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Abstract

Many people aim for change, but not ev-
eryone succeeds. While there are a num-
ber of social psychology theories that propose
motivation-related characteristics of those who
persist with change, few computational stud-
ies have explored the motivational stage of
personal change. In this paper, we investi-
gate a new dataset consisting of the writings
of people who manifest intention to change,
some of whom persist while others do not. Us-
ing a variety of linguistic analysis techniques,
we first examine the writing patterns that dis-
tinguish the two groups of people. Persis-
tent people tend to reference more topics re-
lated to long-term self-improvement and use
a more complicated writing style. Drawing
on these consistent differences, we build a
classifier that can reliably identify the people
more likely to persist, based on their language.
Our experiments provide new insights into the
motivation-related behavior of people who per-
sist with their intention to change.

1 Introduction

Many people aim for personal change at differ-
ent points in their lives (Baranski et al., 2017). A
glance at a list of top-selling books readily yields
self-help manuals whose content ranges from im-
plicitly motivating (“Seven Habits of Highly Effec-
tive People” (Covey and Covey, 2020)) to explic-
itly calling for action (“Lean In” (Sandberg, 2013)).
However, simply wanting change is not sufficient
to achieve change. Persistence through the pro-
cess of pursuing personal change is important for
actual change to happen, and changes rarely hap-
pen overnight. Often, research on behavior change
focuses on understanding what makes people com-
mitted to regular or increased action, such as ex-
ercise (Marcus et al., 2000), or refraining from
certain actions such as not overeating (Pappa et al.,
2017) or not smoking (Kanner et al., 1999). An
ever-growing number of technological tools, such

as food diary apps and wearable activity trackers,
have emerged to help monitor and motivate healthy
behavior (Achananuparp et al., 2018; Chung et al.,
2017). Regardless of the tools that they use, if
someone is not ready for change yet, the interven-
tion is likely to fail (Prochaska and Velicer, 1997).

Stage-based models of intentional behavior
change posit that people progress through a se-
quence of two stages (Prochaska and Velicer, 1997;
Schwarzer and Renner, 2000): motivation and voli-
tion. In the initial motivation stage, a person devel-
ops an intention or goal to act. A person’s intention
to adopt better behavior depends on factors such as:
risk perceptions, or the belief that one is at risk of
a negative outcome (e.g. “If I keep procrastinating,
I’ll fail all my classes."); outcome expectancies, or
the belief that behavioral change would improve
the outcome (e.g. “If I can have a more consistent
daily routine, I will be more successful at work.”);
and perceived self-efficacy, or the belief that one is
capable of doing the desired actions.

In this paper, we seek to understand the charac-
teristics of people who are in the motivation stage
of behavior change, and how they talk about be-
havior change. Traditional behavior change tactics
focus on convincing people to take action with-
out consideration for what happens during the lead
up period (Prochaska and Velicer, 1997). Insight
into how people act during these earlier stages can
help us better understand their needs and inform
interventions, such as recommending social me-
dia content that exemplifies healthy approaches to
self-improvement. They can also help predict later
behavior and persistence using early signals.

1.1 Research Questions

We explore how we can computationally model
change-seeking behavior and distinguish between
those who maintain persistent interest in personal
change during the motivation phase and those who
do not. People often turn to social media to ex-
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press their thoughts and emotions, which provides
a rich data source for studying their perceptions
and thoughts (Dong et al., 2019).

We address our research questions using
a dataset consisting of the writings of 536
people from an online community focused
on self-improvement (the Reddit community
r/getdisciplined). In this dataset, we identify those
who post frequently and those who post infre-
quently to identify persistent and non-persistent
commitment to change. We analyze the topics,
linguistic style, and expressed emotions of the
posts authored by the persistent and non-persistent
groups of people. Specifically, in this paper, we
address three main research questions:

1. What are the aspects of life that people want
to improve?

2. What linguistic style do people use to signal
their persistent interest in self-improvement?

3. How does persistent interest in self-
improvement reflect in the emotions that
authors express?

Using the features tested in the three separate
analyses, we are able to classify persistently and
non-persistently active authors with over 60% accu-
racy, even when using the posts that authors write
prior to joining r/getdisciplined. Considering both
the descriptive and predictive analyses, our find-
ings indicate that persistent interest in change can
be signalled by early changes in behavior in online
discussions.

2 Related Work

Behavior Change. Personal and behavioral
change have a long history in the field of psychol-
ogy (Prochaska and Marcus, 1994). Improving
health behaviors motivated much work in areas like
smoking cessation and increasing physical activity.
However, work on understanding how to encourage
positive change has expanded to cover countless
areas, like decreasing crime (Laub and Sampson,
2001), increasing environmentally friendly behav-
ior (Semenza et al., 2008), and enhancing overall
well-being (Bentley et al., 2013). This previous
work has shown that many factors can influence
an intervention’s efficacy, a person’s willingness to
change, and which strategy to choose for a given
person (DiClemente and Prochaska, 1998). Fur-
ther, an intervention’s efficacy may change based

on where a person is in their process of change.
Different stages in the process can be correlated
with different levels of attitudes, such as risk per-
ception or self-efficacy (Schwarzer, 2008). Such
attitudes capture a person’s estimate of their ability
to perform and succeed in challenging situations
and are often reflected in the actions that people
choose to take or not to take later in later stages
(Claro et al., 2016; Dweck, 2006; Velicer et al.,
1990). Several theories of behavioral change de-
lineate stages of change and advocate for interven-
tions tailored to each stage (Prochaska and Velicer,
1997; Schwarzer, 2008).

Self-Improvement in Online Communities.
In recent years, many have turned towards online
communities and platforms, such as Reddit and
Facebook, to help them make positive personal
changes. The anonymity available in online dis-
cussions helps combat fears of stigma or lack of
understanding (Ammari et al., 2019). This relative
freedom of expression enables researchers to ana-
lyze how people seek help through online channels
and what they seek (Jurgens et al., 2015). People
join online communities to obtain support from
those with similar experiences (Chung, 2014), to
ask for guidance and resources (White and Dor-
man, 2001), and to seek accountability (Kummer-
vold et al., 2002). Such support can lead to higher
perceived self-efficacy (Turner et al., 1983).

However, as noted by prior work in behavior
change, the type of help needed can be highly de-
pendent on one’s personal characteristics and sit-
uation. In our work, we seek to better understand
this using Reddit. There has been considerable ef-
fort spent on learning about people’s demographic
attributes from social media posts (An and Weber,
2016). Work has also targeted internal attributes,
such as personality and value, which can be more
difficult to extract but can provide richer features
for downstream tasks (Shen et al., 2019). How-
ever, few have studied general intentional personal
change efforts based on social media posts. We
tackle uncovering the underlying linguistic charac-
teristics of those who maintain persistent interest
in self-improvement.

3 Data

We focus on a Reddit community called
r/getdisciplined, where people seek and give ad-
vice about how to achieve life goals and build bet-
ter habits. This community boasts over 768,000



members as of March 2021 and is one of the largest
self-improvement subreddits on Reddit. Whereas
most self-improvement groups target specific be-
haviors or goals, such as exercising, losing weight,
dieting, or improving mental health, this subred-
dit targets improving general mental habits. For
instance, people ask questions such as “How do I re-
learn doing things just for fun?" and “How do I stop
caring about people and craving their attention?" as
opposed to questions that are more specific to ac-
tivities like “Tips for increasing strength in arms?"
or “How do I eat properly?"

Each submission, or original post that is not a
comment, must designate the intent of the post us-
ing a set of specific tags. One can seek advice
([NeedAdvice], [Question]), give advice ([Advice],
[Method]), facilitate discussion and accountability
([Discussion], [Plan]), or talk about r/getdisciplined
overall ([Meta]). Most submissions seek advice
from the community and tend to discuss fundamen-
tal issues such as procrastination, lack of motiva-
tion, and time management. A sample of submis-
sions are shown in Table 1.

From the submissions, we can see clear distinc-
tions between people who seek help. In the first
submission, the author expresses that they think a
negative trait, procrastination, is probably a set part
of their personality and that they do not believe
in themselves, resulting in expression of negative
emotions (“mildly depressed”). On the other hand,
the second submission seeking advice does not
make any self-deprecating statements and asks only
for productivity tips (“producing quality work”).
This implies that they believe in their ability to
change their habits with guidance. Across all sub-
missions, it is clear that the writers have made con-
certed efforts to understand their own behavior.

We focus on people who join r/getdisciplined
and then become active during a period of five
months, from 2017/1 to 2017/5. These are people
who had an initial intent to change which turned
into continued engagement and persistent intent.1

We categorize people as persistently active in the
subreddit, or persistent, if they have posted at least
four or more times in the given five months.2 Only
people who have posted in three unique months
before and after the target period, respectively, are
considered. This pre-processing ensures that there
is sufficient data for analysis before, during, and

1Data collected using http://pushshift.io
2This number of posts is the 90th percentile among people

who posted during this time.

after each person’s participation in r/getdisciplined.
We then randomly sample an equal number of non-
persistent people, or people who have posted only
once in the 5 months, with the same requirement for
posts before and after. Table 2 shows the number of
users and posts in our dataset. The total number of
users, including both persistent users and a random
sample of non-persistent users, is 536.

4 Characteristics of Persistent Interest in
Change

We address the study’s questions about persis-
tence in personal change by analyzing the dis-
cussed topics, the linguistic style, and the ex-
pressed emotions in Reddit posts. We analyze both
their general behavior on Reddit prior to joining
r/getdisciplined as well as their initial behavior
within r/getdisciplined. Investigating how people
act before joining r/getdisciplined helps us learn
about the mental or behavioral patterns that indi-
cate a higher likelihood of their intent to change
their behavior. As a complement to prior behav-
ior, an individual’s first post indicates how they are
approaching behavior change.

4.1 What Are the Aspects of Life that People
Want to Improve?

We uncover the particular areas of life that people
seek to improve and their prevalence in discussion.
We use topic modeling techniques to uncover the
areas of interest that people discuss in their online
posts, both within and outside of the context of
personal change.

Participation in Subreddits. The subreddits, or
Reddit communities, in which a person posts shows
the general topics with which they engage. We
therefore calculate how frequently each user posts
in every subreddit, considering only the subreddits
that receive 10 posts in aggregate by users that we
observe. We consider only the posts made by the
users before their first post in r/getdisciplined.

We show the top 50 subreddits for persis-
tent and non-persistent users prior to joining
r/getdisciplined in Table 3. We can see that per-
sistent individuals are active in a number of topic-
specific self-improvement subreddits, such as Fit-
ness, LifeProTips, and personalfinance. Non-
persistent individuals participate in many more
gaming subreddits, i.e. related to leisure rather than
self-improvement. Both groups post in popular sub-
reddits like AskMen, AskReddit, and funny; the

http://pushshift.io


Post

I am a chronic procrastinator without any hope... do you know any drastic measures that might help
me turn my life around? I have been procrastinating intensely for pretty much my whole life. It just
seems to be a part of my personality at this point. I tried many things but I could never handle it. I
have been mildly depressed for a long time now and have no belief in myself whatsoever.

How do you balance Parkinson’s Law with producing quality work? I often find myself spending a
lot of time on tasks, and I recently read about Parkinson’s Law from Tim Ferriss’ 4 Hour Workweek.
The law states that a project or task will expand to fill the time you have allotted to it. It obviously
takes a lot of time and hard work to produce something of quality, whether it be music, writing, etc.
How do you stave off Parkinson’s Law while still producing something of quality?

Table 1: Sample [NeedAdvice] posts from the r/getdisciplined subreddit.

Data Summary

Total Number of Users 536
Posts from r/getdisciplined 6010
Posts from other subreddits 336455

Table 2: Summary statistics about the dataset, such as
the number of users and posts.

prevalence of “ask-X” related subreddits suggests a
level of open-mindedness to change that one would
expect of people potentially committed to change.

Topics of General Discourse. To gain further
insight into the topics that motivated people engage
with, we turn to topic modeling. Latent topics can
group concepts that overlap between subreddits
and ones that differentiate posts in the same subred-
dit. We use the Latent Dirichlet Allocation (LDA)
model (Blei et al., 2003) to discover topics in our
dataset. LDA takes a set of documents, D, which
each contain a sequence of words, and outputs a set
of latent topics that make up the documents. We
treat each post as a document d and consider all
posts made by our target users in the six months
prior to joining r/getdisciplined.

To choose the number of topics for the LDA
model, we train models on the general posts made
prior to r/getdisciplined with k = 5, 10, 15, 20, 30
and then manually inspect the resulting topics and
their constituent words to evaluate intra-topic coher-
ence and inter-topic separation. To do this, for each
value of k we look for resulting topics whose words
seemed to primarily be related to one topic, as well
as having a lower number of overlapping words
between topics. We intentionally keep to a smaller
number of topics since we qualitatively found that
increasing the number of topics past 30 led to much
lower coherence. We choose the 30-topic LDA
model for our analysis and later classification ex-

periments. Using the resulting model, we examine
the content of user posts pre-r/getdisciplined.

In Table 4, we show a subset of topics and label
them through a manual inspection of the top words
associated with the topic from the LDA model (e.g.
“school", “college", and “classes" correspond to
the topic labeled “Education"). We note the top-
ics that differ significantly across posts made by
persistent and non-persistent users before joining
r/getdisciplined. We see that persistent users talk
more about education, indicating pre-existing inter-
est in a common area of self-improvement. On the
other hand, non-persistent users discuss music, pol-
itics, and Reddit more, which are general or leisure
interests that may be less related to one’s personal
life.

Topics of Interest in Self-improvement. The
topics that people discuss in general on Reddit dif-
fer greatly from those that are discussed in a fo-
cused subreddit. To hone in on the content specific
to r/getdisciplined, we train another 30-topic LDA
model using all the posts made in r/getdisciplined
between 2016/1 to 2020/2.

We represent each initial post with the distribu-
tion of topics that it contains, according to this LDA
model. In Table 4, we again show a subset of topics
and note those that differ significantly between the
two groups of users. Persistent users discuss study-
ing and academics more than non-persistent users,
as well as time and time management, showing in-
terest in longer-term shifts in how to go about their
life. Non-persistent users engage in more words
of encouragement and conversation, perhaps try-
ing to establish connection with the community to
increase the likelihood of helpful responses. They
also speak about productivity more than persistent
users, which is indicative of asking for straightfor-
ward productivity tips to solve immediate problems



User type Top Subreddits

Persistent Advice, DotA2, EliteDangerous, Fitness, GameStop, GlobalOffensiveTrade, Life-
ProTips, MakeupRehab, MarvelPuzzleQuest, RWBY, argentina, aww, conspiracy,
cowboys, explainlikeimfive, fantasyfootball, hearthstone, me_irl, personalfinance,
photography, relationships, summonerschool, wow

Non-persistent BigBrother, CFB, CringeAnarchy, DeadBedrooms, HelloInternet, IAmA, No-
MansSkyTheGame, NoStupidQuestions, OutreachHPG, Roadcam, SquaredCircle,
SubredditDrama, WTF, Warframe, baseball, bjj, cars, casualiama, nottheonion, skyrim-
mods, skyrimrequiem, slatestarcodex, smashbros

Both AdviceAnimals, AskMen, AskReddit, Jokes, MMA, Overwatch, Showerthoughts,
The_Donald, funny, gaming, gifs, leagueoflegends, mildlyinteresting, movies, nba,
news, nfl, pcmasterrace, pics, pokemon, pokemongo, politics, soccer, television,
todayilearned, videos, worldnews

Table 3: Top 50 subreddits prior to joining r/getdisciplined for persistent and non-persistent users respectively,
divided into those that correspond to only one group and both groups. Subreddits relevant to self-improvement are
bolded.

Feature P NP P-NP
1st post
Studying 0.072 0.037 0.036*
Routines 0.114 0.085 0.028
Productivity 0.062 0.073 -0.011**
Mental Health 0.102 0.105 -0.002
Time 0.165 0.118 0.047*
Goals 0.086 0.071 0.015
Encouragement 0.021 0.049 -0.028*
Habits 0.129 0.083 0.046
Conversation 0.046 0.102 -0.056*
Work 0.130 0.125 0.005
Prior six months
Music 0.092 0.093 -0.002**
Relationships 0.213 0.180 0.033
News 0.147 0.148 -0.001*
Finance 0.172 0.186 -0.014*
Politics 0.133 0.180 -0.047**
Gaming 0.164 0.188 -0.024
Education 0.228 0.189 0.039**
Reddit 0.102 0.122 -0.019**
Automobiles 0.112 0.133 -0.021*
Family 0.314 0.300 0.014

∗ − p < 0.05, ∗ ∗ −p < 0.01, ∗ ∗ ∗ − p < 0.001

Table 4: Mean distributions of topics among posts for
persistent (P) and non-persistent (NP) users, as well as
the differences between them (P-NP). Statistical signif-
icance is determined using a two-sided T-test, with the
Benjamini-Hochberg Procedure applied to control for
multiple hypotheses testing.

(e.g. “What apps can I use to help with work?"),
rather than tackling longer-term change (e.g. “I
really want to gain some discipline and self control.
I would appreciate advice!").

4.2 What Linguistic Style Do People Use to
Signal their Persistent Interest in
Self-Improvement?

Patterns in how people express themselves through
language can potentially tell us about how they
think. Linguistic style has been shown to reflect
numerous behavioral characteristics such as per-
sonality (Scherer, 1979), and intent (Pennebaker,
2011). We look at the length of each post, taking
the number of words contained in the post as a fea-
ture. We also consider each post’s readability as
defined by its Flesch Reading Ease score (Kincaid
et al., 1975): higher scores indicate longer average
word length and sentence length, which implies
more difficulty in reading. We compute these two
scores for each post and use these two values as
features in our predictive models. As before, we
analyze the posts of persistent and non-persistent
users both prior to posting in r/getdisciplined and
in their first post in the subreddit.

General Linguistic Style. We show the average
post lengths and Flesch Reading Ease scores for the
prior posts of persistent and non-persistent users in
Table 5. Persistent users tend to have longer posts
than non-persistent users, which could indicate a
more committed writing style (e.g., explaining all
necessary details of a situation when posting). In
contrast, the two groups’ posts do not differ much
in readability.



1st post Prior 6 mon.
Feature P NP P-NP P NP P-NP
Linguistic Features
Readability -9.800 43.002 -52.802*** 49.163 52.971 -3.807
Post Length 96.276 47.522 48.754*** 40.572 34.548 6.024**
Emotions
Anticipation 0.124 0.108 0.016 0.115 0.115 0.001
Disgust 0.031 0.024 0.007 0.044 0.044 -0.001
Sadness 0.045 0.042 0.003 0.067 0.066 0.002
Trust 0.109 0.090 0.019 0.135 0.133 0.003
Surprise 0.032 0.033 -0.000 0.054 0.054 -0.000
Anger 0.038 0.029 0.009 0.059 0.066 -0.007*
Negative 0.116 0.103 0.014 0.131 0.138 -0.007
Joy 0.060 0.062 -0.002 0.098 0.095 0.003
Fear 0.059 0.047 0.013 0.070 0.073 -0.003
Positive 0.210 0.199 0.011 0.226 0.216 0.010

∗ − p < 0.05, ∗ ∗ −p < 0.01, ∗ ∗ ∗ − p < 0.001

Table 5: Mean feature values of linguistic and emotion features in posts from persistent (P) and non-persistent
(NP) users, as well as the differences between them (P-NP). Note that the differences for different measures are
on different scales. Statistical significance is determined using a two-sided T-test, with the Benjamini-Hochberg
Procedure applied to control for multiple hypotheses testing.

Self-Improvement Linguistic Style. Next, we
look at the average post lengths and readability
scores of initial posts in r/getdisciplined (Tab. 5).
In contrast to the pre-joining posts, persistent users
write significantly longer posts and lower readabil-
ity, indicating more complex posts. Initial posts
that ask for help without self-deprecation, such as
the second post in Table 1 can include many details
about the situation at hand so that others can offer
pertinent advice.

4.3 How Does Persistent Interest in
Self-improvement Reflect in the Emotions
that Authors Express?

The third research question considers trends in
emotional expression among people seeking mo-
tivation for change. Emotions can signal attitude
towards one’s intended behavior change. For in-
stance, someone who believes that success is based
on innate ability or who expects that they will fail
at difficult tasks will probably shy away from goals
that require large effort (Hutchinson et al., 2008).
On the other hand, those who believe success re-
sults from hard work or believe in their own ability
to tackle challenges may be more persistent in their
efforts (Strecher et al., 1986).

To analyze such trends, we use the NRC Emo-
tion Lexicon (Mohammad and Turney, 2013, 2010),
which contains English words and their associa-
tions with positive and negative sentiment as well

as eight basic and prototypical emotions (Plutchik,
1980): anger, fear, anticipation, trust, surprise, sad-
ness, joy, and disgust. Complex emotions, such
as regret or gratitude, can typically be viewed as
combinations of these basic emotions. The lexi-
con contains 14,182 general domain words, each
of which can be linked to multiple emotions.

Emotions in General Discourse. Building on
our previous observation about the prevalence of
emotional words, we now compare the rate of use
among persistent and non-persistent people. We
compute the total proportion of emotions expressed
for each person by averaging the counts of emotion
words used across the person’s posts. Comparing
the persistent and non-persistent people, we found
that most of the emotions are equally found in posts
by both groups. However, non-persistent users
express more anger in general, which may indicate
a tendency to be more easily discouraged when
faced with difficulty in everyday situations.

Emotions of Self-improvement. We use the
same emotion lexicon to extract the expressed emo-
tions in each initial post to r/disciplined. The ex-
pressed emotions in first posts that do not differ
significantly between persistent and non-persistent
users (Table 5). However, we see that there is a
general trend among everyone of expressing pos-
itive sentiment, anticipation, and trust, which sig-
nals that they are hopeful with respect to self-
improvement and are open to discussing problems



and solutions. There is also negative sentiment,
which can indicate dissatisfaction towards their cur-
rent situation and therefore desire to change.

5 Predicting Persistence in Change

Our analyses have identified that the people who
persist in their self-improvement efforts exhibit
consistent linguistic differences in topics, writing
style, and emotional expression, versus those who
do not persist. As a natural next step, we ask
whether we can leverage these characteristics to au-
tomatically distinguish between these two groups.
We set up a prediction task to determine whether
a user is likely to become a persistent or non-
persistent user on r/getdisciplined by considering:
(1) their language use within six months prior to
their initial post on r/getdisciplined; (2) their lan-
guage use in their first post; and (3) their combined
language use within the six months prior and their
first post on r/getdisciplined.

To provide more fine-grained semantic repre-
sentation of the post language, we also construct
word embeddings (Mikolov et al., 2013) from the
text of each post, using word2Vec embeddings pre-
trained on news text.3 Word embeddings are useful
in capturing fine differences between words, such
as differences in sentiment valence between sim-
ilar words (e.g. “good” vs. “great”). For each
initial post in r/disciplined, we average the word
embeddings of each word in the post to generate
a per-post embedding. To represent prior posts,
we average the per-post embeddings for all posts
of each user from the six months prior to joining
r/getdisciplined. For readability, we also include
an aggregate readability score based on a number
of different readability metrics, in addition to the
Flesch score used earlier.4

We compare the performance of classifiers that
use different combinations of the linguistic fea-
tures that we have shown to correlate with persis-
tent behavior. Our task is the binary prediction of
whether a user will continue to engage (persistent
user) or leave after an initial post (non-persistent
user). The experiments are performed using SVM
classifiers (Cortes and Vapnik, 1995) and evaluated
using 10-fold cross validation.5 Since our dataset
is balanced, both the random and majority class

3https://code.google.com/archive/p/
word2vec/

4https://pypi.org/project/textstat/
5We used the SVM classifier, with default parameters, as

applied in Scikit-learn: https://scikit-learn.org

Features Acc Prec Rec F1
1st post
Readability 0.61 0.59 0.72 0.65
Post Length 0.60 0.57 0.83 0.67
Emotionality 0.54 0.54 0.57 0.55
W2V 0.60 0.64 0.46 0.53
LDA 0.58 0.59 0.53 0.56
Combined 0.62 0.59 0.79 0.67
Prior six months
Readability 0.53 0.52 0.63 0.57
Post Length 0.56 0.56 0.57 0.57
Emotionality 0.54 0.54 0.49 0.51
W2V 0.56 0.55 0.58 0.57
Subreddits 0.55 0.54 0.62 0.58
LDA 0.62 0.63 0.59 0.61
Combined 0.55 0.55 0.59 0.57

All 0.61 0.58 0.77 0.66

Table 6: Prediction results for binary classification of
persistence in r/getdisciplined. Metrics: accuracy, pre-
cision, recall, and F1 score.

baselines correspond to an accuracy of 50%.
We present the results in Table 6, with classifi-

cation performance shown for each feature set de-
rived from a user’s prior behavior, their first post in
r/getdisciplined, and the combination of all features.
Using all features, our models are able to achieve an
average accuracy of over 60%. This shows that peo-
ple who persist with change can be distinguished
from those who do not, even before they commit
to change by posting in r/getdisciplined. That said,
the models that use only features from each user’s
initial post in r/getdisciplined yield the highest per-
formance overall. This is in line with previous
work showing that the initial posts that someone
makes in a conversation can reliably predict fu-
ture outcomes, such as whether a debate will derail
(Zhang et al., 2018) or a user will remain loyal
to a community (Hamilton et al., 2017). More-
over, someone’s first post encapsulates how they
approach self-improvement such as whether they
think it is possible or is an insurmountable goal,
which is reflected in their language use.

6 Discussion

The readability of a user’s initial post appears
highly indicative of their future engagement level.
As shown previously in Section 4.2, persistent users
tend to have lower readability in initial posts than
non-persistent users. This could be because they
come with the intention of engaging with the sub-

https://code.google.com/archive/p/word2vec/
https://code.google.com/archive/p/word2vec/
https://pypi.org/project/textstat/
https://scikit-learn.org


reddit, and therefore devote more time to their in-
troductory post hoping for a similar reaction of
engagement from the forum. Post length is also
a strong signal for our models both when we’re
considering only each user’s first post as well as
their prior posts on Reddit. Similar to the readabil-
ity feature, one possible explanation is the higher
engagement with the community through longer
posts. Users having longer posts prior to joining
r/getdisciplined indicates a more consistently per-
sonal style of extensive writing and engagement,
and therefore more willingness for self-disclosure.

The emotionality features provided some signal
for the model, but were not as helpful as our other
features. However, emotionality features derived
from the 1st post resulted in higher recall than those
derived from the prior six months, which could in-
dicate that there is more expressed through emotion
in the 1st post than in general text.

Prediction performance was consistently high
when using word embeddings, which shows that
the latent semantic information in embeddings is
helpful. However, it is not significantly better than
the other top features, indicating that there is room
for improvement in representing more subtle lin-
guistic information such as intent or attitude.

Topical content features derived through LDA
were among the best performing features for activ-
ity from the prior 6 months, while a user’s subreddit
activity history was less predictive. The subreddits
in which someone participates might be too coarse-
grained for our task, whereas topic models can
better capture the fine-grained behavior that relates
to self-improvement and mindset.

Our results demonstrate how people with persis-
tent interest in personal change act differently from
those who do not maintain persistent interest. Our
analyses showed that those with persistent change
intent had higher prior engagement with topics that
foster personal change, such as education. This
kind of behavior represents a form of gathering
information related to the intended form of change.
Information gathering is an important aspect of a
person’s reflecting and considering their motiva-
tion for potential future change (Schwarzer, 2008).
In addition to topics, we revealed differences in
linguistic style between the two groups of people.
Persistent users tended to have longer initial posts
with lower readability.

Implications for Tailored Interventions We
can use our findings and further work to tai-

lor behavior change interventions towards people
with different characteristics. Those character-
ized with lower persistence may be in an earlier
behavior change stage, necessitating a different
approach than those in later stages (DiClemente
and Prochaska, 1998). For example, a social in-
tervention could consist of a community modera-
tor, or persistent community member, being paired
with a likely non-persistent member (based on lan-
guage use) to encourage them to stay committed
to their goal (Vlahovic et al., 2014). Alternatively,
a community-based intervention system could au-
tomatically recommend posts from persistent peo-
ple, for the non-persistent people to read as a way
to learn how to approach change in a healthier
way (Cosley et al., 2007).

7 Conclusion

In this paper, we explored the behavior of users
from an online community, r/getdisciplined, as a
proxy for measuring persistent intent towards per-
sonal change. By analyzing user behavior prior
to and immediately after joining the community,
we showed quantitative differences between users
who sustained intent towards general self-initiated
change versus those who did not. Those who
have persistent intent tended to engage more with
change-oriented topics such as education even prior
to expressing explicit intent to change.

We then leveraged these linguistic characteris-
tics to build predictive models that were able to
automatically distinguish people who continued
engagement in r/getdisciplined and sustained their
intent for self-improvement from those who did not
continue, even before their first post.

Our results provide actionable insight for re-
search areas that investigate behavior change. Un-
derstanding the underlying mechanisms associated
with persistence in change can support the develop-
ment of new approaches to help people change for
the better.

Acknowledgments

This material is based in part upon work sup-
ported by the National Science Foundation (grant
#1815291) and by the John Templeton Founda-
tion (grant #61156). Any opinions, findings, and
conclusions or recommendations expressed in this
material are those of the authors and do not nec-
essarily reflect the views of the National Science
Foundation or the John Templeton Foundation.



References
Palakorn Achananuparp, Ee-Peng Lim, and Vibhanshu

Abhishek. 2018. Does journaling encourage health-
ier choices? Analyzing healthy eating behaviors of
food journalers. In Proceedings of the 2018 Interna-
tional Conference on Digital Health. 35–44.

Tawfiq Ammari, Sarita Schoenebeck, and Daniel
Romero. 2019. Self-declared throwaway accounts
on Reddit: How platform affordances and shared
norms enable parenting disclosure and support. Pro-
ceedings of the ACM on Human-Computer Interac-
tion 3, CSCW (2019), 1–30.

Jisun An and Ingmar Weber. 2016. # greysanatomy
vs.# yankees: Demographics and Hashtag Use on
Twitter. In Tenth International AAAI Conference on
Web and Social Media.

Erica N Baranski, Patrick J Morse, and William L Dun-
lop. 2017. Lay conceptions of volitional personal-
ity change: From strategies pursued to stories told.
Journal of personality 85, 3 (2017), 285–299.

Frank Bentley, Konrad Tollmar, Peter Stephenson,
Laura Levy, Brian Jones, Scott Robertson, Ed Price,
Richard Catrambone, and Jeff Wilson. 2013. Health
Mashups: Presenting statistical patterns between
wellbeing data and context in natural language to
promote behavior change. ACM Transactions on
Computer-Human Interaction (TOCHI) 20, 5 (2013),
1–27.

David M Blei, Andrew Y Ng, and Michael I Jordan.
2003. Latent dirichlet allocation. Journal of ma-
chine Learning research 3, Jan (2003), 993–1022.

Chia-Fang Chung, Elena Agapie, Jessica Schroeder,
Sonali Mishra, James Fogarty, and Sean A Munson.
2017. When personal tracking becomes social: Ex-
amining the use of Instagram for healthy eating. In
Proceedings of the 2017 CHI Conference on Human
Factors in Computing Systems. 1674–1687.

Jae Eun Chung. 2014. Social networking in online sup-
port groups for health: how online social networking
benefits patients. Journal of health communication
19, 6 (2014), 639–659.

Susana Claro, David Paunesku, and Carol S.
Dweck. 2016. Growth mindset tempers the
effects of poverty on academic achievement.
Proceedings of the National Academy of Sci-
ences 113, 31 (2016), 8664–8668. https:
//doi.org/10.1073/pnas.1608207113
arXiv:https://www.pnas.org/content/113/31/8664.full.pdf

Corinna Cortes and Vladimir Vapnik. 1995. Support-
vector networks. Machine learning 20, 3 (1995),
273–297.

Dan Cosley, Dan Frankowski, Loren Terveen, and John
Riedl. 2007. SuggestBot: using intelligent task rout-
ing to help people find work in wikipedia. In Pro-
ceedings of the 12th international conference on In-
telligent user interfaces. 32–41.

Stephen R Covey and Sean Covey. 2020. The 7 habits
of highly effective people. Simon & Schuster.

Carlo C DiClemente and James O Prochaska. 1998.
Toward a comprehensive, transtheoretical model of
change: Stages of change and addictive behaviors.
(1998).

MeiXing Dong, David Jurgens, Carmen Banea, and
Rada Mihalcea. 2019. Perceptions of Social Roles
Across Cultures. In International Conference on So-
cial Informatics. Springer, 157–172.

C.S. Dweck. 2006. Mindset: The New Psy-
chology of Success. Random House Publish-
ing Group. https://books.google.com/
books?id=fdjqz0TPL2wC

William Hamilton, Justine Zhang, Cristian Danescu-
Niculescu-Mizil, Dan Jurafsky, and Jure
Leskovec. 2017. Loyalty in Online Commu-
nities. https://www.aaai.org/ocs/
index.php/ICWSM/ICWSM17/paper/
view/15710/14848

Jasmin C Hutchinson, Todd Sherman, Nevena Marti-
novic, and Gershon Tenenbaum. 2008. The effect
of manipulated self-efficacy on perceived and sus-
tained effort. Journal of Applied Sport Psychology
20, 4 (2008), 457–472.

David Jurgens, James McCorriston, and Derek Ruths.
2015. An analysis of exercising behavior in online
populations. In Ninth international aaai conference
on web and social media.

Richard E Kanner, John E Connett, David E Williams,
A Sonia Buist, Lung Health Study Research Group,
et al. 1999. Effects of randomized assignment to
a smoking cessation intervention and changes in
smoking habits on respiratory symptoms in smokers
with early chronic obstructive pulmonary disease:
the Lung Health Study. The American journal of
medicine 106, 4 (1999), 410–416.

J Peter Kincaid, Robert P Fishburne Jr, Richard L
Rogers, and Brad S Chissom. 1975. Derivation of
new readability formulas (automated readability in-
dex, fog count and flesch reading ease formula) for
navy enlisted personnel. Technical Report. Naval
Technical Training Command Millington TN Re-
search Branch.

Per E Kummervold, Deede Gammon, Svein Bergvik,
Jan-Are K Johnsen, Toralf Hasvold, and Jan H
Rosenvinge. 2002. Social support in a wired world:
use of online mental health forums in Norway.
Nordic journal of psychiatry 56, 1 (2002), 59–65.

John H Laub and Robert J Sampson. 2001. Under-
standing desistance from crime. Crime and justice
28 (2001), 1–69.

Bess H Marcus, LeighAnn H Forsyth, Elaine J Stone,
Patricia M Dubbert, Thomas L McKenzie, Andrea L

https://doi.org/10.1073/pnas.1608207113
https://doi.org/10.1073/pnas.1608207113
https://books.google.com/books?id=fdjqz0TPL2wC
https://books.google.com/books?id=fdjqz0TPL2wC
https://www.aaai.org/ocs/index.php/ICWSM/ICWSM17/paper/view/15710/14848
https://www.aaai.org/ocs/index.php/ICWSM/ICWSM17/paper/view/15710/14848
https://www.aaai.org/ocs/index.php/ICWSM/ICWSM17/paper/view/15710/14848


Dunn, and Steven N Blair. 2000. Physical activ-
ity behavior change: issues in adoption and main-
tenance. Health psychology 19, 1S (2000), 32.

Tomas Mikolov, Ilya Sutskever, Kai Chen, Greg S Cor-
rado, and Jeff Dean. 2013. Distributed representa-
tions of words and phrases and their composition-
ality. In Advances in neural information processing
systems. 3111–3119.

Saif M Mohammad and Peter D Turney. 2010. Emo-
tions evoked by common words and phrases: Using
mechanical turk to create an emotion lexicon. In Pro-
ceedings of the NAACL HLT 2010 workshop on com-
putational approaches to analysis and generation of
emotion in text. Association for Computational Lin-
guistics, 26–34.

Saif M. Mohammad and Peter D. Turney. 2013. Crowd-
sourcing a Word-Emotion Association Lexicon. 29,
3 (2013), 436–465.

Gisele Lobo Pappa, Tiago Oliveira Cunha, Paulo Viana
Bicalho, Antonio Ribeiro, Ana Paula Couto Silva,
Wagner Meira Jr, and Alline Maria Rezende
Beleigoli. 2017. Factors associated with weight
change in online weight management communities:
a case study in the LoseIt Reddit community. Jour-
nal of medical Internet research 19, 1 (2017), e17.

James W Pennebaker. 2011. Using computer analyses
to identify language style and aggressive intent: The
secret life of function words. Dynamics of Asymmet-
ric Conflict 4, 2 (2011), 92–102.

Robert Plutchik. 1980. A general psychoevolutionary
theory of emotion. In Theories of emotion. Elsevier,
3–33.

James O Prochaska and Bess H Marcus. 1994. The
transtheoretical model: Applications to exercise.
(1994).

James O Prochaska and Wayne F Velicer. 1997. The
transtheoretical model of health behavior change.
American journal of health promotion 12, 1 (1997),
38–48.

Sheryl Sandberg. 2013. Lean In: Women, Work and the
Will to Lead. Random House, Inc.

Klaus Rainer Scherer. 1979. Personality markers in
speech. Cambridge University Press.

Ralf Schwarzer. 2008. Modeling health behavior
change: How to predict and modify the adoption and
maintenance of health behaviors. Applied psychol-
ogy 57, 1 (2008), 1–29.

Ralf Schwarzer and Britta Renner. 2000. Social-
cognitive predictors of health behavior: action self-
efficacy and coping self-efficacy. Health psychology
19, 5 (2000), 487.

Jan C Semenza, David E Hall, Daniel J Wilson, Brian D
Bontempo, David J Sailor, and Linda A George.
2008. Public perception of climate change: vol-
untary mitigation and barriers to behavior change.
American journal of preventive medicine 35, 5
(2008), 479–487.

Yiting Shen, Steven R. Wilson, and Rada Mihalcea.
2019. Measuring Personal Values in Cross-Cultural
User-Generated Content. In Social Informatics, In-
gmar Weber, Kareem M. Darwish, Claudia Wag-
ner, Emilio Zagheni, Laura Nelson, Samin Aref, and
Fabian Flöck (Eds.). Springer International Publish-
ing, Cham, 143–156.

Victor J Strecher, Brenda McEvoy DeVellis, Mar-
shall H Becker, and Irwin M Rosenstock. 1986. The
role of self-efficacy in achieving health behavior
change. Health education quarterly 13, 1 (1986),
73–92.

R Jay Turner, B Gail Frankel, and Deborah M Levin.
1983. Social support: Conceptualization, measure-
ment, and implications for mental health. Research
in community & mental health (1983).

Wayne F Velicer, Carlo C Diclemente, Joseph S Rossi,
and James O Prochaska. 1990. Relapse situations
and self-efficacy: An integrative model. Addictive
behaviors 15, 3 (1990), 271–283.

Tatiana A Vlahovic, Yi-Chia Wang, Robert E Kraut,
and John M Levine. 2014. Support matching and sat-
isfaction in an online breast cancer support commu-
nity. In Proceedings of the SIGCHI Conference on
Human Factors in Computing Systems. 1625–1634.

Marsha White and Steve M Dorman. 2001. Receiving
social support online: implications for health educa-
tion. Health education research 16, 6 (2001), 693–
707.

Justine Zhang, Jonathan P Chang, Cristian Danescu-
Niculescu-Mizil, Lucas Dixon, Yiqing Hua, Nithum
Thain, and Dario Taraborelli. 2018. Conversations
gone awry: Detecting early signs of conversational
failure. arXiv preprint arXiv:1805.05345 (2018).


