’ (‘copies’ or ‘clones’) of each subject in the dataset will be created. One
replicate of each subject is then analytically being allocated to each of the treatment strategies, and subjects not
following the assigned treatment protocol will be censored at the time of protocol violation. For example, for a
subject A starting treatment with a risk score of 3%, the subject’s data are copied five-times and each copy is then
allocated to a different treatment strategy at the beginning of the study. In the 1% threshold strategy, the replicate
of subject A would then be censored right at the beginning of the study, as the protocol is to start treatment when
crossing the 1% risk threshold and subject A does not start until the risk exceeds 3%. In contrast, in the 2%
threshold strategy, the data of the replicate of the same subject A are censored at the time she/he has a 2% risk
of cardiovascular event. As treatment is not started, it is violating the 2% threshold protocol. In the 3% threshold
strategy, the data of the replicate of subject A are not censored, as treatment is started at a 3% risk, which is
following the protocol. In the 5% threshold strategy and the no-treatment strategy, the data of the replicate of
subject A are censored at the time of treatment start, as this is the time when the observation indicates assigned
treatment violation. As censoring is informative, adjustment for baseline and time-dependent confounders of the
censoring–outcome relation must be performed to derive valid causal treatment effects and is described in the
analysis plan.

Individuals assigned to one of the four immediate treatment arms receive statin treatment after crossing the
corresponding risk threshold (Figure 3). We allow for a ‘grace period’ of 3 months during which the treatment
may be started after crossing the respective threshold, as individuals may not start treatment immediately due to
nonmedical reasons, such as vacation, family holidays, travel and other personal reasons. Individuals not starting
statin treatment within this grace period will be censored at the end of the grace period (i.e., 3 months after crossing
the risk threshold). Individuals who had started treatment according to the protocol and stop it for more than 3
months are also planned to be censored 3 months after the last statin intake. The impact of the length of the grace
period on the results should be tested in sensitivity analyses.

The individuals in the no-treatment arm must not receive statin treatment at any time. Therefore, individuals
in this arm who start treatment at any time are being censored at the time of first statin use.

Follow-up periods
The study baseline is at the time of eligibility, which is the time point when an individual’s ESC-SCORE exceeds
1%. The study’s follow-up period starts at baseline and ends at the end of the 15-year follow-up time, occurrence
of the outcome, loss of follow-up or treatment violation, whichever occurs first.

Outcomes
Our primary end point (outcome) is defined as any major cardiovascular event (MACE), including MI, stroke or
death due to CVD during the time of follow-up. Our secondary end point is death from any cause during the time
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of follow-up. As frequency measures to be compared between the treatment arms, we use the 15-year incidences
(risks) of the outcomes.

Causal contrast(s) of interest
Although a clinical trial may be analyzed to estimate the intention-to-treat effect, this is usually often not possible
when using existing real-world data. In contrast, when using the target trial approach, all subjects are replicated
and each subject is assigned to each treatment arm. Subsequently the causal per protocol effect of the respective
sustained treatment strategy is estimated, that is, the effect of the assigned treatment strategy if all individuals in the
trial had sustained statin treatment until end of study as indicated in the protocol. As censoring due to treatment
violation or censoring due to loss to follow-up maybe informative, methods must be applied that account for
informative censoring (see below).

Analysis plan
Descriptive analyses

Descriptive statistics will summarize the data. The descriptive statistics should start with a flowchart clearly
indicating the number of individuals included and excluded by the various reasons. The study population will
then be described within each treatment arm and subgroup. As all subjects are assigned to each treatment arm, not
all individuals assigned to the treatment arms will be described but those that follow the protocol, and those that
are censored. These statistics will describe age, sex, the presence of each risk factor, comorbidities and survival for
adherent and censored individuals within each treatment group and compare between groups.

Causal analyses

The causal analysis will be performed for the entire population as well as the subgroups with and without prior
cardiovascular events, with inverse probability weighting with marginal structural models [13,15,17,19,21,23,26,29–

32,40]. According to the causal graph, the analysis will be adjusted for age, sex, prior cardiovascular events, blood
pressure and cholesterol as baseline variables and cholesterol, new onset of severe kidney disease and diabetes as
time-dependent confounders [17,28,29,31,32].

Time intervals will be created to properly adjust for time-dependent confounding. The length of the interval
depends on the available data. The time-varying variables must be defined within each interval. Hence, intervals
need to be short enough to avoid bias through time-dependent confounding.

One replicate of each subject is assigned to each of the compared treatment arms, in order to emulate perfect
randomization [11,25]. Within each treatment arm, each subject will be censored at the time when this subject stops
following (i.e., violates) her/his assigned treatment protocol. In other words, for each subject, only information is
used that is compatible with the assigned treatment at each time point. In order to allow for a causal interpretation
of the analytic results, the fact that censoring due to protocol violation may be informative needs to be considered.
Therefore, adjustment for informative censoring by performing an analysis with inverse probability of censoring
weighting will be performed. Individuals will be weighted using the predicted probability of not being censored due
to protocol violation in a given time interval in each assigned treatment arm. The inverse of that probability is the
assigned weight for that person interval. A low probability of not being censored, therefore, results in a high weight.
As very high weights (e.g., values >100) may generate unstable results, the distribution of estimated weights will
be assessed.

The intervals are set at 3 months, as data collection mechanisms are often implemented per quarter due to
quarterly reimbursement. When the data indicate that those intervals are too long because variables are measured
several times within one interval or too short as no changes occur between intervals, the length of the intervals may
be adjusted and explored in sensitivity analyses.

Each subject per interval will have an assigned weight, which is estimated using a model predicting the start
of statin treatment, the so called ‘treatment selection model’. This probability will then be used to indicate the
probability of being censored in a given treatment strategy and turned into a weight. This weight will then be
used in the so called ‘outcome model’, which relates the treatment arm to the outcome. In the outcome model,
the study population hazard ratios for MACE for each treatment strategy will be approximated from a marginal
Cox proportional hazards model with the odds ratio from a pooled logistic regression comparing MACE between
assigned treatment arms within intervals [19]. Robust variance estimators will be used to adjust for dependence
between different person time (intervals) of subjects; and the replicates generated from each particular subject. In
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addition, we will compare the 15-year proportions (cumulative incidences) of CVD events and deaths between all
arms.

Missing data

In many datasets, variables that are based on ICD10 codes may have no indicator whether they contain missing
variables or not. In the case of no data entry, one could assume that no diagnosis is present or that the information
is missing. This introduces unmeasured confounding and may be systematic when this information is not entered
for a specific patient group or reason related to the outcome.

Depending on the database, diagnosis data may not be well monitored and therefore not valid. In those cases,
other variables such as medication use, age and sex could be used to predict and impute diagnoses [48]. In cases
where no diagnosis data (e.g., ICD10 code) indicate the absence of disease but the prediction based on medication
indicate a probability of disease >80%, it will be assumed that the disease is present. This assumption needs to be
tested in sensitivity analyses. To reflect the uncertainty associated with the estimation of the missing data, multiple
imputations will be performed [49].

Many variables of our study have repeated measurements. These variables might not have values for each time
point. The method of the last value carried forward will be applied assuming that the physician deciding on the
treatment bases the decision on the last available information.

Data sources
To follow the study protocol, several variables need to be available at baseline (e.g., age, sex, and prior diagnoses
of CVD, diabetes, chronic kidney disease, and familial hypercholesterolemia). Variables that require repeated
measures include diagnoses, laboratory values, behaviors and measurements of blood pressure. Depending on the
data source, not all of these data might be available. Continuous information on laboratory values, behaviors and
clinical measurements are often lacking. This information could be indirectly estimated or approximated using data
on diagnoses or on filled prescriptions.

If not all data are available from one source, the necessary information may be obtained by linking several databases
containing administrative reimbursement data, specialized registry data, clinical information and operative data.

Discussion
As statin treatment is a widely accepted and reimbursed treatment for the prevention of CVD events, it is unlikely
that an expensive trial will be designed to find the best starting point of statin treatment. However, real-world
data on statin treatment and outcomes are available from routine clinical practice. Conclusively, these data could
be used to find the optimal treatment strategy. We describe a causal approach to use RWE to answer the causal
question of when starting statin treatment is optimal from the patient perspective. Although using real-world
data to estimate the comparative effectiveness of statin treatment avoids the artificial setting of a clinical trial
and reflects reality better than clinical trials, these analyses are only valid if complete information of baseline and
time-dependent confounders is available. We described the data necessary for a causal analysis of observational data.
This information should be used when making decisions on the observational database that is analyzed.

In medical practice, data are often collected for various reasons, including assessing the long-term safety and
effectiveness of different regimens in routine clinical care, as well as issues with adherence. However, payment or
reimbursement often is the primary reason for data collection and data on diagnoses, procedures, prescriptions, and
visits reflect the billing procedures but not necessarily the clinical process and reality. Using these data for clinical
analyses comprises some challenges. First, clinical and reimbursement data may diverge slightly in primary versus
secondary diagnoses. Second, big real-world data are not monitored closely and time intervals are irregular. Missing
data are, therefore, difficult to identify.

The target trial concept is relatively innovative and only few conceptual publications exist describing this
approach [11,13–15]. The target trial concept differs from disease area to disease area. Before applying the target
trial concept, we used the causal graph (Figure 1) to identify variables that must be included into the analysis as
baseline or time-varying covariates and based the target trial protocol on those findings. This preparatory step is the
basis for controlling for confounding and selection bias. To our knowledge, no target trial protocol exists yet for
the comparison of different when to start statin treatment strategies using real-world databases. The evaluation of
real-world data becomes especially essential as machine learning (ML) and artificial intelligence (AI) are becoming
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increasingly important in medicine. However, ML and AI can only be successful when the data are reliable and
biases are avoided by applying the appropriate analytical methods based on explicit causal assumptions.

The suggested approach requires comprehensive data, including ambulatory, laboratory, behavioral information
and measurements of blood pressure. High-quality data are essential for drawing valid and reliable conclusions.
European countries provide only limited access to such data. However, we know that data are collected in almost
all parts of life including medicine. On the other hand, generic availability of statins has resulted in a change in
statin prescribing behavior. Hence, the consequences of different statin prescription patters are reflected in such
data. If and when these data will be made available, the described protocol can be applied. As analyses following
this type of protocol will provide good insight on the effectiveness of different treatment strategies at a much lower
cost than a clinical trial, it should be debated whether necessary data could be linked and made accessible without
violating patients’ rights.

This proposed protocol for the design and analysis of an emulated target trial using observational RWE has
several limitations. When defining the study population, we excluded individuals with a cardiovascular event within
1 month prior of start of emulated trial. This washout phase might be too short. Also, prior statin treatment and
prior cardiovascular events might not always be identifiable. Thus, a few individuals might be classified as having a
risk score of 1% when it is actually higher.

Data that are included in the ESC SCORE are crucial for the proposed analyses. If these data are not reliable, the
analyses may be biased. We might not only have misclassification when allocating the treatment strategies, we would
also not correctly adjust for confounding. As the causal graph (Figure 1) shows, the ESC SCORE is influencing
the treatment and is itself influenced by the treatment. Hence, the ESC SCORE is a time-dependent confounder,
where the influence of the risk score on the treatment needs to be controlled for. The physician is calculating the
risk in the practice based on the direct measurements of blood pressure cholesterol level and other patient-specific
information. We might not have the ESC SCORE value that the physician sees and have to estimate it using
the available underlying data. When this leads to misclassification, the link between the score and the treatment
initiation is not correctly analyzed.

We intended to compare five treatment strategies (Figure 3). Theoretically, many more treatment strategies could
be compared even if they seem unethical. This proposed target trial is applied to observational data. Hence, the
actual treatment of an individual is not influenced by the protocol. However, whenever analyzed strategies diverge
from current guidelines, it might be questionable whether a sufficient number of cases follow the protocol of those
treatment strategies. Data must be sufficient to predict protocol violation. For cases where only few individuals have
the same covariates that predict treatment, the weights would become very large; this is one of the limitations of
inverse probability of censoring weighting. To avoid large weights, one could truncate the weights. However, large
databases reflecting all treatment arms and covariate strata are always preferable and yield more reliable results.

The primary study outcome chosen in our protocol is MACE, which includes cardiovascular death. However,
the databases do not always differentiate between all-cause mortality and sudden cardiovascular death. When a
subject died due to a cardiovascular event before reaching the hospital, death may only be considered as all-cause
mortality.

The protocol demands an immediate start of statin intake after crossing the risk threshold corresponding to a
given treatment strategy. In the real world, individuals may want to delay the start of the treatment due to personal
nonmedical reasons. We account for that by allowing for a grace time of 3 months after crossing the risk threshold
indicating treatment start and test the impact of the length of the grace period with sensitivity analyses. During this
grace time period, individuals are supposed to start the indicated treatment. Only individuals that have not started
treatment by the end of the grace-time period are perceived as violating the protocol.

Often, study protocols include independently adjudicated outcome validation to avoid potential differential
information bias. However, we believe that MACE is a relatively well-defined outcome leaving no room for too
much interpretation. Furthermore, at the time of data collection, no connection between the different statin
treatment strategies and the outcome was made. Hence, the misclassification would potentially be nondifferential.
We also included overall survival as secondary end point in our analysis, as this outcome is less prone to information
bias. However, the disadvantage is that due to limited number of deaths in population studies, the power for
differentiating between the slightly different strategies is very limited.

Although we design the observational study as if it was a clinical trial, the trial should be seen as a pragmatic
trial, where the treatment strategies reflect the real-world conditions. Such a trial can be analyzed according to
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the causal per-protocol principle for sustained treatment strategies, which avoids some biases when compliance is
incomplete [50].

Currently, access to comprehensive data including data from the outpatient setting is limited in Europe. The
FFG COMET project, Decision Support for Health Policy and Planning (DEXHELPP), aims to develop new
methods, models and technologies to support analysis, planning and control of healthcare systems [51–53]. One part
of the project is to extend causal inference methods in order to estimate causal relationships from routine data,
especially for the parameterization of decision-analytic models [54]. Within the project DEXHELPP, large Austrian
databases are linked to RWE on a per-project basis as well as a service for data owners as stable foundation for
various research purposes. Differing sources including closed, nonpublic databases with highly sensitive data as well
as publicly available, open data are utilized. ‘GAP-DRG’ (General Approach for Patient oriented Outpatient-based
diagnosis-related group [DRG]) [55,56], a database built up and managed on behalf of the Main Association of
Austrian Social Security Institutions, is one of the outstanding assets of the project. It comprises of administrative
claims data from many sections of the healthcare system as hospital discharges, ambulatory outpatient contacts
with general practitioners (GPs) and specialists as well as filled in prescriptions and leaves of absence. DEXHELPP
and preceding projects linked these databases and added additional information, meta-data and documentation.

After designing the study protocol, the next step is to perform the study for the Austrian population. Once
the data and their structure accessible through the DEXHELPP consortium meet the necessary data quality for
the proposed protocol, this protocol will be applied to estimate the most efficient start of statin treatment for the
Austrian setting.

Conclusion
We successfully developed a study protocol for estimating the comparative effectiveness of different starting points
for statin treatment to prevent cardiovascular events. The study protocol follows the target trial approach to
allow drawing causal conclusions from real-world observational databases. It can be applied to clinical as well as
reimbursement databases or the combination of both. The quality of the databases plays an essential role for the
reliability of the results. The proposed study protocol has some limitations that need to be acknowledged when
applying it to any data and interpreting the results. We conclude that the proposed protocol can be applied to
different databases to estimate the comparative effectiveness of different starting points for statin treatment to avoid
cardiovascular events. However, the database this protocol will be applied to needs to be carefully selected, and
database-specific potential for bias must be carefully considered.

Future perspective
Over the last decades, computers and electronic tools arrived in basically all parts of our lives, including medicine.
The storage of health-related data is increasing, and potentials of linking different databases are growing, analytical
techniques are emerging, and ML and AI in medicine become a widely debated topic [57]. We believe that in
5–10 years, artificial intelligence will be more and more accepted in several parts of medicine. Especially, risk
prediction and causal inference will facilitate accurate personalized medicine. However, the potentials of future
performance of artificial intelligence depend on current research in the field of causal inference from real-world
data.
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Summary points

• It is questionable whether a more lenient threshold for the use of statin treatment than currently proposed in
European guidelines leads to better clinical outcome.

• Common challenges occurring with real-world evidence are confounding, missing/misclassified data, no clear
treatment strategy assignment, dynamic treatment regimens and treatment switching.

• The aim of this project is to describe a causal (counterfactual) approach for analyzing real-world observational
data to estimate the optimal risk threshold for the start of statin treatment.

• Visual, structural and statistical techniques existing to estimate causal relations using real-world evidence are
applied to generate a study protocol.

• We operationalize the research question, describe the data structure needed for the causal assessment and
address potential biases that might occur.

• Using causal graphs, we identified age, sex, prior diagnosis of cardiovascular disease, diabetes, chronic kidney
disease and familial hypercholesterolemia as baseline (time-independent) confounders. We found new onset of
diabetes or chronic kidney disease, cholesterol and blood pressure as time-dependent confounders.

• Crucial parts of the protocol are the treatment allocation at the beginning of the trial, a per-protocol analysis
with correct censoring and a statistical analyses accounting for informative censoring such as inverse probability
of censoring weighting.

• The proposed protocol can be applied to different databases to estimate the comparative effectiveness of
different starting points for statin treatment to avoid cardiovascular events. The database-specific potential for
bias needs to be estimated and considered.
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