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Abstract

Background: Providing coachesaspart of aweight management program isacommon practiceto increase participant engagement
and weight loss success. Understanding coach and participant interactions and how these interactionsimpact weight [oss success
needs to be further explored for coaching best practices.

Objective: The purpose of this study was to analyze the coach and participant interaction in a 6-month weight loss intervention
administered by Retrofit, a personalized weight management and Web-based disease prevention solution. The study specifically
examined the association between different methods of coach-participant interaction and weight loss and tried to understand the
level of coaching impact on weight loss outcome.

Methods: A retrospective analysis was performed using 1432 participants enrolled from 2011 to 2016 in the Retrofit weight
loss program. Participants were males and females aged 18 years or older with a baseline body mass index of =25 kg/mz2, who
also provided at |east one weight measurement beyond baseline. First, adetailed analysis of different coach-participant interaction
was performed using both intent-to-treat and completer populations. Next, a multiple regression analysis was performed using
all measures associated with coach-participant interactionsinvolving expert coaching sessions, live weekly expert-led Web-based
classes, and electronic messaging and feedback. Finaly, 3 significant predictors (P<.001) were analyzed in depth to reveal the
impact on weight loss outcome.

Results: Participants in the Retrofit weight loss program lost a mean 5.14% (SE 0.14) of their baseline weight, with 44% (SE

0.01) of participants losing at least 5% of their baseline weight. Multiple regression model (R?=.158, P<.001) identified the
following top 3 measures as significant predictors of weight loss at 6 months. expert coaching session attendance (P<.001), live
weekly Web-based class attendance (P<.001), and food log feedback days per week (P<.001). Attending 80% of expert coaching
sessions, attending 60% of live weekly Web-based classes, and receiving a minimum of 1 food log feedback day per week were
associated with clinically significant weight loss.

Conclusions: Participant’s one-on-one expert coaching session attendance, live weekly expert-led interactive Web-based class
attendance, and the number of food log feedback days per week from expert coach were significant predictors of weight lossin
a 6-month intervention.

(J Med Internet Res 2018;20(3):€92) doi: 10.2196/jmir.9738
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preventable diseaseis considered the driver of rising health care
costs, and the annual direct and indirect health care costs have

Worldwide, 1.9 billion adultsare classified asbeing overweight  11Sen to $1.42 trillion [2].
or obese with the United States leading the globe [1,2]. This
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In 2014, the direct medical costs of health conditions caused
by overweight and obesity amounted to US $427.8 billion [2].
Indirect costs, such as absenteeism or loss of productivity due
to disease, totaled US $988.8 hillion [2]. With 70.7% of US
adults being overweight or obese, employers spend an additional
US $4000 more per year on an employee with obesity than on
a healthy weight empl oyee through costsrelated to health care,
productivity, and job absenteeism [3-5]. According to the 2017
Employer Health Benefits Survey, 85% of employers provide
health and wellness programs to prevent and manage chronic
diseases[6]. Employer-sponsored weight management programs
come in a variety of packages, including self-guided, group
coaching, and individualized coaching related to activity,
nutrition, and behavior change [7-11].

Weight management programs offering coaches to support
participants have been shown to be more effective in participant
engagement and weight loss success [7-9]. Females are more
successful with weight loss programs that include direct and
protocol-driven coaching around diet, physical activity, and
engagement, whereas males tend to underuse coaches [12,13].
However, both males and females do benefit from coaches to
increase engagement and weight loss success [9,12,13].

Offering education around behavior change and accountability
for adherence of implementing information learned is one
benefit of providing coacheswith weight management programs.
Face-to-face coaching sessionswith weekly email contact from
acoach was successful in helping participantslose at least 10%
of initial body weight [14]. Alternatively, offering weekly email
behavior coaching and monthly individualized coaching
telephone calls has also shown to improve adherence to
health-related strategies, decrease health risk factors, and
improve weight loss [15-17]. In addition to individualized
coaching, weekly behaviora change lessons, weekly
individualized self-monitoring feedback, and an Web-based
community group have also been shown to increase likelihood
of achieving 5% weight loss in 6 months, 10% weight loss in
12 months, and maintenance of weight loss over 2 years
[11,18,19].

Self-monitoring is important in achieving greater weight loss
[20]. Coach-provided individualized feedback around
self-monitoring increases consistency in both men and women
[20]. Personalization provesto be more effective than automated
emails providing general health information or tips specifically
around nutrition and behavior [21-24].

The purpose of this study was to analyze the participant and
coach interaction in a 6-month weight loss intervention
administered by Retrofit (see Multimedia Appendix 1), a
personalized weight management and Web-based disease
prevention solution. The interactions were evaluated for their
association with weight loss to determine the level of impact
on predicting weight loss outcomes. Additionally, each type of
interaction was eval uated independently to assessthe association
between the interaction and weight loss to determine best
practices for expert coaches.
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Methods

Study Design

A retrospective analysis was performed to assess the impact of
expert coaching during a 6-month weight lossintervention using
deidentified datafrom the Retrofit weight loss program. Various
measures were designed to quantify coach-participant
interactions involving one-on-one expert coaching sessions,
live weekly expert-led interactive Web-based classes, food and
exercise log feedback, and electronic messages. All measures
wereincluded in amultipleregression analysisto predict weight
loss during the intervention. Finally, 3 statistically significant
(P<.001) expert coaching measures were analyzed in depth to
understand the impact on weight loss outcome at 6 months.
Western Institutional Review Board granted exemption to the
study as it is a retrospective analysis with no identifiable
protected health information.

Participants

Participantsincluded paying customers of the Retrofit program
who enrolled through an employer-sponsored program.
Employers of participants had selected Retrofit as a subsidized
weight management program for employees as part of their
employer health benefits package. Customers were considered
aseligible participantsif they were at least 18 years of age; had
astarting body massindex (BMI) of = 25 kg/m?; had signed up
for the program between September 27, 2011, and December
31, 2016; and had provided at least 1 weight measurement
beyond baseline measurement. A participant was considered to
have completed the program if he or she provided a weight
measurement at the 6th month of his or her program. A total
1432 customers satisfied all inclusion criteria to be study
participants, and 1045 of the participants compl eted the program.
No customer was removed or eliminated from the population
due to alack of weight loss in the program.

Program

The Retrofit weight loss program was designed with a 6-month
weight loss phase with the option to continue into amaintenance
program caled Retrofit Next. The program (Multimedia
Appendix 2) includes one-on-one expert coaching, unlimited
coach interactions through electronic messaging, lifestyle
patterns assessment, and personalized coaching content and
plan. Expert coaches perform weekly reviews of participants
plan and self-monitoring datato provide personalized feedback.
Participants have access to an expert-moderated Web-based
community and are encouraged to attend live weekly expert-led
interactive Web-based classes regarding topics of exercise,
nutrition, and mind-set. Digital tools, including a mobile app,
Web-based dashboard, activity tracker, and Wi-Fi scale, are
provided for tracking behaviors related to weight, food, mood,
steps, and exercise.

As part of the Retrofit weight loss protocol, al participants are
offered 7 one-on-one expert coaching sessions, including an
initial 60-min session and 30-min follow-up sessions. Coaching
sessions were conducted via Web-based video call or mobile
phone. All coaching sessions include education around the
Retrofit philosophy and weight loss guiding principles associated
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with nutrition, mind-set, exercise, and daily activities. In
addition, each coaching session was used for coach-participant
collaboration on current and desired health-related behaviors,
goal setting to create individualized plans and strategies, and
to come to an agreement on how the expert coach will hold the
participant accountable to agreed-upon plans and strategies.

Participants were encouraged to weigh in, wear their activity
tracker, log all food and beverages consumed, and communicate
daily with their expert coach and in the Web-based community.
Retrofit protocol required expert coaches to review a
participant’s food and exerciselogs, step data, weight data, and
progress toward plan goals a minimum of 1 time per week to
provide personalized feedback. If a participant initiated a
coaching conversation, the expert coach was required to respond
within 24 hours.

Retrofit expert coaches were employed professionals with a
master’s or doctorate-level education in dietetics or nutritional
sciences, exercise physiology, nursing, health education,
counseling, or psychology. Expert coaches were certified in
Retrofit's weight loss protocol and have completed yearly
recertification, if applicable.

Measures

Weight

Participants were provided a Wi-Fi-enabled scale that securely
transmitted weight data over the Internet to a Retrofit central
data server. Participants weight data were collected through
the use of the provided wirel ess scal e (92% of recorded weights)
or self-reported entry (8%). Self-reported entry was permissible
if a participant had difficulty setting up his or her Wi-Fi scale.
Baseline weight was considered asthe first wel ght measurement
received from the participant, which was designated as the

recording for week 1. Percentage of baseline weight lost at 6
months was cal culated and used as the primary outcome.

Expert Coaching Sessions

Participants were provided 7 one-on-one expert coaching
ons over the 6-month weight loss program. Percentage of
coaching sessions attended at 6 months was calculated to
quantify participant's engagement with their coach and used as
one of the primary metrics to indicate coaching impact on
participant outcome. A secondary metric was calculated to
measure the total time a participant spent in coaching sessions.

Live Weekly Expert-Led I nteractive Web-Based Classes

Participants were provided 26 weekly Web-based classes (1
class per week) where an expert coach conducted a live
Web-based class on a predetermined topic. Percentage of classes
attended at 6 months was calculated to quantify participants
interest in gaining in-depth knowledge on a healthy lifestyle
and weight management practices. A secondary metric was
calculated to capture thetotal time aparticipant spent in weekly
Web-based classes.

Coach-Participant Conversations

The total number of coach-participant conversations was
calculated by counting al electronic messages including
coach-initiated  conversations, coach  responses to
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participant-initiated conversations, and coach feedback on food
or exercise logs. The tota number of coach-participant
conversation days was calculated by including all days when
an expert coach sent at least 1 electronic message. The average
conversation length per week was calculated by counting the
average of total length of all el ectronic messages (in characters)
sent in aweek.

To evaluate the impact of food log feedback on weight loss
outcome, we calculated severa measures to capture
coach-initiated electronic feedback messages that include
evaluation and guidance in response to participants' food logs.
Total number of food log feedback countsall food log feedback
provided by coach, which are defined as an expert coach
comment written directly on a participant’sindividual food log
or weekly diary of food log entries entered through digital tools
provided. The total number of food log feedback days was
calculated by counting all dayswith at least 1 food log—elated
feedback from the expert coach. The average food |og feedback
length per week was measured by averaging the total length of
all feedback messages (in characters) provided in a week.
Similar to food log feedback, 3 measures for exercise log
feedback were also calculated.

Finally, 3 measures were defined to measure participant
engagement with coach. Similar to expert coach—initiated
electronic message measures, the total number of
participant-initiated electronic messages, the total number of
participant-initiated electronic message days, and the average
participant-initiated electronic message lengths per week were
calculated.

Statistical Analysis

All measures associated with coach-participant interactions
involving expert coaching sessions, weekly Web-based classes,
and electronic messaging and feedback were included in a
multiple regression analysis to predict weight loss during the
6-month intervention. The least informative covariates were
successively removed from the model in a stepwise elimination
procedure based on the Akaike information criterion [25]. The
regression model included only the main effects; interactions
were beyond the scope of this analysis. In addition, this study
focused on analyzing 3 datigtically significant (P<.001)
coaching interactions that were determined to be significant
predictorsin aweight loss model.

Dataanayseswere performed using R version 3.2.3[26], which
included dplyr 0.4.3, ggplot2 2.1.0, data.table 1.9.6, and leaps
2.9 packages. We also conducted t tests of equal variance on
continuous variables at baseline and subsequent time pointsfor
2 group comparisons. One-way analysis of variance (ANOVA)
was utilized to determine mean differences for greater than 2
group comparisons. Subsequent Tukey tests were conducted to
determine mean differences. Chi-square analyses were
performed to determine differences among categorical variables
when appropriate. For intent-to-treat (ITT) analyses, we used
alast observation carried forward imputation approach. Alpha
was set at .05 for al statistical tests to determine statistical
significance.
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Results

The reported results are based on the retrospective analysis
evaluating the effect of various coach-participant interactions
during the Retrofit 6-month weight loss intervention using both
the ITT (N=1432) and the completer (n=1045 participants)
populations. First, a detalled analysis on different
coach-participant interaction measuresis provided to understand
both coach and participant behavior over a6-month weight loss
intervention. Second, a multiple regression model is presented
to capture interaction measures that significantly impact
participant outcome at 6 months, and finally, an in-depth
analysisis provided for the top 3 significant measures.

Baseline Characteristics

Table 1 showsthe demographic details at baseline for both ITT
and completer populations. Although not clinically meaningful,
the compl eters had higher average age compared with the overall
population (45.73 vs 44.39, P=.001). Although there are
differences in starting weight between completer and
noncompleter groups, there are no differencesin BMI at basdline
between both populations. Furthermore, there are no differences
in the male and femae distribution among the ITT and
completer groups (females: 61% vs 63%, P=.33).

Weight Change at 6 Months

For ITT population, the average weight loss at 6 months was
5.14% (SE 0.12), and 44% of the participants lost 5% or more

Table 1. Baseline demographics and outcome at 6 months.

Painter et al

of their baseline weight (see Table 2). For completers, the
averageweight loss at 6 monthswas 6.15% (SE 0.17), and 54%
of the participantslost 5% or more of their baseline weight. For
both ITT and completers, there were no significant differences
between males and females in terms of weight loss percentage
or the percentage losing 5% or more weight at 6 months.

Under standing Coach-Participant Interaction

The detailed quantitative analysis of the interaction between
expert coach and participant is presented in Table 3. In general,
completers had more interaction with coaches than the ITT
population. The higher percentage of attendance or higher
amount of interaction of the completers could be due to length
of time actively participating in the weight loss program. Note
that the average time in program for the noncompleters was
about 3 months (mean 92.45 days, SE 2.20). In our analysis of
the participant behavior below, we will focus on the ITT
population.

Participants attended 75% of the one-on-one expert coaching
sessions. Females attended higher percentage of coaching
sessions than males (78.37% vs 70.72%, P<.001). Participants
attended about 41% of the weekly Web-based classes. Thereis
a gender difference observed in weekly Web-based class
attendance as femal es attended significantly higher percentage
of classes than males (51% vs 32%, P<.001). Consequently,
females spent significantly higher amount of total time (638
min vs 405 min, P<.001) in classes learning about exercise,
nutrition, and mind-set behaviors.

Baseline demographics Intent to treat (N=1432),  Completers (n=1045"), Noncompleters (n=387°), P value®
mean (SD) mean (SD) mean (SD)

Age, years 4439 (10.31) 45.73 (10.10) 40.79 (10.00) <001

Starting weight, kg 104.76 (22.46) 103.95 (22.03) 106.94 (23.45) 03

Starting body mass index, kg/m2 35.88 (6.56) 35.82 (6.46) 36.03 (6.81) .62

8869 female, 563 male.
P655 female, 390 male,
€214 female, 173 male.
dCompl eter vs noncompl eter.
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Table 2. Weight loss outcomes at 6 months.

Population Intent to treat Completers
n (%) Weight losspercentage, Lost 5% or moreof n (%) Weight loss percentage, L ost 5% or more of
mean (SE) baseline weight, mean (SE) baseline weight,
mean (SE) mean (SE)

Overall 1432 (100.00)  5.14(0.14) 44(0.01) 1045 (100.00)  6.15(0.17) 54 (0.02)
Gender

Femae 869 (60.68) 5.19%(0.14) 44° (0.02) 655 (62.68) 6.00° (0.17) 529 (0.02)

Male 563 (39.32) 5.062(0.14) 43° (0.01) 390 (37.32) 6.40° (0.18) 559 (0.03)

For I TT, the weight loss difference between female and male is not significant (P=.66).

BFor ITT, the difference between percentage of female and male losing 5% is not significant (P=.73).

For completers, the weight loss difference between female and male is not significant (P=.27).

dFor completers, the difference between percentage of female and male losing 5% is not significant (P=.38).

Table 3. Coach-participant interaction measures at 6 months.

Interactions Intent to treat (N=1432), mean (SE) Completers (n=1045), mean (SE)

Expert coaching sessions
Percentage of coaching sessions attended 75.36 (0.72) 85.99 (0.61)
Total time spent in coaching sessions, min 188.34 (1.61) 211.32(1.41)
Live weekly expert-led interactive Web-based classes
Percentage of class attended 40.74 (0.83) 52.92 (0.92)
Total time spent in class, min 546.70 (10.52) 663.31 (11.81)

Coach-participant conver sations

Number of coach messages 158.91 (2.36) 180.00 (2.82)
Number of coach message days 75.16 (0.65) 82.36 (0.65)
Coach message length/week, characters 1458.34 (13.79) 1434.34 (20.94)
Number of food log feedback 74.91 (1.82) 89.27 (2.26)
Number of food log feedback days 31.89 (0.50) 37.01 (0.56)
Food log feedback length/week 409.29 (6.69) 410.05 (7.56)
Number of exercise log feedback 16.69 (0.32) 19.21 (0.38)
Number of exercise log feedback days 12.89 (0.23) 14.6 (0.26)
Exercise log feedback length/week 187.56 (3.89) 180.42 (4.22)
Number of participant messages 48.89 (1.27) 58.54 (1.60)
Number of participant message days 29.02 (0.64) 34.67 (0.77)
Participant message length/week, characters 399.29 (9.71) 433.12 (12.37)
hittp://www.jmir.org/2018/3/e92/ JMed Internet Res 2018 | vol. 20 |iss. 3| €92 | p. 5
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Table4. Multipleregression modelsidentifying predictors of weight lossat 6 months. Multipleregression model summary: R2=.158; adjusted R2=.152,

P<.001.

Models Coefficients
B(SE) t (degrees of freedom=997) P value

Percentage of coaching sessions attendance -1.05(0.21) -4.90 <.001
Percentage of weekly class attendance -.76 (0.21) -3.66 <.001
Number of food log feedback days -.92 (0.26) -3.50 <.001
Total number of coach message days .89(0.31) 2.83 .005
Coach message length per week .54 (0.17) 314 .002
Number of participant messages .95 (0.56) 1.68 .09
Number of participant message days -1.56 (0.60) -2.59 .01

Furthermore, coach-participant conversations were reviewed
to assess the amount of interactions over the 6-month program.
On an average, an expert coach reached out to his or her
participant with responses, food/exercise log feedback, or
general weight management guidelines approximately 75 days
within the 6-month program (about 3 timesaweek). In general,
partici pantswho were more engaged in the program by initiating
more conversations or logged more food/exerciselogs received
higher amount of communication from coaches. In addition,
females received higher number of coach messages than males
(170.24 vs 141.42, P<.001).

Asreported in Table 3, amost half of the coach conversations
werefood log feedback (74.91 out of 158.91 messages). Females
received significantly higher number of food log feedback than
males (81.96 vs 64.04, P<.001). As females logged a higher
number of food logs capturing their daily food intakes, coaches
provided a higher amount of feedback. Participants either
initiated conversation or responded to coach messages at |east
once a week (33.28 days) on average. Females sent higher
number of messages than males (56.41 vs 37.28, P<.001 ).

Multiple Regression Modéel for Coach-Participant
I nteractions

A multiple regression model was built to predict weight change
at 6 months by including al interaction measures related to
coaching sessions, weekly Web-based classes, and
coach-participant conversations. In the backward stepwise
elimination multiple regression anaysis, the final model

(RP=.158, P<.001) included 7 coach-participant interaction
measures, in which 6 of the measures were identified as
statistically significant predictors: percentage of coaching
sessions completed (=-1.05, SE 0.21, P<.001), percentage of
class attended (B=-.76, SE 0.21, P<.001), number of food log
feedback days (=-.92, SE 0.26, P<.001), total number of coach

http://www.jmir.org/2018/3/e92/

message days (3=.89, SE 0.31, P=.005), coach message length
per week (3=.54, SE 0.17, P=.002), and humber of participant
message days (=—-1.56, SE 0.60, P=.01). The best regression
model containing 7 coach-participant interaction measures is
reported in Table 4.

Significant Weight L ossPredictors: In-Depth Analysis

This section focuses on analyzing 3 of the predictors from the
final regresson model in Table 4, which have P<.001:
percentage of coaching sessions completed, percentage of
weekly classes completed, and number of food log feedback
days. These analyses focus on quantifying different levels of
coaching interaction and corresponding weight loss at 6 months
to characterize the association with outcome. In addition,
average coaching interactions were calculated for participants
with different levels of weight loss at 6 months: lost >10%
(264/1432, 18.44%), lost 5% to 10% (366/1432, 25.56%), and
lost <5% (802/1432, 56.01%).

Expert Coaching Sessions

On the basis of the percentage of coaching session attendance
datafrom the 6-month program, ahigher percentage of coaching
session attendanceis significantly associated with ahigher level
of weight loss at 6 months. As shown in Figure 1, clinically
significant weight loss (5%) was associated with at least 80%
of coaching session attendance. Theresults of one-way ANOVA
showed a significant difference of mean weight loss between
different weigh-in levels (P<.001). A subsequent Tukey test
confirmed the significant differences among the 80% to 90%
and =90% attendance levels with the lower 2 levels (P<.001).
Similar ANOVA tests were performed on male and femae
participants separately, and a significant difference in mean
weight loss between different attendance levelswasfound (male:
P<.001; female: P<.001).
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Figure 1. Weight loss outcomes for different levels of coach-participant interaction.

-10=

-8 -

Weight loss (%)
-

P

" 0
=70% T0%=79%

: - -
0- _ -

Gender

. Overall
. Female
. Male

' '
B0%-89% 2 80%

Session attendance (%)

=]

Weight loss (%)
S

[

<20% 20%-39%

.a- ---
OH-

40%-59%

Gender

60%-78% = 80%

Class attendance (%)

Weight loss (%)

8-
5=
4 -
0-
41..0

W
1.0-1.9

Gender

!
220

Food log feedback days per week

Further analysis of coaching session attendance of participants
with different levels of weight loss showed that a higher
coaching session attendance was significantly associated with
groupswith higher levels of weight loss. Figure 2 showsaclear
difference in coaching session attendance between loss <5%
group and other 2 groups (P<.001). Both male and female
participants separately showed a similar significant difference
in coaching session attendance.

Live Weekly Expert-Led I nteractive Web-Based Classes

Asreported in Figure 1, the association between the percentage
of weekly Web-based class attendance and weight loss at 6
monthsislinear where higher level of weight lossissignificantly
associated with higher percentage of classattendance. Clinically
significant weight loss is associated with at least 60% of class
attendance for overall and both male and females separately.
One way ANOVA and a subsequent Tukey test confirmed
significant mean differences in weight loss among 60% to 80%
and =80% groups with the remaining levels of class attendance
(P<.001). The analysis of percentage of class attendance of

http://www.jmir.org/2018/3/e92/
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participants with different levels of weight loss showed that a
higher class attendance was significantly associated with groups
with higher levels of weight loss. Male and femal e participants
separately showed similar significant differences in mean
percentage of class attendance between different outcomelevels
(male: P<.001; female: P<.001).

Food Log Feedback Days

A higher number of food log feedback days per week is
significantly associated with higher level of weight loss at 6
months. One way ANOVA test showed a significant mean
difference in weight loss between difference in food log
feedback levels (P<.001). A subsequent Tukey test confirmed
significant mean differences between al levels of food log
feedback days. Further analysis of food log feedback days of
participants with different levels of weight loss showed that
higher counts of food log feedback days were significantly
associated with groups with higher levels of weight loss
(P<.001).
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Figure 2. Interaction levels of participants with different levels of outcome.
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Discussion

Principal Findings

The results provide strong support for expert coachesin weight
management programs. Participants had greater weight loss
with a higher attendance of expert coaching sessions and live
weekly expert-led interactive Web-based classes, as well as
higher engagement with an expert coach through food log
feedback. Completers also had greater interaction and attendance
than ITT. Inamultipleregression analysis, 6 of the 7 interaction
measures were identified as statistically significant predictors
of weight loss. In addition, an in-depth analysis of the top 3
significant predictors quantified theimpact of coaching sessions
completed, weekly Web-based class attendance, and days of
receiving food log feedback on varying levels of weight loss.
Overall, expert coaches were found to have a high impact on
weight management.

Expert coaches provide guidance and accountability to increase
participant engagement and weight loss success, which is
supported by previous studies, including website, email, and/or
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calls for coaching [7-9,27]. However, the participant must be
actively engaged in the program to receive benefit of the
interactions. Quantifying the minimum and maximum level of
engagement for significant weight loss can drive best practices
for weight management expert coaches.

Although consistent self-monitoring is shown to have a
predictive value for weight loss, the challenge is maintaining
consistency among participants[20]. Findings support previous
studies that personalized feedback and communication from
expert coaches can produce greater engagement in
self-monitoring activities when compared with tech-based
interventions for self-monitoring without expert feedback
[23,28,29]. We found that expert coaching sessions, live weekly
expert-led classes, and food |og feedback specifically increased
interaction and have predictive weight loss values. On the basis
of these results, it may be important to promote these
coach-participant interactions together in an intervention or
weight loss program.
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Significant Predictors of Weight L oss

Expert Coaching Session Attendance

The percentage of coaching sessions completed was identified
as a significant predictor of weight loss (P<.001). Attending
80% of the offered coaching sessions is associated with
clinically significant weight loss of 5% or more. Others have
shown that weekly to monthly coaching sessions are linked with
5% to 10% weight loss, improved adherence to health strategies,
and decreased risk factors over a 6- to 12-month intervention
[14-17]. Overall, female participants attended more coaching
sessions than male participants, yet no significant difference
was found in weight loss outcomes. Similar observations were
reported in prior studies where male participants did not utilize
expert coaches as frequently as female participants [12,13,15].

Live Weekly Expert-Led I nteractive Web-based Classes

The percentage of weekly Web-based classes completed was
identified as a significant predictor of weight loss (P<.001).
Clinically significant weight loss of 5% is associated with at
least 60% class attendance overall and between mae and
females separately. However, class attendance above 60% was
associated with greater weight loss among all groups. Higher
class attendance was linked to participants achieving 5% to 10%
and >10% weight loss, yet male and female differed in class
percentage attendance associated with levels of outcome. Males
had a significantly lower attendance rate than females, which
ishistorically common in weight loss interventions [12,13,15].

Food Log Feedback Days

The number of food |og feedback days per week wasidentified
as asignificant predictor of weight loss (P<.001). Participants
receiving food log feedback 1 to 2 days per week and =2 days
per week were associated with clinically significant weight loss
of 5% or greater. Additionally, participants in the 5% to 10%
and >10% weight loss levels received more food log feedback
daysthan thosein the <5% weight losslevel regardless of group.
Food log feedback is directly dependent upon the participant’s
engagement in providing food logs for an expert coach to
review. Females received a greater amount of feedback due to
logging a higher number of food logs than males, which has
been reported in earlier studies [20]. However, this finding is
linked to the understanding that personalized feedback increases
engagement and weight loss outcomes [22-24].

Strengths and Limitations

This study has several strengths, including the reporting of
real-world weight loss outcomes and a focused analysis into
expert coaches role in a weight management program to
determine which coach-participant interactions have asignificant
impact on participant success. Participants were existing
participants of Retrofit and not recruited or incentivized to
participate in the study. All participants who met the starting
BMI, age, and weight criteria and provided at least 1 weight
measurement beyond baseline were included as participants.
No participant was removed from the population because of
lack of successon the program, which isan uncommon research
practice in the weight management field [30]. This study
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provides further insight on best practices of expert coachesin
weight management interventions and programs. In addition,
with the high population of male participants, gender
comparisons were reported to create a greater understanding of
interaction between male participants and coaches.

The study has limitations, which include the retrospective
analysis study design that does not provide any causal inferences
based on the critical observations. Coach-participant interaction
was measured from a quantitative point of view. Also, the use
of areal-world population does not reveal whether a participant
was actively using any other weight management program
outside of the Retrofit program components.

Future Research

Retrofit encourages all commercial weight loss programs to
publish real-world research to enhance the understanding of
coach-participant interactions in weight loss programs.
Reporting real-world data in relation to expert coaches allows
commercial weight loss program to structure protocols for
participant engagement and adherence to weight loss strategies.
By fine-tuning interactions and by understanding how expert
coaches are most effective, commercial weight loss programs
will increase capability in overcoming the obesity crisis.

Recommended future research includes an analysis of specific
strategies used by expert coaches and their impact on weight
loss outcomes, aswell asaqualitative analysis of theinteractions
between a coach and a participant, which may provide more
insight into an expert coach’s impact on participants. With the
continued observation in this study and previous studies that
mal e participants are less engaged than females, an analysis of
strategies to increase male engagement and to understand
whether increased engagement improves mae weight loss
outcomes is recommended. Additionally, further research is
needed to analyze coaching impact on participants
self-monitoring behaviors to determine association between
coach-participant interaction and the level of self-monitoring
behaviors. Finaly, expert coaches impact beyond an initial
6-month intervention and the impact of each predictor of weight
loss on wel ght mai ntenance would be aval uable future research
study.

Conclusions

In conclusion, participants on the Retrofit weight loss program
lost on average 5.14% (SE 0.14), and participants who
completed the program lost on average 6.15% (SE 0.17) in 6
months. Over half of completers (54%) and 44% of all
participants lost 5% or more of their baseline weight.
Coach-participant interactions that include one-on-one expert
coaching session attendance, live weekly expert-led interactive
Web-based class attendance, and food log feedback days per
week were shown to be significant predictors of weight change
at 6 months. Specifically, attending 80% or more of offered
expert coaching sessions, attending 60% or more of offered
weekly Web-based classes, and receiving food log feedback
one or more days per week from an expert coach increased
participants’ weight loss success.
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