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Abstract

Background: Digital smartphone messaging can be used to promote physical activity to large populations with limited cost. It
is not clear which psychological constructs should be targeted by digital messages to promote physical activity. This gap presents
a challenge for developing optimal content for digital messaging interventions.

Objective: The aim of this study is to compare affectively framed and social cognitively framed messages on subsequent changes
in physical activity using dynamical modeling techniques.

Methods: We conducted a secondary analysis of data collected from a digital messaging intervention in insufficiently active
young adults (18-29 years) recruited between April 2019 and July 2020 who wore a Fitbit smartwatch for 6 months. Participants
received 0 to 6 messages at random per day across the intervention period. Messages were drawn from 3 content libraries:
affectively framed, social cognitively framed, or inspirational quotes. Person-specific dynamical models were identified, and
model features of impulse response and cumulative step response were extracted for comparison. Two-way repeated-measures
ANOVAs evaluated the main effects and interaction of message type and day type on model features. This early-phase work with
novel dynamic features may have been underpowered to detect differences between message types so results were interpreted
descriptively.

Results: Messages (n=20,689) were paired with valid physical activity monitoring data from 45 participants for analysis.
Received messages were distributed as 40% affective (8299/20,689 messages), 39% social-cognitive (8187/20,689 messages),
and 20% inspirational quotes (4219/20,689 messages). There were no statistically significant main effects for message type when
evaluating the steady state of step responses. Participants demonstrated heterogeneity in intervention response: some had their
strongest responses to affectively framed messages, some had their strongest responses to social cognitively framed messages,
and some had their strongest responses to the inspirational quote messages.

Conclusions: No single type of digital message content universally promotes physical activity. Future work should evaluate
the effects of multiple message types so that content can be continuously tuned based on person-specific responses to each message
type.
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Introduction

Background
Approximately half of adults in the United States do not attain
recommended levels of health-enhancing aerobic physical
activity [1]. Given the widespread lack of physical activity in
the US population, innovative methods with high potential reach
are needed to improve public health. One inexpensive mode for
delivering physical activity interventions at scale involves digital
smartphone messaging. Determining which validated targets to
engage with different messages is a persistent challenge for
content development and intervention delivery. Comparing
person-specific behavioral responses to different types of
intervention content can inform both intervention and theory
development by extending target validation research from
group-level to person-level analyses. However, limited research
has compared the proximal effects of different message types
on physical activity behavior after message receipt. This study
compared the effects of different motivational message types
on physical activity behavior after message receipt.

Digital Messaging Interventions
Digital messaging interventions have the potential to reach large
portions of the young adult population because 97% of young
adults currently own a smartphone [2]. Smartphones are highly
accepted by participants in physical activity promotion research,
and intervention delivery via digital messages is a low-cost
method for instigating behavior change [3,4]. In a meta-analysis,
digital messaging interventions significantly increased
device-measured steps per day (d=0.38) [3]. This effect
exceeded the 90th percentile for physical activity interventions
according to recent benchmarks for digital intervention effects
on physical activity [5]. Despite the acceptability, feasibility,
and effectiveness of using digital messaging interventions, little
is known about the most effective types of messages for
increasing physical activity.

A scoping review of physical activity messaging interventions
proposed that messages should be framed positively and
highlight beneficial short-term outcomes related to social and
mental health, be tailored to the recipient, and use psychological
theory and social marketing principles [6]. This framework does
not specify which psychological theories should guide content
development or which behavior change techniques should be
incorporated. Many physical activity interventions are grounded
in social-cognitive theories, such as the Theory of Planned
Behavior and Health Action Process Approach [7]. These
theories posit that attitudes (ie, positive outcome expectations),
subjective norms, and perceptions of behavioral control are
precursors for intention formation and that planning processes
mediate the translation of intentions into physical activity
behavior [8,9]. Emerging work also suggests that linking
physical activity with desirable affective experiences can
activate affective processes that motivate physical activity
[10,11]. Consistent across these approaches is the idea that
persuasive messaging can be used to frame the benefits of
physical activity and influence decisions to be active.

Attitude Change Validated as a Target for Physical
Activity Promotion
Attitudes represent evaluative beliefs about an activity’s
consequences and can be either instrumental (focusing on social
or tangible costs or benefits) or affective (focused on positive
or negative affective experiences) [9]. Changing attitudes has
a medium-sized effect on intention strength and a small effect
on behavioral outcomes [12]. Comparisons of affective attitudes
and instrumental attitudes toward physical activity have revealed
that affective attitudes are more strongly associated with
physical activity intentions than instrumental attitudes [13].
Evaluated with more granularity, proximal within-person
affective attitudes have been shown to predict exercise
likelihood each day, more than distal affective attitudes or distal
instrumental attitudes [14]. Proximal and distal refer to temporal
proximity between the proposed cue or attitude and the
intentions for, or actioning of, the behavior of interest. These
findings suggest that affectively framed messages may be more
effective than instrumentally framed messages for strengthening
proximal physical activity intentions and subsequent behavior.

Three experimental studies have evaluated the effects of
affective or instrumental benefit messages on physical activity
behavior directly. Two studies favored affectively framed
messages and one study showed no difference between
affectively and instrumentally framed messages [15-17]. Each
of these studies focused on self-reported physical activity
outcomes 1 to 3 weeks after message delivery. The proximal
effects of affectively and instrumentally framed messages on
physical activity in the minutes and hours after message delivery
are not known and were the focus of this study. To identify the
dynamics between message receipt and response and understand
potential person-specific responses to message types, a
dynamical modeling approach is needed.

Addressing Treatment Heterogeneity With
Person-Specific Dynamic Modeling of Physical Activity
Device-based measures of physical activity can provide
minute-level data of movement throughout the day. Step counts
represent a valid measure of total physical activity volume
accumulated throughout the day that is associated with
cardiometabolic risk reduction, easy to measure, and widely
accessible in consumer devices [18]. Approximately 70% of
variability in physical activity occurs within people over time
so this study focused on proximal changes in a person’s physical
activity after message delivery [19-21].

Prior work from our group applied system identification methods
to develop dynamic models that described physical activity over
time and the proximal effects of digital messages on that
behavior [22-24]. Behavioral responses to digital messages
varied as a function of message content from weekends to
weekdays and from person to person. In that work, message
content was differentiated by the desired behavioral outcome
(eg, move more vs sit less). Messages in the move more and sit
less content libraries provided prompts or cues to form intentions
to increase physical activity and also systematically varied in
whether they were framed in terms of affective outcomes of
physical activity or a combination of instrumental outcomes of
physical activity and social-cognitive strategies for behavior
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change like goal setting, planning, identifying barriers, and
engaging social support. We supplemented messages targeting
instrumental outcomes with social-cognitive principles based
on prior evidence that affective attitudes are more strongly
associated with physical activity intentions than instrumental
attitudes [13,15]. For simplicity, these 2 message types are
described as affective and social-cognitive hereafter. This study
examined whether message framing impacts proximal changes
in physical activity.

This Study
This study was a secondary analysis of data collected from a
digital messaging intervention in insufficiently active young
adults (18-29 years) who wore a Fitbit for 6 months during their
waking hours and received 0 to 6 messages per day at random
times. Methods from control systems engineering were used to
identify person-specific models of physical activity and message
effects on subsequent physical activity. The details of this
methodology have been reported previously [22,23,25]. Briefly,
we generated person-specific dynamical models of physical
activity for each participant and analyzed the impulse response
and cumulative step response curves for each message type (ie,
affective, social-cognitive, and inspirational quotes). Model
coefficients were used to simulate impulse and cumulative step
responses to describe proximal behavior changes as a function
of message type (separately for weekdays and weekends). This
analysis was exploratory with the focus of identifying
intervention responses across message types and day types.
Person-specific modeling helps us better understand whether
one message type outperforms the others across the sample or
whether future work should consider personalizing message
types for optimal performance from each participant.

Methods

Participants
From April 2019 to January 2020, we recruited emerging and
young adults using fliers and web-based advertisements. Eligible
participants were 18 to 29 years of age, ambulatory, free of
functional activity limitations, free of visual impairment that
would interfere with smartphone use, had verbal and written
fluency in English, and were capable of giving informed consent.
Participants also needed to own a smartphone using the iOS
(version 10 or later) or Android (version 7 or later) operating
system. Participants were excluded if self-reported physical
activity levels were greater than 90 minutes of moderate- or
greater-intensity physical activity per week; if they were unable
to be physically active or had medical contraindications for
physical activity; or if they were pregnant (or planning to
become pregnant during the study period) or had a prior
diagnosis of cancer, cardiovascular disease, diabetes, or
metabolic disorder. Participants completed a telephone screening
with research staff followed by a 1-week ambulatory monitoring
period wearing an Actigraph wGT3X-BT activity monitor.
Participants were excluded if the device recorded the equivalent
of or more than 150 total minutes of moderate- or
greater-intensity physical activity with a minimum of 5 days
with at least 10 hours of monitor wear time during the 1-week
monitoring period. The measures, protocol, and data

preprocessing methods have been reported in detail elsewhere
[22]. This analysis only includes participants who finished all
data collection procedures before the onset of the COVID-19
pandemic.

Protocol and Measures Overview
At the first laboratory visit (day 1), participants completed
written informed consent for the screening run-in and received
an Actigraph wGT3X-BT activity monitor to wear on the waist
for the next week during waking hours. Participants were
provided a paper wear log to record times of wear and nonwear.
During the first laboratory visit, participants self-reported
demographic characteristics including age, ethnicity, race, sex,
educational attainment, employment status, and occupation.
Research staff measured height and weight in duplicate using
a wall-mounted stadiometer and a digital scale upon removal
of the participant’s shoes.

At the second laboratory visit (day 9), the researcher collected
the activity monitor and wear log, downloaded data, reviewed
nonwear classifications with the “Troiano 2007” algorithm in
the ActiLife version 6.13.4 software, and determined eligibility
with established cut points used to classify minutes as moderate
(1952-5724 counts per minute) and vigorous (>5724 counts per
minute) physical activity [26,27]. Eligible participants were
briefed on the intervention phase of the study, and written
informed consent was obtained for those who wished to enroll.
Research staff then assisted the participants with installing the
custom-designed study mobile app (Random AIM app) and
Fitbit mobile apps on their smartphone and provided the
participants with a Fitbit Versa/Versa Lite smartwatch. The
participants were instructed to wear the Fitbit on their
nondominant wrist to track step counts during the 6-month
intervention period. This device recorded minute-level step
counts and heart rate (in 5-minute moving averages). Participants
provided an availability window of at least 10 hours for
receiving messages on weekdays and weekends.

For the next 6 months, the Random AIM app delivered 0 to 6
messages/d as notifications via the operating system. The
number, timing, and content of messages were determined at
random each night with the constraints that no message could
be delivered within 15 minutes of the previous message or
outside the messaging window for that day. Messages were
drawn randomly from 3 content libraries: affectively framed
(54 messages), social cognitively framed (54 messages), and
inspirational quotes (27 messages). The affective and
social-cognitive libraries were both evenly split between
messages focused on moving more and sitting less. Affectively
framed messages additionally presented information about
emotional consequences of engaging in those behaviors.
Social-cognitively framed messages incorporated information
about health consequences of engaging in those behaviors and
included a prompt for goal setting, action planning, social
support, or problem solving. The third message library,
inspirational quotes, did not reference physical activity or
changing movement patterns and did not prompt the use of any
self-regulatory strategies aimed at promoting movement. See
Textbox 1 for message examples. Half of the messages in each
library were accompanied by an image corresponding to
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message content (ie, physical activities, standing activities, and
natural landscapes). Research staff contacted participants via
telephone or email anytime they observed 3 consecutive days

without Fitbit heart rate data (suggesting device nonwear) or 3
days without acknowledging Random AIM messages.

Participants completed a final laboratory visit (day 190) after
the 6-month intervention period to remove the study apps.

Textbox 1. Examples of message types.

Affective

• “No matter how slow you go, you are lapping everyone on the couch! Feel accomplished starting with just a few steps today”

• “Feeling down? Stand up and your mood will follow #SitLess”

Social-cognitive

• “Good news—every minute of exercise enhances health. Can't fit in 30 min today? Get what you can #MoveMore”

• “Need a cue to interrupt long periods of sitting? Try to stand every time you check your social media #SocialStanding”

Inspirational quotes

• “It always seems impossible until it’s done.” (Nelson Mandela)

• “Never let the fear of striking out keep you from playing the game.” (Babe Ruth)

Data Analysis

Preprocessing
Three data tables were merged using timestamps to model
physical activity dynamics following messages: person-level
availability for messages, minute-level physical activity, and
minute-level heart rate. Physical activity and heart rate data
were included for the period from 2 hours before the messaging
availability window started to 2 hours after it ended to ensure
sufficient activity data and to take into account messages
received at the beginning and end of the window. Activity data
were separated for weekdays and weekends and classified as
missing if zero steps were recorded and heart rate data were not
available for a minute. If the missing minutes were smaller than
or equal to 3, step counts for those minutes were interpolated
using linear interpolation. But minutes with missing heart rate
and zero step counts of an interval of more than 3 minutes were
not included in the model. Messages scheduled and sent from
the server that were not received and displayed on a participant’s
device were also not included in estimating the models. The
available and valid minute-level physical activity data were
aggregated into sums for each 15-minute epoch. Days were
treated as independent; therefore, message effects on physical
activity were not modeled across days.

System Identification
The Python programming language was used to implement the
system identification algorithms developed to identify the
models [28]. Building on prior work, physical activity was
modeled as a switched system with separate models to reflect
the different amount and patterns of physical activity on
weekdays and weekends [23,29]. The linear regression model
with multiple variables and noise is of the form

where y(kd) is the system output at time kd, which is the
predicted step counts at time kd, uj(kd–id) are the inputs for the

3 message types (affective, social-cognitive, and inspirational
quotes) at time kd–id (0: message not sent and 1: message sent),
d is the sampling time (15 minutes), ε(kd) is noise at time kd,
and a0, ai, and bij are the unknown coefficients of the model.
The trade-off between model complexity and size of the model
error led to the model order of 5, which means that, in addition
to the present 15-minute epoch of input data, the last 5 epochs
or 75 minutes of both input and output data were used in
predicting the output (step count) at the present epoch. The
system coefficients are identified using the least-squares method
by minimizing the square root of residuals as

where yactual(kd) is the actual step count recorded by the activity
monitor or linearly interpolated if the missing minutes were less
than or equal to 3 and y(kd) is the predicted step counts at time
kd. Models from both stages of analyses (weekdays and
weekends) were used to simulate responses to each message
type. Impulse responses represent expected step count changes
during each 15-minute epoch after receipt of each message type
(compared with expected step counts had a message not been
received). Cumulative step responses represent the total expected
effect of each type of individual message. Error bounds were
estimated for each response curve to indicate whether effects
exceeded the threshold of noise in the model.

Seven features were extracted from the simulated impulse and
cumulative step response curves [23]. Each feature was extracted
separately for weekends and weekdays. These features include
initial delay, peak magnitude, peak delay, steady state, rise time,
settling time, and effective time. Initial delay, peak magnitude,
and peak delay were extracted from the simulated impulse
response curve. Initial delay is the latency to initiate a
momentary message effect (in other words, the time delay
between receiving a message and showing a response via a
change in step counts), peak magnitude is the magnitude of
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peak momentary message effects, and peak delay is the latency
to peak momentary message effects. The steady-state value is
the ultimate amount of the cumulative step response. Rise time
is the time that it takes for the cumulative step response to
advance from 10% to 90% of the steady state. Settling time
describes the time that the step response enters a boundary
around the steady state with the upper and lower bounds being
95% and 105% of the steady state, respectively. Effective time
is the duration that the system response is above the noise level
and has a detectable effect (response is outside the error bounds).

Statistical Analysis
Descriptive statistics for mean, SD, and range were calculated
for each model feature segmented out by message and day type.
We conducted a series of 2-way repeated-measures ANOVAs
with within-person factors for message and day type and each
model feature as an outcome to understand the main effects of
message and day type and their potential interaction. Two model
features, effective time and peak delay, did not meet the
normality assumption; thus, we conducted the Friedman test
for these 2 features looking at the main effects of message type
on each model feature within data sets for weekdays and

weekends. Effect sizes were calculated as η2 for the 2-way
repeated-measures ANOVA and Kendall W for the Friedman
test. For main effects that were found to be statistically
significant, multiple pairwise t tests (Wilcoxon signed-rank for
nonparametric) with a Bonferroni correction were calculated to
identify which groups significantly differed. Statistical analyses
were completed in R Statistical Software (version 4.2.0; R Core
Team) [30].

Ethics Approval
All procedures were approved by the institutional review board
at The Pennsylvania State University (Study#00009455). All
participants provided informed consent to participate in the
study and for their data to be used in study analyses. All
participants were assigned a study ID number to link their data
and remove personally identifiable data from the analytical data
set. Participants were compensated up to US $295 for
completing all study activities.

Results

A complete participant flow diagram is available from the
primary paper [22]. The average age of participants (n=45) was
24.4 (SD 3.1) years, and the sample was 67% female, 64%
White, 22% Black, 9% Asian, and 4% mixed race. Overall,
20,689 messages were paired with valid physical activity data
for analysis, and received messages were distributed as 40%
affective (8299/20,689 messages), 39% social-cognitive
(8187/20,689 messages), and 20% quotes (4219/20,689
messages).

Table 1 shows the means, SDs, and ranges for 6 model features
extracted from person-specific dynamic models separated by
day and message type. Initial delay was uniformly zero for this

data set; thus, we focus on reporting results based on the other
6 features. Descriptively, the ranges present in this table show
that there is significant heterogeneity in participants’behavioral
responses to messages, especially on weekends when more
extreme behavior change was observed for all message types.

Table 2 presents the results from a series of 2-way
repeated-measures ANOVAs with message and day type as
within-person factors and each model feature as the outcome
of interest. The data were not normally distributed for effective
time and peak delay; thus, the Friedman test was implemented
to evaluate the relationship between message type and these 2
features, respectively. Table 2 shows that there were no
significant interactions between message type and day type for
any of the model features. Significant main effects were
observed for day type with rise time, settling time, and peak
magnitude, meaning that the time it took for a message to go
from low to high effect, the time that the effect settles around
and close to steady state, and the magnitude of maximum
momentary message effects were significantly associated with
day type. Multiple pairwise comparisons revealed that each of
these model features was significantly larger on weekends
compared with weekdays (all P-adjusted P<.01).

Significant main effects for message type were observed with
peak magnitude, meaning that the magnitude of maximum
momentary message effects differed significantly by message
type. Multiple pairwise comparisons of these significant main
effects revealed that affective (P<.001) and social-cognitive
messages (P=.02) had a significantly larger peak magnitude
than inspirational quotes messages.

Figure 1 shows the average steady state for each message type
per participant separated by weekends and weekdays arranged
by order of magnitude. Steady-state responses reflect the overall
magnitude of message effects, so we believe that they are more
informative to focus on compared with peak magnitude, which
only represents the expected behavior change during a single
15-minute epoch. This figure presents two key descriptive
findings from this analysis: (1) there is heterogeneity in the
range of average responses and responses by message type
between participants, and (2) looking within each person,
average participant responses to intervention messages differed
by message type. Regarding the first, the minimal average
responses are below zero and the maximal average responses
are close to 800, and the colors show that across participants,
the order varies for which messages produce the greatest and
the least response. Regarding the second, each individual bar
shows variation within each participant about their average
message type preferences. Just over one-third of participants
differed by more than 250 steps per message between the
different intervention message types delivered to them (shown
in Figure 2). Thus, on an individual level, if a participant
received the 3 messages of the optimal type, they would be
expected to increase daily physical activity 750 steps more than
if they received the same dose of their least optimal message
type.
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Table 1. Description of model features by day and message type.

Inspirational quotesSocial cognitiveAffectiveFeature

RangeSDMeanRangeSDMeanRangeSDMean

Steady state

−169.5 to 266.4117.751.9−101.9 to 608.7129.348.8−153.0 to 259.887.748.7Weekday

−466.9 to 753.9265.012.3−400.1 to 516.8191.549.6−268.0 to 796.6181.190.8Weekend

Rise time

0 to 16539.371.70 to 24049.479.00 to 16547.176.3Weekday

0 to 27065.496.00 to 27062.288.70 to 21062.989.0Weekend

Settling time

60 to 27046.7139.060 to 33056.0151.360 to 24047.9134.7Weekday

45 to 37571.9179.075 to 480100.2182.760 to 34560.6231.7Weekend

Effective time

15 to 600259.4221.315 to 600222.0158.715 to 600213.432.0Weekday

15 to 600280.1252.715 to 600262.7234.015 to 600266.950.5Weekend

Peak magnitude

16.5 to 120.925.550.810.1 to 156.426.437.73.3 to 67.614.832.0Weekday

8.2 to 196.939.063.810.6 to 126.628.755.314.5 to 121.924.750.5Weekend

Peak delay

0 to 6022.429.30 to 6023.526.30 to 6021.930.0Weekday

0 to 6023.127.70 to 6022.023.70 to 6024.228.3Weekend
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Table 2. Repeated-measures ANOVA results for message and day type main effects and interactions.

η2 or Kendall WP valueF or chi-square test statistic (df)Feature and Effect

Steady state

0.008.351.074 (2, 88)Message

0.00001.960.003 (1, 44)Day

0.009.261.376 (2, 88)Interaction

Rise time

0.0001.980.021 (2, 88)Message

0.020.025.484 (1, 44)Day

0.003.450.815 (2, 88)interaction

Settling time

0.003.500.802 (1.7, 76.0)Message

0.075<.00118.868 (1, 44)Day

0.001.710.307 (1.8, 76.9)Interaction

Effective timea

0.039.173.53 (2)Message on weekdays

0.006.780.504 (2)Message on weekends

Peak magnitude

0.057<.00110.987 (1.7, 76.3)Message

0.084<.00134.429 (1, 44)Day

0.002.630.423 (1.8, 77.1)Interaction

Peak delaya

0.009.660.824 (2)Message on weekdays

0.007.720.658 (2)Message on weekends

aRequired nonparametric tests.
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Figure 1. Participant steady-state averages for affectively framed, social cognitively framed, and inspirational quotes messages on weekends and
weekdays.

Figure 2. Participant-level differences between message types with the maximal and minimal average steady-state response on weekends and weekdays.
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Discussion

Principal Findings
We conducted a 6-month intervention to promote increases in
step counts in insufficiently active young adults via digital
messages. This secondary, exploratory analysis compared
intervention responses to affectively framed, social cognitively
framed, and inspirational quotes messages to identify if one
message type elicited a consistently greater intervention response
after the delivery of one message. Using system identification,
we generated person-specific dynamical models of physical
activity and found that step responses did not statistically
significantly differ by message type, but the speed and
momentary magnitude of intervention and step response was
greater on weekends compared with weekdays for all message
types. We also observed significant participant heterogeneity
such that some participants achieved their highest steady state
from affective messages (weekdays: 35.6%, weekends: 37.8%),
some from social-cognitive messages (weekdays: 26.7%,
weekends: 35.6%), and some from inspirational quotes
(weekdays: 35.6%, weekends: 26.7%). Thus, this exploratory
analysis suggests that personalizing message types for
participants in an intervention may be a worthy endeavor for
generating greater step responses over time.

Prior research has yielded mixed results regarding whether
affectively or instrumentally framed messages were more
effective at promoting physical activity [15,17]. Our results
suggest that message effectiveness may be person-specific given
the large ranges in steady state and the lack of statistically
significant main effects by message type. The cognitive-affective
system theory of personality may help provide further
explanation for why we see varied, person-specific responses
to intervention messages [31]. This theory proposes that
networks of cognitive and affective processing units are
activated when an individual processes a situational feature,
like an intervention message [31]. The specific nature of
cognitive and affective processing units activated by messages
account for individual differences in behavior change following
a message [31]. Within each person, this network of
cognitive-affective processing units produces predictable
patterns of behavior across time in response to specific situations
that activate a network [31]. Thus, applying this theory to our
findings suggests that participants each have different systems
of cognitive and affective processing units that result in
idiosyncratic physical activity behavioral responses to different
message types. Identifying the patterns of these
participant-specific behavioral responses over time can inform
the selection and timing of message content.

The favorable responses of some participants to the inspirational
quotes were unexpected given that these messages were
purposefully not based in behavior change techniques or theories
of behavior change and were intended to serve as a simple
comparator. It may be that the inspirational quotes generated
an affective response that stimulated playful, exploratory
behavior (cf. broaden and build theory) or intentions to be active;
however, we are unable to discern the mechanistic process from
this analysis [32]. One observation that aligned well with past

literature was that step responses differed on weekends and
weekdays [23]. Message framing effects may depend in part on
the social context in which they are received. Given the reduced
magnitude of step responses to all message types on the
weekdays, this difference could reflect an environmental
constraint, such as work or school, that prevented action after
the delivery of an intervention message. Personalization
approaches that identify optimal times for message delivery
may be especially valuable on weekdays.

This work echoes our prior work that showed differences in
step count responses by day type and significant participant
heterogeneity in response to message type; however, our prior
work focused on move more and sit less messages as opposed
to affectively framed and social cognitively framed messages
[22]. The median effect of digital physical activity interventions
in adults is 943 steps per day [5]; thus, if a future intervention
included multiple messages per day, knowledge of optimal
participant response could become meaningful because
approximately one-third of this sample showed a minimum of
a 250-step difference between message types. This heterogeneity
between participants indicates that future interventions can
benefit from methods that can both explore the effects of
multiple message types on physical activity and exploit the most
effective message types for an individual once identified. Given
that messages have proximal effects on behavior in the minutes
and hours after message delivery, the use of wearable devices
for measuring physical activity behavior provides a rich source
of information about behavioral dynamics. Harnessing this
technology, system identification and dynamical modeling can
inform future work that continuously tunes interventions based
on participants’ responses over time [25].

This study used innovative person-specific dynamic modeling
of intensive longitudinal data collected from a small sample of
participants. This secondary analysis shifted from a
within-person intervention designed to expose participants to
a variety of message types repeatedly over 6 months to a
paired-samples comparison of message types. Based on the
design, the analyses are likely underpowered for detecting small-
to medium-sized differences in these novel features of response
dynamics. Other psychosocial and environmental factors could
be influencing step counts that we are unable to account for in
our models. However, the random aspect of our message
delivery and type should mitigate the impact of potential
confounding factors on our results. Conclusions may not
generalize to other age groups given that messages were written
for a young adult audience.

Conclusions
Inactive young adults may benefit from digital messaging
interventions to promote increases in step counts. In this sample,
there was not a consistent difference in step responses to
affectively framed versus social cognitively framed messages.
Instead, participants demonstrated heterogeneity in which
message type elicited their highest average step response, with
some showing more preference than others. Future work should
consider incorporating multiple message types so that content
can be continuously tuned to the individuals who respond more
favorably to the specific types of messages.

JMIR Form Res 2023 | vol. 7 | e41414 | p. 9https://formative.jmir.org/2023/1/e41414
(page number not for citation purposes)

Lee et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Acknowledgments
The project described was supported by the National Heart, Lung, and Blood Institute of the National Institutes of Health (NIH;
grant R01 HL142732) and the National Science Foundation (NSF; grant ECCS-1808266). The content is solely the responsibility
of the authors and does not necessarily represent the official views of the NIH or the NSF.

Data Availability
The data sets generated and analyzed during this study are available from the corresponding author on reasonable request.

Conflicts of Interest
AML is currently employed by, and owns stock in, WW International, Inc. This work was primarily completed during her
postdoctoral fellowship at Penn State University.

References

1. Ussery E, Omura J, McCain K, Watson K. Change in prevalence of meeting the aerobic physical activity guideline among
US adults, by states and territories-behavioral risk factor surveillance system, 2011 and 2019. J Phys Act Health
2021;18(S1):S84-S85. [doi: 10.1123/jpah.2021-0181] [Medline: 34465645]

2. Mobile fact sheet 2019. Pew Research Center. 2019. URL: https://www.pewresearch.org/internet/fact-sheet/mobile/ [accessed
2023-03-25]

3. Smith DM, Duque L, Huffman JC, Healy BC, Celano CM. Text message interventions for physical activity: a systematic
review and meta-analysis. Am J Prev Med 2020;58(1):142-151 [FREE Full text] [doi: 10.1016/j.amepre.2019.08.014]
[Medline: 31759805]

4. Monroe CM, Thompson DL, Bassett DR, Fitzhugh EC, Raynor HA. Usability of mobile phones in physical activity–related
research: a systematic review. Am J Health Educ 2015;46(4):196-206. [doi: 10.1080/19325037.2015.1044141]

5. Wright CE, Rhodes RE, Ruggiero EW, Sheeran P. Benchmarking the effectiveness of interventions to promote physical
activity: a metasynthesis. Health Psychol 2021;40(11):811-821. [doi: 10.1037/hea0001118] [Medline: 34914485]

6. Williamson C, Baker G, Mutrie N, Niven A, Kelly P. Get the message? A scoping review of physical activity messaging.
Int J Behav Nutr Phys Act 2020;17(1):51 [FREE Full text] [doi: 10.1186/s12966-020-00954-3] [Medline: 32295613]

7. Rhodes RE, Nigg CR. Advancing physical activity theory: a review and future directions. Exerc Sport Sci Rev
2011;39(3):113-119. [doi: 10.1097/jes.0b013e31821b94c8]

8. Zhang CQ, Zhang R, Schwarzer R, Hagger MS. A meta-analysis of the health action process approach. Health Psychol
2019;38(7):623-637. [doi: 10.1037/hea0000728] [Medline: 30973747]

9. Ajzen I. The theory of planned behavior. Organ Behav Hum Decis Process 1991;50(2):179-211. [doi:
10.1016/0749-5978(91)90020-t]

10. Williams DM, Evans DR. Current emotion research in health behavior science. Emot Rev 2014;6(3):277-287. [doi:
10.1177/1754073914523052]

11. Stevens CJ, Baldwin AS, Bryan AD, Conner M, Rhodes RE, Williams DM. Affective determinants of physical activity: a
conceptual framework and narrative review. Front Psychol 2020;11:568331 [FREE Full text] [doi:
10.3389/fpsyg.2020.568331] [Medline: 33335497]

12. Sheeran P, Maki A, Montanaro E, Avishai-Yitshak A, Bryan A, Klein WMP, et al. The impact of changing attitudes, norms,
and self-efficacy on health-related intentions and behavior: a meta-analysis. Health Psychol 2016;35(11):1178-1188. [doi:
10.1037/hea0000387] [Medline: 27280365]

13. Lawton R, Conner M, McEachan R. Desire or reason: predicting health behaviors from affective and cognitive attitudes.
Health Psychology 2009;28(1):56-65. [doi: 10.1037/a0013424]

14. Emerson JA, Dunsiger S, Lee H, Kahler CW, Bock B, Williams DM. Daily instrumental and affective attitudes about
exercise: an ecological momentary assessment study. Ann Behav Med 2022;56(7):726-736 [FREE Full text] [doi:
10.1093/abm/kaab047] [Medline: 34165140]

15. Conner M, Rhodes RE, Morris B, McEachan R, Lawton R. Changing exercise through targeting affective or cognitive
attitudes. Psychol Health 2011;26(2):133-149. [doi: 10.1080/08870446.2011.531570] [Medline: 21318926]

16. Morris B, Lawton R, McEachan R, Hurling R, Conner M. Changing self-reported physical activity using different types
of affectively and cognitively framed health messages, in a student population. Psychol Health Med 2016;21(2):198-207
[FREE Full text] [doi: 10.1080/13548506.2014.997762] [Medline: 25571997]

17. Sirriyeh R, Lawton R, Ward J. Physical activity and adolescents: an exploratory randomized controlled trial investigating
the influence of affective and instrumental text messages. Br J Health Psychol 2010;15(4):825-840. [doi:
10.1348/135910710x486889]

18. Bassett DR, Toth LP, LaMunion SR, Crouter SE. Step counting: a review of measurement considerations and health-related
applications. Sports Med 2017;47(7):1303-1315 [FREE Full text] [doi: 10.1007/s40279-016-0663-1] [Medline: 28005190]

JMIR Form Res 2023 | vol. 7 | e41414 | p. 10https://formative.jmir.org/2023/1/e41414
(page number not for citation purposes)

Lee et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1123/jpah.2021-0181
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34465645&dopt=Abstract
https://www.pewresearch.org/internet/fact-sheet/mobile/
https://europepmc.org/abstract/MED/31759805
http://dx.doi.org/10.1016/j.amepre.2019.08.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31759805&dopt=Abstract
http://dx.doi.org/10.1080/19325037.2015.1044141
http://dx.doi.org/10.1037/hea0001118
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34914485&dopt=Abstract
https://ijbnpa.biomedcentral.com/articles/10.1186/s12966-020-00954-3
http://dx.doi.org/10.1186/s12966-020-00954-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32295613&dopt=Abstract
http://dx.doi.org/10.1097/jes.0b013e31821b94c8
http://dx.doi.org/10.1037/hea0000728
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30973747&dopt=Abstract
http://dx.doi.org/10.1016/0749-5978(91)90020-t
http://dx.doi.org/10.1177/1754073914523052
https://europepmc.org/abstract/MED/33335497
http://dx.doi.org/10.3389/fpsyg.2020.568331
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33335497&dopt=Abstract
http://dx.doi.org/10.1037/hea0000387
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27280365&dopt=Abstract
http://dx.doi.org/10.1037/a0013424
https://europepmc.org/abstract/MED/34165140
http://dx.doi.org/10.1093/abm/kaab047
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34165140&dopt=Abstract
http://dx.doi.org/10.1080/08870446.2011.531570
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21318926&dopt=Abstract
https://eprints.whiterose.ac.uk/96694/
http://dx.doi.org/10.1080/13548506.2014.997762
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25571997&dopt=Abstract
http://dx.doi.org/10.1348/135910710x486889
https://europepmc.org/abstract/MED/28005190
http://dx.doi.org/10.1007/s40279-016-0663-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28005190&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


19. Conroy DE, Elavsky S, Doerksen SE, Maher JP. A daily process analysis of intentions and physical activity in college
students. J Sport Exerc Psychol 2013;35(5):493-502 [FREE Full text] [doi: 10.1123/jsep.35.5.493] [Medline: 24197717]

20. Conroy DE, Elavsky S, Hyde AL, Doerksen SE. The dynamic nature of physical activity intentions: a within-person
perspective on intention-behavior coupling. J Sport Exerc Psychol 2011;33(6):807-827 [FREE Full text] [doi:
10.1123/jsep.33.6.807] [Medline: 22262706]

21. Dunton GF, Atienza AA, Castro CM, King AC. Using ecological momentary assessment to examine antecedents and
correlates of physical activity bouts in adults age 50+ years: a pilot study. Ann Behav Med 2009;38(3):249-255 [FREE
Full text] [doi: 10.1007/s12160-009-9141-4] [Medline: 20052568]

22. Hojjatinia S, Hojjatinia S, Lagoa CM, Brunke-Reese D, Conroy DE. Person-specific dose-finding for a digital messaging
intervention to promote physical activity. Health Psychol 2021;40(8):502-512 [FREE Full text] [doi: 10.1037/hea0001117]
[Medline: 34618498]

23. Conroy DE, Hojjatinia S, Lagoa CM, Yang C, Lanza ST, Smyth JM. Personalized models of physical activity responses
to text message micro-interventions: a proof-of-concept application of control systems engineering methods. Psychol Sport
Exerc 2019;41:172-180 [FREE Full text] [doi: 10.1016/j.psychsport.2018.06.011] [Medline: 30853855]

24. Ashour M, Bekiroglu K, Yang CH, Lagoa C, Conroy D, Smyth J, et al. On the mathematical modeling of the effect of
treatment on human physical activity. 2016 Presented at: 2016 IEEE Conference on Control Applications (CCA); 19-22
September, 2016; Buenos Aires, Argentina. [doi: 10.1109/cca.2016.7587951]

25. Conroy DE, Lagoa CM, Hekler E, Rivera DE. Engineering person-specific behavioral interventions to promote physical
activity. Exerc Sport Sci Rev 2020;48(4):170-179. [doi: 10.1249/jes.0000000000000232] [Medline: 32658043]

26. Freedson PS, Melanson E, Sirard J. Calibration of the Computer Science and Applications, Inc. accelerometer. Med Sci
Sports Exerc 1998;30(5):777-781. [doi: 10.1097/00005768-199805000-00021] [Medline: 9588623]

27. Troiano RP, Berrigan D, Dodd KW, Mâsse LC, Tilert T, McDowell M. Physical activity in the United States measured by
accelerometer. Med Sci Sports Exerc 2008;40(1):181-188. [doi: 10.1249/mss.0b013e31815a51b3] [Medline: 18091006]

28. Rossum GV, Drake FL. Python 3 Reference Manual. Scotts Valley: CreateSpace; 2009.
29. Phatak SS, Freigoun MT, Martín CA, Rivera DE, Korinek EV, Adams MA, et al. Modeling individual differences: a case

study of the application of system identification for personalizing a physical activity intervention. J Biomed Inform
2018;79:82-97 [FREE Full text] [doi: 10.1016/j.jbi.2018.01.010] [Medline: 29409750]

30. R Core Team. R: A Language and Environment for Statistical Computing. 2022. URL: https://www.gbif.org/tool/81287/
r-a-language-and-environment-for-statistical-computing [accessed 2023-03-26]

31. Mischel W, Shoda Y. A cognitive-affective system theory of personality: reconceptualizing situations, dispositions, dynamics,
and invariance in personality structure. Psychol Rev 1995;102(2):246-268. [doi: 10.1037/0033-295x.102.2.246] [Medline:
7740090]

32. Fredrickson BL. The broaden-and-build theory of positive emotions. Philos Trans R Soc Lond B Biol Sci
2004;359(1449):1367-1378 [FREE Full text] [doi: 10.1098/rstb.2004.1512] [Medline: 15347528]

Edited by A Mavragani; submitted 25.07.22; peer-reviewed by J Simmich, J Job; comments to author 15.09.22; revised version
received 09.11.22; accepted 21.03.23; published 21.04.23

Please cite as:
Lee AM, Hojjatinia S, Courtney JB, Brunke-Reese D, Hojjatinia S, Lagoa CM, Conroy DE
Motivational Message Framing Effects on Physical Activity Dynamics in a Digital Messaging Intervention: Secondary Analysis
JMIR Form Res 2023;7:e41414
URL: https://formative.jmir.org/2023/1/e41414
doi: 10.2196/41414
PMID:

©Alexandra M Lee, Sahar Hojjatinia, Jimikaye B Courtney, Deborah Brunke-Reese, Sarah Hojjatinia, Constantino M Lagoa,
David E Conroy. Originally published in JMIR Formative Research (https://formative.jmir.org), 21.04.2023. This is an open-access
article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/),
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR
Formative Research, is properly cited. The complete bibliographic information, a link to the original publication on
https://formative.jmir.org, as well as this copyright and license information must be included.

JMIR Form Res 2023 | vol. 7 | e41414 | p. 11https://formative.jmir.org/2023/1/e41414
(page number not for citation purposes)

Lee et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://europepmc.org/abstract/MED/24197717
http://dx.doi.org/10.1123/jsep.35.5.493
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24197717&dopt=Abstract
https://europepmc.org/abstract/MED/22262706
http://dx.doi.org/10.1123/jsep.33.6.807
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22262706&dopt=Abstract
https://europepmc.org/abstract/MED/20052568
https://europepmc.org/abstract/MED/20052568
http://dx.doi.org/10.1007/s12160-009-9141-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20052568&dopt=Abstract
https://europepmc.org/abstract/MED/34618498
http://dx.doi.org/10.1037/hea0001117
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34618498&dopt=Abstract
https://europepmc.org/abstract/MED/30853855
http://dx.doi.org/10.1016/j.psychsport.2018.06.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30853855&dopt=Abstract
http://dx.doi.org/10.1109/cca.2016.7587951
http://dx.doi.org/10.1249/jes.0000000000000232
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32658043&dopt=Abstract
http://dx.doi.org/10.1097/00005768-199805000-00021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9588623&dopt=Abstract
http://dx.doi.org/10.1249/mss.0b013e31815a51b3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18091006&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(18)30012-1
http://dx.doi.org/10.1016/j.jbi.2018.01.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29409750&dopt=Abstract
https://www.gbif.org/tool/81287/r-a-language-and-environment-for-statistical-computing
https://www.gbif.org/tool/81287/r-a-language-and-environment-for-statistical-computing
http://dx.doi.org/10.1037/0033-295x.102.2.246
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7740090&dopt=Abstract
https://europepmc.org/abstract/MED/15347528
http://dx.doi.org/10.1098/rstb.2004.1512
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15347528&dopt=Abstract
https://formative.jmir.org/2023/1/e41414
http://dx.doi.org/10.2196/41414
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

