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Abstract

Background: Older adults frequently participate in behavior change studies, yet it is not
clear how to quantify a potential relationship between their perception of the intervention
and its efficacy.

Objective: We assessed the relationship between participant sentiment toward the inter-
vention from follow-up interviews with physical activity and questionnaires for the per-
ception of health.

Methods: Sentiment was calculated using the transcripts of exit interviews through a bag
of words approach defined as the sum of positive and negative words in 28 older adults
with obesity (body mass index >30kg/m?).

Results: Mean age was 73 years (82% female), and 54% lost 5% weight loss. Through lin-
ear regression we describe a significant association between positive sentiment about the
intervention and weight loss; positive sentiment on technology and change in PROMIS-10
physical health and reduced physical activity time, while controlling for sex and age.
Conclusion: This analysis demonstrates that sentiment analysis and natural language pro-
cessing in program review identified an association between perception and topics with
clinical outcomes.

Keywords: older adults, mHealth, sentiment analysis, obesity, weight loss, natural
language processing

INTRODUCTION

The United States has increased rates of obesity
(@ body mass index (BMI) =30 kg/m2) even in
older adults that exceed 40% in 2016 (Hales,
Carroll, Fryar, & Ogden, 2017). While obesity is
associated with medical comorbidities, in older
adults aged >65 vyears, it is associated with an
increased risk of functional limitations (Jensen,
2005). Hence, weight management interventions
consisting of combined dietary and exercise
interventions are critical for overall wellness in
improving physical function in this population
(Batsis et al., 2017). Not all older adults with obe-
sity are fully engaged in such programs. Higher
levels of engagement are known to be associ-

ated with greater weight loss (Johnson & Wardle,
2011; LaRose, Fava, Lanoye, & Caccavale, 2019)
despite barriers that need to be surmounted such
as cost, confidence in technology use, trans-
portation, and access to the internet (Liljas et al.,
2017). A poorly explored barrier to engagement
is the degree a participant actually likes or enjoys
the intervention. While studies often provide
qualitative evidence of a participant’s emotions
or perception of the intervention, it may be dif-
ficult to systematically assess repeatedly.

Mobile health (mHealth) is a rapidly developing
field for engaging older adults in managing their
health through electronic devices or monitoring
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Table 1. Participant characteristics (n=28)

Age, years 72.93 (5.3)
Female sex 23 (82.1%)
Weight change, kg -4.6 (3.2)
Reduction 5%

Negligible weight loss or gain 13 (46.4%)
5% reduction in weight 15 (53.6%)

Mean daily physical activity

Steps 5661.7 (2757.0)
Distance (miles) 2.9(1.6)
Active (minutes) 205.0 (83.3)
Change in PROMIS

Physical health t score 4.43 (4.95)
Mental health t score 5.00 (5.66)
Change in PAM 14.9 (13.1)

Values represented as means (standard deviations) or counts (%)
Patient activation measure (PAM), Patient-Reported Outcomes
Measurement Information System (PROMIS)

systems (Changizi & Kaveh, 2017). While older
adults are interested and willing to use mHealth
modalities for health- promotion (Batsis et al.,
2019), the amount of technical support they re-
ceive, such as live training or 1:1 support, may
impact their success (Kampmeijer, Pavlova, Tam-
bor, Golinowska, & Groot, 2016). Incorporating
mHealth in weight loss programs can be benefi-
cial; in studies of older adults, physical activity
increased when self-management instructions
were sent through smartphone devices (Batsis et
al., 2020; Knight, Stuckey, & Petrella, 2014). To
monitor physical activity, activity trackers such
as Fitbit have become ubiquitous, demonstrating
feasibility and acceptability when used with old-
er adults participating in weight loss programs
(Batsis et al., 2016).

To our knowledge, there are no studies that have
quantified the features of exit interviews. Two
methods that can quantify participants’ percep-
tions and attitudes toward study interventions are
natural language processing (NLP) and sentiment
analysis, both of which use probabilistic models
and word dictionaries to identify patterns with-
in the written text. NLP and sentiment analysis
can examine patient perceptions of treatments
through social media posts (Gohil, Vuik, & Darzi,
2018) and investor perceptions of earning calls
(Amenity Analytics, 2019). Through developed
analytic pipelines and workflows NLP and senti-
ment analysis may potentially assist researchers
and health professionals assess program imple-
mentation. The purpose of this study was to use
NLP and sentiment analysis retrospectively for
hypothesis generation as to how older adults
perceive a mHealth-based weight loss interven-
tion, and whether their perception was associ-
ated with a change in weight, physical activity,

and questionnaires for the perception of health
and use of the intervention.

METHODS

Design and setting

Twenty-eight participants completed a 12-week
behavioral weight-loss intervention consisting of
regular dietary counseling and exercise classes.
Eligibility criteria included age 265 years and a
BMI >30kg/m2. Physical activity was monitored
using a commercial, wearable fitness device (Fit-
bit Flex 2). Participants were recruited from a ru-
ral geriatric clinic at an academic medical center
in rural New England. Details on the recruitment
methods and study protocol have been previous-
ly reported (Batsis et al., 2020). All participants
provided written informed consent to participate.
The study was approved by the Committee for
the Protection of Human Subjects at Dartmouth
College and the Dartmouth-Hitchcock Institu-
tional Review Board and was registered on clini-
caltrials.gov (NCT03104192).

Study variables

Demographic and comorbidities were abstract-
ed from the medical record by a member of the
study team. All participants completed question-
naires using RedCAP (Harris et al., 2009) and ob-
jective measures at baseline and at the conclu-
sion of the study. The Patient Activation Measure
(PAM) was administered, comprised of 22 items,
resulting in a 0-100 numerical measure of a pa-
tient's perceived ability to self-manage their care
with 0 being no ability and 100 being full ability
(Hibbard, Stockard, Mahoney, & Tusler, 2004).
Participants also completed the 10-item Patient-
Reported Outcomes Measurement Informa-
tion System (PROMIS) Global Scale Short Form.
Mental and physical health subscale scores were
assessed (Cella et al.,, 2007) and standardized
to a T-score with a mean of 50 with a 10-point
standard deviation. Higher scores indicate great-
er health or function. Weight (kg) was assessed
using an A&D digital scale, and height (m) was
measured with a stadiometer by a trained re-
search assistant. All study variables were stored
in RedCap (Harris et al., 2009).

Wearable device

Participants wore a Fitbit Flex 2 tracker which
recorded two physical activity metrics: (1) the
number of daily steps; and (2) daily minutes spent
“Lightly Active”, “Fairly Active”, and “Very Active”.
These activity levels are determined and defined
by proprietary algorithms from Fitbit using meta-
bolic equivalents (METs) based on heart rate. To-
tal active time was calculated as the sum time of
all three Fitbit-defined activity levels. Daily total
steps were recorded on the Fitbit device and ex-
ported weekly by study staff. Daily non-wear time
was defined as having fewer than 100 steps per
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Relative Interview Progression

Figure 1. Sentiment of each statement over the
course of each interview (Each line represents an
individual participant interview with negative val-
ues corresponding to negative sentiment and ﬁosi-
tive values positive sentiment. Horizontal value is
number of sentences within an interview. Here we
demonstrate that we are able to measure the chang-
ing sentiment over the course of an interview.)

day. Compliance was defined as the percentage
of days worn during their enrolled timeframe. At
the study's conclusion, we calculated the mean
active time and mean steps per day for all days
that the device was worn for each participant.

Sentiment analysis and natural language pro-
cessing

All interviews were conducted by the same
member of the research team, digitally record-
ed, and transcribed. De-identified interview
transcripts were separated by question and re-
sponse type (general feedback, dislikes of the
program, likes of the program, study personnel,
technology, and usefulness). The text was sepa-
rated by utterance per speaker after removing
the interviewer’s component. All stop words
were removed to develop the final document
corpus. Using the Bing sentiment lexicon (Hu &
Liu, 2004; Liu, 2016), we calculated positive and
negative sentiment through the bag-of-words
method that matches words to a dictionary. The
total sentiment was defined as the sum of posi-
tive and negative sentiments with positive senti-
ments having a +1 value and negative sentiments
having a -1 value. Thus, a higher numerical value
of sentiment can be interpreted as positive senti-
ment while a lower numerical value can be inter-
preted as more negative.

Statistical analysis

Descriptive statistics are used to mean and stand-
ard deviation for continuous values and frequen-
cy of categorical data. Differences in pre/post-
PAM and PROMIS-10 scores and weight were
calculated and used for analyses. Univariate and
multivariate linear regression models were used
to test the relationship between the sentiment of
each question group (independent outcomes),

while independent variables of interest were
mean daily steps, mean daily time active, and
change in weight (kg), PAM, and PROMIS-10.
Multivariate linear models controlled for age and
sex. All analyses were conducted using R ver-
sion 3.6.0 (R Core Team, 2019); significance was
defined as a<0.05.

ResuLts

Study population characteristics

The study cohort consisted of 28 individuals
(82% female) with a mean age of 73+3 vyears;
all were white. Mean compliance with wear-
ing the Fitbit per day was 94%. At baseline, the
mean BMI was 36.6+5.7 kg/m2 and weight was
97.2+17.2 kg with 15 (54%) experiencing a 5%
reduction in weight over the course of the study
period (Table 1). A full description of cohort de-
mographics and change in body metrics have
been previously published (Batsis et al., 2020). A
total of 28 interviews were conducted with an
average length of 30.5 min.

Interviews

Participants noted an average of 1,817+809
words; a mean of 79.1% represented the most
commonly used words (“the”, “a”, or “and”),
which are considered non-informative and thus
removed. Within the interviews, an average of
67+20 statements were made — statements are
continuous comments or opinions made without
the interviewer making a statement. Per the in-
terview, the average sentiment was more positive
(32.0£11.6) than negative (22.7+12.3). This rela-
tionship was also true at the statement level with
each statement being more positive (0.7+1.0)
than negative (0.5+0.9) with the majority of the
statement being neutral (6.3+6.3). The sentiment
was variable over the course of the interview and
generally became more neutral (Figures 1&2).

Models

In unadjusted models, non-significant asso-
ciations were observed between the sentiment
of feedback on technology, and the pre-post
change in PROMIS physical health, average
daily steps, and average daily activity. After ad-
justing for age and sex, statistically significant
associations between the sentiment of feed-
back on technology and the pre-post change
in PROMIS physical health (B = -0.22, 95%Cl =
[-0.42, -0.01], p = 0.039) were found. There was
no association between sentiment and change in
PAM score or average daily steps. In independ-
ent models, there was a statistically significant
association between the sentiment of feedback
on technology and average daily activity (B =

-0.013, 95%Cl = [-0.02, -0.002], p = 0.04) and

the sentiment of feedback regarding positive as-
pects of the intervention and weight change (8
=-0.31, 95%Cl = [-0.60, -0.01], p = 0.04), when
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Figure 2. Proportion of each interview comprised
by each topic by those achieving or not achieving
at least a 5% reduction in weight

adjusting for age and sex (Table 2).

DiscussioN

We used a novel method, sentiment analysis, to
evaluate participant perceptions of an older adult,
technology-based weight-loss trial. In post-study
interviews, we observed the sentiment of technol-
ogy use increased with decreasing physical activ-
ity and decreasing change in physical PROMIS
score. Further, we observed that the sentiment of
the positive aspects of the intervention increased
with a higher degree of weight loss.

Our findings demonstrate that NLP and senti-
ment analyses may have utility for evaluating
mHealth interventions. Traditionally, qualitative
analyses are important and critical parts of eval-
uating the feasibility, acceptability, and partici-
pant satisfaction of interventions (Ayala & Elder,
2011). However, there are unique challenges and
limitations of performing qualitative analysis: (1)
the interpretation of data could be influenced
by preconceptions of the researchers (Malterud,
2001); (2) the generalizability of results to the
general population may be limited (Malterud,
2001); (3) these methods cannot be deployed
on a large scale without specialized training and
oversight; and (4) a desire to please the investiga-
tor that may appear as an overall bias towards a
positive sentiment. By using a quantitative meth-
od of sentiment analysis to evaluate questions
typically answered through qualitative methods,
we are able to overcome these limitations.

Though not specifically examined, the quantifi-
cation of interviews may benefit from augmenta-

tion with qualitative methods. The use of quan-
titative NLP methods can assist in hypothesis
generation or identification of perceptions that
may not have been found otherwise. For in-
stance, using traditional qualitative approaches,
we would not have demonstrated an association
between weight loss and increasing sentiment
when asked about elements participants liked
about the program. Such inferences make intui-
tive sense — individuals who lose more weight
may more positively reflect on things they ap-
preciated and enjoyed about a study interven-
tion. Such quantification enables researchers to
assess the magnitude and direction of the asso-
ciation with other behaviors or factors. Quantita-
tive analysis allows for large sets of interviews
to be examined with relative ease compared to
qualitative analysis.

We decided to use an open-source library for our
sentiment analysis; this increases reproducibility
by allowing others to use the same methodology
(Liu, 2016). This lexicon measured the sentiment
of an interview and allowed us to compute sum-
mary statistics for different components of the
intervention and study. The more positive sen-
timent toward technology was associated with
both decreasing PROMIS-10 score and decreas-
ing active time. Though the effects are small this
may indicate that those that positively viewed
the technology were less active and perceived
their physical health as being poorer. This is
separate from the association between the posi-
tive sentiment of the program more broadly and
an increase in weight loss. This indicates that
enthusiasm for technology may be needed for
weight loss in older adults but also indicates a
transfer of responsibility for the outcome away
from themselves and to the technology — that is
if they do not lose weight, it would be the fault
of the technology.

Given the association between weight loss and
positive sentiment, our findings highlight that pa-
tient perception differs with the degree of weight
loss. Additional research should be conducted
on using methods for the prediction of outcomes
of interest. Specifically examining the relation-
ship between quantified features of pre-inter-
vention interviews and outcomes like physical
activity or blood pressure could help predict the
efficacy of the mHealth or behavior-based inter-
vention. This would be an important and useful
tool to identify those who may have the greatest
impact on their health.

This study has notable limitations. First, the study
cohort was relatively homogeneous in a rural
part of the country and may not be representa-
tive of the population. Second, we attempted to
mitigate the potential bias in self-report ques-
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Table 2. Unadjusted and adjusted associations between the positive-negative sentiment of each

interview component and each intervention measure

in each interview, such risk is

Outcome Measure Unadjusted Adjusted* likely minimal. Fi.nally, gjver)
B (95%CI) pvalue B (95%Cl) pvalie  the small sample size of this pi-
General Active -0.02(-0.050.02) 037 -001(005003 o058 lotstudy, additional adequately
Feedback Weight change  0.50 (-0.43-1.43) 0.28  0.58(-0.37-1.53)  0.22 powered studies are needed
rottam | Weighchange 014001053 068 005076039 o9 'O validate that the approach
program eight change  -0.14 (-0.81-0. . -0.09 (-0.76-0. . :
Likes of the %\ctive : 0.01(-0.01-0.02)  0.42 0.01 (0-0.03) 0.16 that.we have demonstrated 1S
program Weight change  -0.34 (-0.63-0.04)  0.03  -0.31(-0.6-0.01)  0.04 feasible. We caution our read-
Study Active 20,01 (-0.02:0.01) _ 0.53 0 (-0.02-0.02) 086 ers that while we present trends
Personnel Weight change  -0.11 (-0.57-0.35)  0.64  -0.07 (-0.53-0.38)  0.75 and statistical testing, we are
Technology Active -0.01 (-0.02-0) 0.16  -0.01 (-0.02-0) 0.04 likely undgrpowereql, and esti-
Weight change  0.01(-03-0.32) 095  -0.01(0.33-032) 097  mates, while potentially of use
Usefulness Active -0.01 (-0.02-0.01) 0.40 0 (-0.02-0.01) 0.66 to power future trials, should
Weight change  0.13 (0.19-045) 041 0.13(0.21-046) 044 be interpreted with caution.

*Adjusted for sex and age

tionnaires by using previously validated ques-
tionnaire tools. Third, given that the Fitbit Flex 2
tracker is not a research-grade device, our physi-
cal activity measures may not be accurate and
leading to increased variation within the models
(Feehan et al., 2018). Fourth, interview bias was
minimized using a single trained interviewer fol-
lowing a script. Fifth, we recognize the potential
of social desirability bias yet due to the quan-
tified range of negative and positive statements

CONCLUSIONS

These results demonstrate that the use of NLP
and sentiment analysis can be used in assessing
the implementation of an intervention. These
methods demonstrate an association between
weight loss and positive sentiment of the pro-
gram and those who lost a clinically significant
amount of weight discussed different topics than
those that did not lose weight.
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