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Presentation Notes
Hi, I’m going to be presenting an exploratory analysis of longitudinal app use trajectories for users with serious mental illness, as they relate to measures of experiential avoidance and other characteristics.
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Presentation Notes
Many researchers interested in developing and evaluating mobile health, or mHealth, technology may be interested in their target users' engagement.

A quite common (if not universal) issue for apps (both mHealth and not) is sustaining user engagement over time. Dramatic drop-offs in usage within a month of starting an app is more the rule rather than the exception. 

Shown here are log-in trajectories of two smoking cessation websites over the course of around 4 months– one of them being based on ACT – on the left here. Although this refers to websites, this may be typical of other technologies such as wearables and smartphone apps. 

A few things to note: 
Despite intervention type - most usage drops off dramatically in the first month. 
the cluster of users who used the websites the most were in the minority. 
The ACT-based intervention had more frequent usage than the control. 



Smoking, SMi & Mobile Technology

« 88% of people with SMI
smoke cigarettes (Cook et
al., 2014)

« Smoking at 3-4x the rate of
the general population (Cook
et al., 2014)

« 81.4% of those with SMI
currently own a mobile

phone (Ben-Zeev et al.,
2015)
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As it applies to our group’s research, we are interested in understanding app usage trajectories for smoking cessation apps used by people with serious mental illness (or SMI)
(defined as those with a diagnosis of bipolar, recurring major depression, schizoaffective disorder, and schizophrenia).

Although smoking rates have declined in the general population over the past few decades, this trend doesn’t necessarily apply to those with SMI.

Given the rapid adoption of mobile technology by nearly all sectors of society including those with SMI, smartphones may be a feasible option to deliver much-needed smoking cessation interventions

In response, our research team has been working on developing and evaluating a smoking cessation app tailored to people with SMI. 



Vilardaga et al., 2015
Vilardaga et al., 2018
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When designing a smoking cessation app for this population, we wanted to address the specific needs of people with SMI with the goal of increasing engagement and improving psychological flexibility as users make their journey towards being smoke-free. 

By using qualitative interviews and iterative testing of early prototypes we came up with the “Learn to Quit” app. You can see an example of this wireframe here.

We incorporated ACT and other behavioral principles into the app’s design to increase engagement. We then went to developers to build the first version Learn to Quit app that we’ll be talking about today. 


Case Studies of LTQ
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We then conducted a series of single case studies comparing Learn to Quit with another app, QuitGuide – a newer standard of care app meant for the general population which I will discuss later.

During these case studies, we had participants use both apps at different times over the course of a month. We conducted user experience interviews and had participants rate their usability. 

Learn to Quit had higher usability ratings. During the interviews, many users positively commented on Learn to Quit’s simplicity in design, gamification components, and storytelling mechanism for imparting ACT skills.  

From these case studies we refined Learn to Quit’s design and worked to test it out in a larger, randomized controlled trial. The data we present today come from this pilot trial. 


o #1: Provide descriptive analysis of daily app
usage trajectories

« #2: Examine the relationship between
group assignment and trajectories of use

« #3: Examine the relationship between

group assignment and trajectories of use
by key factors:

— Smoking-Related Experiential Avoidance
— App Usability Ratings
— Reduction in Cigarettes Per Day at Trial Endpoint
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In this talk I'll present an exploratory analysis of our participants’ app usage trajectories. 

We will examine the longitudinal usage trajectories by app condition (Learn to Quit vs. QuitGuide); and then we will proceed to examine longitudinal trajectories nested by app condition and key theory-based user characteristics, namely: smoking-related experiential avoidance;  app usability and reductions in cigarette smoking. 




Methods



‘Quit on the Go’ Pilot Trial
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Procedures Eligibility Criteria

* Recruiting from Research « SMI diagnosis
Triangle NC area mental _
health and primary care  Smoking 5+
clinics cigarettes daily

+ Study participation lasting * Receiving mental

for 4 months health treatment
— Monthly follow-up visits « Motivated to quit
smoking
NCT # 03069482
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The research presented today comes from our study currently being conducted: The ‘Quit on the Go’ Pilot Trial
Main outcomes:
Testing the usability and feasibility of a smoking cessation app for people with SMI
Secondary outcomes
Smoking cessation

Procedures
Recruiting from local mental health and primary care clinics
Participants were in the study for 16-weeks or around 4 months
They were randomized to either Learn to Quit or QuitGuide for the duration of the study
Participants complete an orientation to their assigned app and monthly follow-up visits where we conducted user experience interviews.  

Eligibility criteria include:
A diagnosis of SMI
Smoking at least 5 cigarettes daily
Receiving some form of mental health treatment
Have a desire to quit smoking




Study Interventions

« Smoking Cessation Apps
— Learn to Quit (ACT)
— QuitGuide

« Technical Coaching

— Brief weekly sessions (15’) T
during the 1st month of
study participation

 Nicotine Replacement
Therapy (NRT)

— Patches & lozenges
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The interventions for this study includes:

One smoking cessation app: either Learn to Quit or QuitGuide. 

We also provided technical coaching in using the smartphone and the apps.

Participants were given a full course of nicotine replacement therapy (or "NRT") to be used in conjunction with the app to help them quit smoking


Smartphone Apps

Learn to Quit

So you slipped, it's normal to have a few
slips before you quit. So don't be too

hard on yourself. Identify what caused

i 1216 0 slip and get back on track. What

do you wanna do?
Quit Guide il
Hello, Joselito!

Set a new

0 DAYS SMOKEFREE Quit Date
Keep at it! You're doing great!

| Slipped.

MY REASON FOR QUITTING

Hold down here to edit your reason for
quitting

1/13  Next &

Quitism
30

—of —
Track My Manage My 84
Craving Mood

LEARN TO QUIT
So far, you've saved

$14.70 Nov 23

Smokefree.gov
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Both apps have been developed with funds from the U.S. National Institutes of Health. 

Learn to Quit, on the right, has users go through a series of modules set up in a story-telling manner aiming to impart ACT skills. There are also check-ins assessing the user’s mood, urges to smoke, cigarettes smoked, and nicotine patches used. It includes a reward system of stars to encourage users to continually review the app’s modules. 
……..
QuitGuide, on the left, is an app created by the National Cancer Institute from the same initiative as Smokefree.gov, designed to reach the widest population of users. 

QuitGuide has users set a quit date from the start and works to support the user in maintaining abstinence. The main features of this app help users track cravings and slips, money saved from not smoking, along with moods and smoking triggers. Users can receive tips, distractions to deal with cravings, motivational messages, and information on quitting. 

-------
For this presentation, we do not distinguish between types of modules used – however, our team presented a poster on usage patterns of Learn to Quit’s various module types. 



Measures

Independent Variable:

 Treatment Assignment:
— Learn to Quit vs. QuitGuide

Dependent Variable:
 App usage:
— Counts of interactions per day

Moderating Variables:

 Avoidance and Inflexibility Scale
(AL1S)
— Experiential Avoidance

 System Usability Scale (SUS)
— App usability

 Reduction in Cigarettes Per Day
at Trial Endpoint
— “Low” <5 dalily cigarettes
— “Large” >= 5 daily cigarettes

Measures

Analysis

Overall line chart to
display trajectory across
app conditions

Nested line charts by
treatment assignment and
by levels of users’
characteristics

Simple aggregates of
app engagement over time

Survival Plot: 'days to
less than 1 feature per day’

Multilevel regression
model to test the effect of
treatment assignment on
app usage over time
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MEASUREMENT

We recorded daily counts of app interactions across participants. I’ll discuss this in a bit more depth in a minute. In this analysis, we are looking at the counts of app interactions and on each day of study participation (from days 1 to 120). 

Smoking-related experiential avoidance was measured at baseline with the Avoidance and Inflexibility Scale

Participants reported daily cigarettes smoked at baseline and across the study timepoints.

Finally, participants completed the System Usability Scale during their first month follow-up session

-----------------------------
ANALYSIS

Our analytical approach started with a visual inspection of usage trajectories over the course of study participation. 

We categorized participants’ characteristics into either “High” or “Low” based on whether the participant scored over or below average

2. A nested visual inspection analysis followed by examining trajectories in each of the treatment arms. This nested analysis was then followed by an examination of our sample characteristics

4. We conducted a Survival Analysis to then understand the trajectories of user drop-outs between apps. 

5. Finally, we used a Multilevel regression model to test whether the differences in app trajectories were signficant


®  How Did We Define Interactions?

Start of Day End of Day : Interactions

2 counts

1+ for starting
1+ for completing

MANAGE YOUR MOOD
WE KNOW 1SNT EASY WE KNOW 1SHT EASY ‘- Counts

1+ for mood
1+ for slipping
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Just a note on how we define what counts as an app interaction–
and it's not based on simple “clicks”. 

An “interaction” for us is generally a discreet app function, which may include a series of screens. Notice for Learn to Quit, going through a learning module counted two interactions – one to start the module, another to finish it. 

For QuitGuide, count definitions can be illustrated with the mood tracking and slip reporting sequences as two discreet interactions. 

We believe the differing parameters of interactions between the apps is minimal and can be considered relatively equitable in demonstrating app engagement


Results



Sample Characteristics

QuitGuide (n=16)

Learn to Quit (h=12)

Demographics

Age, mean (SD) 45.4(13.5) 45.3 (10.7)
Sex, n (%)

Male 6 (50.0) 7 (43.7)

Female 6 (50.0) 9 (56.3)
Race/Ethnicity, n (%)

White 5(41.7) 9 (56.2)

Black 6 (50.0) 5(31.3)

Other 1(8.3) 2(12.5)
Household Income (annual), n (%)

<35K 8 (66.7) 11 (68.8)

>35K 4 (33.3) 5(31.2)
Baseline Characteristics
Psychiatric Diagnosis, n (%)

Psychosis Present 6 (50.0) 3(18.8)

Bipolar sans Psychosis 4 (33.3) 4 (25.0)

Recurrent Depression 2 (16.7) 9 (56.2)
Cigarettes Smoked Daily, mean (SD) 21.6 (18.2) 13.9 (5.0)
Years Smoking Cigarettes, mean (SD) 21.4 (12.6) 27.7 (12.0)
Experiential Avoidance (AIS), mean (SD) 50.5 (9.4) 47.2 (8.1)
App Usability Rating (SUS), mean (SD) 85.6 (11.1) 77.5 (16.1)
Nicotine Dependence (FTND), mean (SD) 5.6 (2.6) 4.8 (1.6)
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We included only those subjects who have completed the study. The sample we ended up with was 28; 12 randomized to Learn to Quit and 16 to QuitGuide

For the most part, both groups were similar in many respects. 

However I’d like to point out the average ratings of app usability were higher for Learn to Quit than for QuitGuide
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This graph shows the overall average app usage across intervention conditions. The X-axis refers to the sequence of days in study participation from 1-120.  The Y-refers to the number of app interactions. This trajectory shows the average count of features used each day across all participants of each app. 

These dotted vertical lines refer to the monthly study timepoints. 

Some things to note here:
During the first 15 days is when participants used the apps the most.
This average dropped after the 15th day and continued to drop. 




Count per Day (mean)

Nested Trajectories — by App Condition
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Nesting by treatment condition presented a more revealing pattern.  These are local regression lines with the gray cloud indicating standard error

Learn to Quit (on the right in blue) has an overall higher usage across the entire trajectory. Take a look at the total counts and daily means as well.

When starting out, QuitGuide has averages that range from 3 to 6 app interactions per day during the first 10 days, whereas Learn to Quit ranges were nearly twice as much.

However, Learn to Quit’s usage drops more dramatically during the first month of use. There is also more variability in in Learn to Quit's usage than there is in QuitGuide. 

Note that the Learn to Quit trajectory doesn’t go below 1 until 90 days of app usage. In contrast, QuitGuide goes below the 1 threshold just beyond the 30 days mark.
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Here is where we start nesting these trajectories by app and user characteristics of either low or high. This one is experiential avoidance.

People who had higher levels of experiential avoidance, tended to use Learn to Quit more frequently during the first month of usage. You can even see here that those high in avoidance had nearly twice as much app usage. However, past that point these differences are less reliable.. 

Experiential Avoidance doesn’t seem to matter much for QuitGuide users. 


" Nested Trajectories— by App and Usability

QuitGuide (n = 16)
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As it relates to app usability for QuitGuide, it seems to not affect daily app usage levels. 

For Learn to Quit, higher levels of usability seem to be particularly relevant during the first month of app
use. After these initial days however, there are no clear nested effects based on this factor.
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This survival plot allows us to examine user trajectories by highlighting the probability of users engaging in at least one app interaction, and could be used as a measure of user retention. 

For the first month, there isn’t really a difference between apps. However, after the first month Learn to Quit does a better job of retaining users than QuitGuide does. 

You can see this difference starting after day 36, and by day 60, the gap between QuitGuide and Learn to Quit stays steady for a month. 

By the end of the trial, there was virtually no probability that QuitGuide users would even have 1 app interaction. With Learn to Quit, we have about a 10% chance of users continuing to use the app. 
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After looking at the previous user trajectories, one important question remains: Can we say with confidence that those differential trajectories are due to assignment to the Learn to Quit condition? In other words is there support for a statistical causal model?


Multilevel Linear Model - Treatment Condition > App Features Over Time

Learn to Quit and GuitGuide (n = 28)

The answer is YES, we can say with relative confidence that being
assigned to the Learn to Quit app leads to increases usage of app
features per day. The model estimates that this assignment leads
to a 1.27 increase in average count of features used per day.
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When running a multilevel linear model nested with time, there is actually a finding that the differences we’re seeing between apps are statistically significant.




Count per Day (mean)
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Lastly, we look here at whether smoking reduction has an effect on app usage. 

We see that participants who had larger reductions in daily smoking were more apt to use Learn to Quit than those in the lower change group by more than two counts. Additionally, this difference seems to continue across the entire trajectory. The variability does seem to increase in the large reduction group

Once again, QuitGuide app use trajectories don’t seem affected by the change in smoking reduction by the end of the trial
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- Main Results

« Consistent with the previous literature, usage trajectories for both
apps decline dramatically by the first month

 This experimental study indicates that being assigned to Learn to
Quit led to statistically significant improvements in overall
longitudinal engagement compared to QuitGuide users

o Participants with high levels of smoking-related experiential
avoidance might have found Learn to Quit more appealing than
QuitGuide features

« Participants who gave Learn to Quit higher usability ratings, used
the app more frequently, however, this doesn’t seem to be the
case for QuitGuide users

« The probability of using either app after the 30-days mark is much
higher for Learn to Quit vs QuitGuide users from months 2 to 4.

« User engagement appears to be related to smoking
reductions in Learn to Quit at trial endpoint
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Usage trajectories for both apps declined dramatically after the first month with no jumps in engagement
Learn to Quit had statistically significant overall higher levels of engagement than QuitGuide across the trajectory
Levels of experiential avoidance and usability rating had minimal affect on QuitGuide’s daily app interactions
More avoidant users had higher Learn to Quit app usage during the first month. This was also the case for users who rated it higher in usability
Learn to Quit has a much higher probability of retaining users than QuitGuide after the first month. 
Users who had higher smoking reductions used the Learn to Quit app more often than users with lower smoking reduction levels

As it relates to design differences, Learn to Quit better engages users with serious mental illness than QuitGuide does. Since QuitGuide’s design is meant for the general user, it may not be surprising that we don’t see much differences between its users trajectories. 

We should note that we may be assuming what’s called “Engagement-efficacy (Smith et al., 2017)” in that more engagement with the app will lead to the longer-term efficacy of the app in addressing smoking cessation and psychological flexibility outcomes. So I wonder if we would find other patterns of use that effectively achieve smoking cessation.


- Future Directions

« Adding user experience interview data to
better understand differential trajectories

* Does increased engagement lead to
Improvements in psychological flexibility?

 Are there additional factors that might
Influence app usage trajectories? (e.q.,
psychiatric diagnosis)

* Does user engagement mediate more
rigorous treatment outcomes (e.g.,
abstinence, CO reductions)
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Future research:

It would be great to explore whether using LTQ (an ACT app) decreased experiential avoidance

- Other user characteristics related to app engagement
Psychiatric symptom severity
Psychiatric diagnoses
Nicotine depenence
NRT adherence
Intervention factors
Particular modules, features used most
Integrating quantitative data with qualitative interviews



 Large number of observations
(=5,000), however, small number of
subjects (N=28) may limit our
confidence In our nested analysis

 Exclusion of qualitative data

« Smartphones provided by the
research team, which might have
Influenced engagement
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Small sample size

Missing duration data for many QuitGuide users

Although we have qualitative data about users’ experiences, we haven’t yet analyzed it. 

Study apps were on smartphones provided by the research team


| | - Conclusion |

Learn to Quit, appears to be a smoking
cessation app that successfully
engages users with serious mental
Iliness, appeals to patients with higher
levels of experiential avoidance, and
leads to larger smoking reductions at
trial endpoint.
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