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In the last five years, there has been an explosion of mobile apps that aim to impact emotional well-being, yet limited research has
examined the ways that users interact, and specifically write to develop a therapeutic alliance within these apps. Writing is a
developmental practice in which a narrator transforms amorphous thoughts and emotions into expressions, and according to
narrative theory, the linguistic characteristics of writing can be understood as a physical manifestation of a narrator’s affect.
Informed by literacy theorists who have argued convincingly that narrators address different audiences in different ways, we
used IBM Watson’s Natural Language Processing software (IBM Watson NLP) to examine how users expression of emotion
on a well-being app differed depending on the audience. Our findings demonstrate that audience was strongly associated with
the way users expressed emotions in writing. When writing to an explicit audience users wrote longer narratives, with less
sadness, less anger, less disgust, less fear, and more joy, these findings have direct relevance for researchers and well-being app
design.

1. Introduction

In the last five years, there has been an explosion of apps
designed to support emotional well-being, yet limited
research has examined the ways that users interact, and spe-
cifically write to develop a therapeutic alliance, within these
apps [1, 2]. Informed by literacy and psychological research
that has illuminated the ways that writers address different
audiences in different ways [3–9], the current analysis exam-
ined how users expressed emotion in a well-being app when
they were writing to an explicit as compared to an implied
audience.

In 2014 alone, there were over 100,000 apps available to
provide lay-people with health information [10]. By 2017,
this number increased to approximately 325,000 [11]. The
mobile app of study was designed to enhance mental well-
being and like many mental health apps relied on a chatbot
to deliver therapeutic content. One way the chatbot inter-
acted was to send messages that encouraged users to share
their thoughts and feelings in writing. Chatbot’s have been

defined as digital tools “that use machine learning and arti-
ficial intelligence methods to mimic humanlike behaviours
and provide a task-oriented framework with evolving dia-
logue able to participate in conversation” [12]. Self-
disclosure to a chatbot may have many of the same positive
psychological outcomes as self-disclosure to a person [13],
and people appear to interact with bots in much the same
way that they interact with other humans [9].

Most studies of commercially available mental health
apps focus on whether the app increases well-being or
decreases mental health symptoms [14, 15]. However,
researchers have yet to identify the emotional and cognitive
processes by which mental health apps may influence well-
being. According to narrative and psychological theory, the
linguistic characteristics of a narrator’s writing are a physical
manifestation of their affect [16–19]. Thus, writing is a
developmental practice in which a narrator transforms
amorphous thoughts and emotions into expressions. In fact,
a recent study showed that the expression of high rates of
negative affect in writing was associated with higher
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neuroticism and depression and lower overall health, and
conversely, positive affect was associated with higher extra-
version, agreeableness, overall health, and lower self-
reported neuroticism and depression [20].

However, narrative expression is not fixed, but relational
and narrators express thoughts and emotions differently
when addressing distinct audiences [16, 21]. Researchers
have found that when a specific and active audience is
addressed, it potentially influences writers’ compositions
more than when writers are directed to write for a general
audience that offers no feedback (Black, 1989; Cohen & Riel,
1989; Freedman, 1994; Purcell-Gates, Duke & Martineau,
2007). Researchers have found that when a specific and
active audience is addressed, it potentially influences writers’
compositions more than when writers are directed to write
for a general audience that offers no feedback [5, 22–24].
In one such study, first year college students used more cog-
nitive (e.g., think, know, and realize) and intensifying
expressions when randomly assigned to a blogging activity
where peers could interact and comment on the blog posts
as compared to a control group of students who wrote to
an imagined peer [7]. The current study is aimed at identify-
ing how users’ expression of emotion on a well-being app
differed depending on the audience.

2. Method

2.1. Participants and Procedure. The app of study, LiveBet-
ter, is a mobile application designed to promote emotional
well-being. It is free and publicly available for Apple and
Android devices. An update was pushed to all app users with
the option to opt in or out of research. Data was pulled for
users who did not opt out. This initial data was deidentified
(email addresses and birthdates were removed) and pulled
from the server on July 16, 2019. The data was then cleaned
to only include users who had completed at least one in-app
activity and who had written at least three words in response
to this activity. This dataset was provided to the authors for
analysis. Columbia University’s Institutional Review Board
determined this was Not Human Subjects Research. The final
sample included 1269 app users from five continents who
wrote at least three words on the mobile application between
2017 and 2019. All written content and chatbot interactions
were in English.

2.2. Presence and Strength of Emotion. Over the course of
studying human emotion, philosophers and psychologists
have proposed between three and eleven primary emotions
[25]. All these proposals include fear, anger, and sadness
and most include joy as well. IBM Watson is the software
selected to code for the presence and strength of emotions
in this study identifies sadness, fear, anger, joy, and disgust.
Disgust was a useful addition as it can be understood as an
intersection of contempt and remorse, on the pathway
between loathing and boredom. Therefore, fear, anger, sad-
ness, joy, and disgust were the five emotions examined in
this study.

2.3. IBM Watson and Natural Language Understanding.
IBM Watson has been used to analyze sentiment and emo-
tion in a wide range of writing contexts and has been found
to have high reliability, validity, and efficiency [26, 27]. The
dataset was narrowed to include only activities with user
generated text content. These activities were eventually
ordered within each user by timestamp to include each par-
ticipant’s first written interaction with the mobile app. This
text was then analyzed using IBMWatson Natural Language
Understanding (NLU). Natural Language Processing (NLP)
refers to the automatic process of extracting information
from spoken or written text. Natural Language Understand-
ing was used in this context to determine the strength of
emotion (sadness, fear, anger, joy, and disgust) present in
the participant response to the activity.

One example of this process would be the example user
input, “I think that there are flaws with my body and how
others perceive me though I know that’s my own thought
projection.” This input resulted in the following output for
emotion strength: sadness: 0.418, joy: 0.236, fear: 0.306, dis-
gust: 0.09, and anger: 0.088. Each emotion was coded for
strength on a scale of 0-1 with 1.0 being the strongest possi-
ble emotion. To complete analysis, Watson NLU requires at
least three words per response which it then automatically
compares to a preexisting library of language that has been
coded for presence and strength of emotion.

The dataset was then imported into an SQL database
which was used to organize user message length by char-
acter count. We then coded the activities within the app
based on intended audience and identified two types of
audience, writing to an implied audience and writing to
an explicit audience. One example of an activity prompt
that would be coded as “implied audience” was “What
feeling did you get from your happy memory?” An exam-
ple of an activity prompt that was coded as “explicit audi-
ence” was “What would you tell a friend if they had your
worry?” Potential “explicit audiences” included in writing
prompts could be friends, partners, family members, or
work colleagues.

2.4. Statistical Methods. Prevalence of sociodemographic
characteristics, device type (Apple or Android), length of
writing, and the strength of emotion were evaluated using
basic descriptive statistics. For the categorical variables, we
showed the frequency table that has counts and percentages.
For the continuous variables, we presented the following:
number of observations, mean, standard deviation, max,
min, the first quartile (Q1), and the third quartile (Q3).

We used chi-square tests to explore if the socio-
demographic characteristics were dependent on the type of
audience, either writing to an implied or explicit audience.
We used a series of Wilcoxon-Mann–Whitney tests to
examine if writing length and strength of emotion differed
by explicit or implied audience.

Six separate multivariate linear regression models were
built to find how writing length and emotion scores are
related to audience adjusted by gender and year. Since nei-
ther length of writing nor emotion scores are normally
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distributed, we took the natural logarithm for these outcome
variables.

Shapiro-Wilk test was used to test normality and found
sufficient evidence that writing length and strength of emo-
tions for each audience type were not normally distributed.
Median values and the 25th and 75th percentiles of each
dependent variable were presented by audience. A series of
Mann–Whitney U tests were performed to examine if writ-
ing length and strength of emotions differed by audience.
Hodges-Lehmann estimate and 95% confidence interval of
the difference between the median values of the two audi-
ence types were presented. Effect sizes were calculated by
dividing the absolute standardized test statistic z by the
square root of the number of pairs: r = jzjðnÞ−1/2.

3. Results

Most participants used Apple devices (75.37%) and were
female (61.15%). Most were located in North America
(68.67%), followed by Europe (16.02%), Asia (7.1%), Austra-
lia (5.92%), and Africa (1.74%) as noted in Table 1. Geogra-
phy was determined by time zone which was captured from
app user metadata. In terms of audience, most of the writing
coded as “writing to implied audience” (92.59%).

Out of the 1269 app users, the average length of writing
was 18.04 words, the average sadness score was 0.25, the
average anger score was 0.11, the average fear score was
0.15, the average disgust score was 0.08, and the average
joy score was 0.42. There was no significant dependency
between sociodemographic characteristics and audience
type, apart from time (Table 2). Writing length and emo-
tions were significantly associated with audience type
(Table 3). Fitting linear regression models, we found when
writing to an explicit audience as compared to writing to
an implied audience, users wrote longer narratives (CI
1.32-1.99, p < 0:0001) and wrote with less sadness (CI 0.33-
0.58, p < 0:0001), less fear (CI 0.23, 0.43, p < 0:0001), less
anger (CI 0.34-0.62, p < 0:0001), more joy (CI 1.83-3.53,
p < 0:0001), and less disgust (CI 0.24-0.45, p < 0:0001)
(Table 4).

The two-sided p values of the Mann–Whitney U tests
were all less than 0.0001 which indicated the writing length
and emotions were significantly differed by audience type
(Table 3). The effect sizes were all less than 0.3 which would
be considered as small effects according to Cohen’s classifi-
cation of effect sizes. Hodges-Lehmann estimates indicated
that the median difference (95% CI) of length between writ-
ing to other and writing to self was 6.00 (3.00, 9.00), the
median difference (95% CI) of sadness was -0.08 (-0.12,

Table 1: User and activity characteristics.

Characteristics of participants Observations (%)

Number of unique persons 1269 (100)

Gender

Female 776 (61.15)

Male 209 (16.47)

Unknown 284 (22.38)

Year

2017 63 (4.96)

2018 611 (48.15)

2019 595 (46.89)

Device
Android 312 (24.63)

iPhone 955 (75.37)

Time zone

Africa 22 (1.74)

America 870 (68.67)

Asia 90 (7.10)

Australia 75 (5.92)

Europe 203 (16.02)

Pacific 7 (0.55)

Activity type

Writing to explicit
audience

94 (7.41)

Writing to implied
audience

1175 (92.59)

N Mean Std Max Min Q1 Q3
Length 1269 18.04 22.30 335.00 3.00 6.00 21.00

Sadness 1227 0.25 0.23 0.97 0.00 0.07 0.40

Anger 1227 0.11 0.14 0.95 0.00 0.03 0.14

Fear 1227 0.15 0.19 1.00 0.00 0.03 0.18

Disgust 1227 0.08 0.12 0.93 0.00 0.01 0.09

Joy 1227 0.42 0.32 0.99 0.00 0.12 0.71

All analyses include only users first completed activity from users who wrote at least 3 words, wrote in English.
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Table 2: First activity descriptive of categorical variables by audience.

To implied audience To explicit audience p value

Number of people 1175 94

Gender

Female 719 (61.19%) 57 (60.64%)

0.8956Male 192 (16.34%) 17 (18.09%)

Unknown 264 (22.47%) 20 (21.28%)

Android/iPhone
Android 294 (25.06%) 18 (19.15%)

0.2003
iPhone 879 (74.94%) 76 (80.85%)

Year

2017 59 (5.02%) 4 (4.26%)

0.00312018 550 (46.81%) 61 (64.89%)

2019 566 (48.17%) 29 (30.85%)

Time zone

Africa 20 (1.71%) 2 (2.13%)

0.9251

America 808 (68.88%) 62 (65.96%)

Asia 83 (7.08%) 7 (7.45%)

Australia 70 (5.97%) 5 (5.32%)

Europe 185 (15.77%) 18 (19.15%)

Pacific 7 (0.60%) 0 (0%)

Table 3: First activity descriptive of continuous variables by audience.

To self To other
p value Median difference (95% CI) Effect size

Median Q1,Q3 Median Q1,Q3
Length 11.00 6.00, 20.00 19.00 9.00, 36.00 <.0001 6.00 (3.00, 9.00) 0.131

Sadness 0.19 0.08, 0.41 0.07 0.03, 0.21 <.0001 -0.08 (-0.12, -0.05) 0.154

Anger 0.07 0.03, 0.14 0.03 0.01, 0.08 <.0001 -0.03 (-0.04, -0.01) 0.132

Fear 0.09 0.03, 0.19 0.03 0.01, 0.07 <.0001 -0.04 (-0.06, -0.03) 0.182

Disgust 0.04 0.02, 0.09 0.02 0.01, 0.04 <.0001 -0.02 (-0.03, -0.01) 0.159

Joy 0.35 0.11, 0.68 0.76 0.59, 0.87 <.0001 0.31 (0.23, 0.40) 0.231

Table 4: Parameter estimates of linear regression models.

Covariate β 95% CI of β p value

Length

Writing to other person 1.619 (1.317, 1.989) <.0001
Year 0.946 (0.863, 1.038) 0.2420

Female 1.123 (0.984, 1.282) 0.0859

Sadness

Writing to other person 0.430 (0.323, 0.573) <.0001
Year 1.087 (0.955, 1.238) 0.2045

Female 1.188 (0.985, 1.433) 0.0709

Anger

Writing to other person 0.452 (0.336, 0.610) <.0001
Year 1.130 (0.987, 1.293) 0.0759

Female 1.149 (0.945, 1.396) 0.1627

Fear

Writing to other person 0.308 (0.223, 0.427) <.0001
Year 1.146 (0.989, 1.327) 0.0694

Female 1.206 (0.975, 1.492) 0.0835

Disgust

Writing to other person 0.326 (0.237, 0.449) <.0001
Year 1.107 (0.958, 1.278) 0.1684

Female 1.016 (0.825, 1.252) 0.8783

Joy

Writing to other person 2.540 (1.829, 3.528) <.0001
Year 0.797 (0.687, 0.924) 0.0027

Female 0.913 (0.737, 1.131) 0.4034
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-0.05), the median difference (95% CI) of anger was -0.03
(-0.04, -0.01), the median difference (95% CI) of fear was
-0.04 (-0.06, -0.03), the median difference (95% CI) of dis-
gust was -0.02 (-0.03, -0.01), and the median difference
(95% CI) of joy was 0.31 (0.23, 0.40).

There was no significant dependency between socio-
demographic characteristics and audience type, apart from
time (Table 2).

Fitting linear regression models, we found when writing
to an explicit audience as compared to writing to an implied
audience, users wrote longer narratives (CI 1.32-1.99, p <
0:0001) and wrote with less sadness (CI 0.33-0.58, p <
0:0001), less anger (CI 0.34-0.62, p < 0:0001), more joy (CI
1.83-3.53, p < 0:0001), less disgust (CI 0.24-0.45, p < 0:0001),
and less fear (CI 0.23, 0.43, p < 0:0001) (Table 4).

4. Discussion

Our findings demonstrate that audience was strongly associ-
ated with the way users expressed emotions when writing in
a well-being app. When writing to an explicit audience users
wrote longer narratives, with less sadness, less anger, less dis-
gust, less fear, and more joy, this has direct relevance for
researchers and well-being app designers as eliciting greater
positive emotion may contribute to improved well-being and
physical health.

The current work is the first to our knowledge to demon-
strate how the audience impacts a narrator’s expression of
affect in the context of a well-being app. However, more gen-
erally, the importance of audience has been long docu-
mented in narrative and psychological research [5, 7, 8,
21]. Further, narrative and psychological theory posit that
affective expression is in fact a physical representation of
emotional experience [16–19]. Recent empirical evidence
supports this theoretical position and demonstrates that
affective expression in writing corresponds with emotional
experiences such that increased use of positive emotions
was correlated with higher well-being and better physical
health [20]. Therefore, creators of chatbot-based well-being
interventions may consider prompting users to write to an
explicit audience to elicit more content and stronger positive
emotion.

Future research must continue to examine how writing
in well-being apps impacts psychological well-being over-
time. For instance, might writing to explicit others and thus
using more positive emotions (e.g., joy) increase well-being
overtime, and could writing about sadness, fear and disgust
be linked with decreased well-being? Conversely, overtime
might addressing and expressing negative emotions through
writing help people work through psychosocial challenges
and thus experience increased well-being in the long run.

4.1. Limitations. One limitation of the current study was that
many more people wrote to an implied audience as opposed
to writing to an explicit audience. Therefore, it is possible
that there may be a lack of generalizability. Another limita-
tion was that we only analyzed the first writing activity,
and it is possible that emotions would differ overtime by
audience. Future research should examine the differences

in writing based on audience and how writing on this plat-
form may change overtime.

Another limitation of the current study was that most of
the users were in North American or European time zones
and using iPhone, and thus, the generalizability of our find-
ings may be limited. Three major benefits of mobile app-
based interventions are their scalability, affordability, and
potential to overcome stigma [28, 29]. Further studies with
broader global populations and more detailed demographics
including age, race, and socioeconomic measures could
properly assess the generalizability of these findings and
the appropriateness of this intervention across cultures and
genders.

5. Conclusion

As well-being apps become increasingly popular [11], it is
necessary to ensure that app developers consider how spe-
cific writing prompts within the app elicit distinct psycho-
logical processes. The stark differences depending on
audience identified in our analysis suggest that audience
impacts the ways that narrator’s express emotion. Therefore,
researchers and app designers must carefully consider the
impact of audience when designing well-being apps. Accord-
ingly, developers who aim to foster writing with more posi-
tive affect should consider using explicit as opposed to
implicit audiences in their writing prompts. App-based
well-being interventions should give special consideration
to the wording of questions and specifically to the use of
explicit or implied audience of written prompts.
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