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ABSTRACT
New horizons are emerging within healthcare delivery, ed-
ucation, intervention provision, and tracking. We study
a health social network that has tracked physical activi-
ties, biomarkers, and posts the participants have shared,
throughout a one-year program. The program was aimed
at helping people to adopt healthy behaviors and to lose
weight. In this paper, we focus on users’ posts that re-
late to physical activities. Prior papers characterize health
based solely on users’ information disclosed through natural
language or questionnaires. The drawback of these works
is their lack of medical records or health-related informa-
tion to validate their findings. By contrast, with our direct
access to users’ physical and medical data, we investigate
the implication of users’ posts at both individual and group
levels. We are able to validate our hypotheses about the
effects of certain social network activities, by contextualiz-
ing them in the specific users’ actual medical progress and
documented levels of exercise. Our findings show that ac-
tivity self-disclosure posts are good indicators of one’s real-
world physical activity, which makes them good resources
for monitoring the participants. In addition, using a phys-
ical activity propagation model, we show how these posts
can influence the physical activity behavior at the network
level. Further, posts exhibit distinctive affective, biological,
and linguistic style markers. We observe that these char-
acteristics can be used in a predictive capacity, to detect
positive activity signals with ∼ 88% accuracy, which can be
utilized for an unobtrusive monitoring solution.

Keywords
health social network; topic modeling; physical activity prop-
agation; classification

1. INTRODUCTION
Regular engagement in physical activity reduces the risk

of developing cardiovascular disease, diabetes, obesity, some
cancers, and other chronic conditions [1]. The estimated
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annual healthcare cost of obesity-related illness is a stagger-
ing $190.2 billion, nearly 21% of annual medical spending in
the United States [9]. Public health standards recommend
that adults participate in at least 30 minutes of moderate-
intensity physical activity on five or more days a week [16].
However, less than 50% of the adult population meets these
standards in many industrialized countries [3]. Thus, mon-
itoring physical activity, characterizing healthy behaviors,
and spreading them to a large population are important.

Recent technological advancements have opened new hori-
zons for healthcare delivery. The Internet is identified as an
important conduit for physical activity behavior suggestions
and interventions, engaged through newsletters, emails, pa-
tient portals, etc. [20]. Several studies have shown the
positive impact of these internet-based interventions [29].
In addition, numerous mobile apps have provided new op-
portunities to support healthy behaviors, through lifestyle
monitoring and through tracking and recording of physical
activities. Studies have found that 19% of smartphone own-
ers have at least one health app on their phone; the most
popular of which are exercise, diet and weight apps [23].
Another important development is the growth of online so-
cial media. One-third of consumers use social media for
health-related matters, including sharing information about
symptoms, drugs, and medical devices [23].

Utilizing these technologies, our recent study, named Yesi-
Well, was conducted in 2010-2011 as a collaboration between
PeaceHealth Laboratories, SK Telecom Americas, and Uni-
versity of Oregon. The goal of the study was to help over-
weight participants adopt healthy lifestyles and lose weight.
We recorded daily physical activities, social activities (e.g.,
text messages), biomarkers (e.g., weight), and biometric mea-
sures (e.g., triglyceride level) for a group of 254 individuals
who formed a social network. Physical activities were mea-
sured by a mobile device carried by each user, called h-pod.
All users enrolled in an online social network application al-
lowing them to make friends with and communicate to each
other. Biomarkers and biometric measures were recorded
via monthly medical tests performed at our labs.

One of the ways people communicate with each other on
our social network is through public posting. People ask
questions, support each other, express their feelings, and
disclose their physical activities. We found that activity
disclosure posts are good indicators of individual behavior
and group-level behavior. Specifically, we distinguish posts
that contain positive signals for physical activity (e.g., walk-
ing, running) from those that contain negative signals (e.g.,
sickness). We address the following three research questions:
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RQ1: Can we quantify the individual-level and group-level
behaviors related to these posts?

RQ2: What are the linguistic and psycholinguistic attributes
of positive and negative posts?

RQ3: Can these attributes be used to predict whether a
future post is positive or negative?

To study the individual-level behavior, we show that pos-
itive posts can point to an increase of physical activity com-
pared to (the average of) previous and future days. And like-
wise, a negative post can indicate a decrease in the activity
compared to (the average of) previous and future days. To
study the group-level behavior caused by the posts, we build
on our previous research [25] that demonstrated how social
influence can contribute to physical activity propagation.
Findings of the current paper show that there is a signifi-
cant difference between positive and negative posts in how
they influence other members of the network. Specifically,
a person’s positive post has a significantly higher probabil-
ity of propagating physical activity to other people in the
network than does a negative post.

To address the second research question, we characterize
the content of the posts. We use different techniques and lex-
icons. Using the psycholinguistic lexicon, LIWC1, we find
that the posts can be differentiated significantly by affec-
tive and biological processes. After running topic modeling
[5], we also observe that there exist significant differences
in topic distribution between the two groups of posts. In
addition, making use of the MPQA2 lexicon, we find that
positive posts express stronger subjective words.

To answer the last research question, we combine the lin-
guistic, and the psycholinguistic characteristics. We are able
to predict whether a post is positive or negative with ∼ 88%
accuracy. We do this via supervised learning with a linear-
kernel Support Vector Machine (SVM), and we perform 10-
fold cross-validation. This model could be used for similar
programs run in the future; we can monitor users’ posting
behavior, and we can deliver, therefrom, appropriate inter-
ventions to improve their levels of physical activity. Moni-
toring through text analysis can compensate for intervals in
which pedometers are not utilized or are not accurate [7].

Our work has a fundamental distinction from similar stud-
ies that characterize health in social networks. In previous
works, detection of the target population is contingent on
self-reporting or affiliation (e.g., use of a particular hash-
tag). Our work is the first that studies the diction and social
attributes of a population in conjunction with their actual
health-related data.

2. RELATED WORK

2.1 Physical activity intervention
Website-delivered physical activity interventions have the

potential to overcome many of the obstacles associated with
traditional in-person exercise counseling or group-based phys-
ical activity programs. An Internet user can seek advice at
any time, any place, and often at a lower cost compared
with other delivery modalities [8]. In [29], fifteen website-
delivered intervention programs that used the Internet or

1http://www.liwc.net/
2http://mpqa.cs.pitt.edu/

e-mail were evaluated. Improvement in physical activities
was reported in eight. Better outcomes were identified when
interventions had more than five contacts with participants
and when the time to follow-up was short (≤3 months; 60%
positive outcomes), compared to medium-term (3-6 months,
50%) and long-term (≥6 months, 40%). Phan et al. [25] in-
troduced a hierarchical approach to analyze physical activity
propagation through social communications at the commu-
nity level. Their findings show that: (a) social networks have
great potential to propagate physical activities via social
communications; and (b) physical activity-based influence
behavior has a strong correlation to health outcome mea-
sures such as BMI. We later showed that the influence of a
post is related with the distribution of the topics in the con-
tent of the post [26]. Moreover, in [24] a deep learning model
for human behavior prediction in health social networks was
proposed. By incorporating all the human behavior determi-
nants which are self-motivation, implicit and explicit social
influences, and environmental events, the model can predict
the future activity levels of users more accurately and more
stably than conventional methods.

2.2 Natural language and health
The abundance of personalized data on social media has

sparked researchers to study it for healthcare applications.
A common topic in this line of research is how computational
techniques may be applied to the data that people share on
online social media to understand their health behaviors.

Self-reported diagnoses have been used to examine mental
health conditions, such as depression, PTSD, bipolar disor-
der, and seasonal affective disorder [13, 12], and physical
health conditions, such as asthma and diabetes [30], and flu
[27]. Kumar et al. [19] studies the Werther effect, which
describes the increased rate of completed or attempted sui-
cides following the coverage of a celebrity’s suicide in the
media. Additional research investigates the use of online
platforms, in discourse around pro eating disorder websites
[6]. Similarly, De Choudhury [10] characterizes pro-anorexia
and pro-recovery communities on Tumblr.

There are works that have studied users over a period of
time. For instance, factors impacting abstinence and relapse
during cessation attempts by smokers were identified in [22],
after analyzing two years of their data. Similarly, the impact
of pregnancy on new mothers was studied in [14].

Online health communities have been studied to identify
the key features in interactions between the people who seek
help and those who can influence and support them. Two
types of support are exchanged in these communities: in-
formational, and emotional. Biyani et al., [4] found that
the sets of posts by the most prolific users had a higher
percentage of emotional support than those of less prolific
users. Zhao et al., [31] showed that the sentiment expressed
in emotional support can be used to detect influential users
in a health community.

3. DATA
Our dataset consists of a social network of 254 partici-

pants, in which 78% of the participants were female, and
the median age was 51. We have access to their weekly
physical activity data, in terms of the number of steps they
have taken, and monthly biometric and biomarker metrics
over ten months, from October 2010 to August 2011. The
physical activity data, collected by a special electronic de-
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Taking a mini horse jogging sure helps get those steps in, I’ll have
to do that more often! Tomorrow I start Zumba and I am sure
I’ll get my steps in there.

Ran a new route yesterday: 2.8 miles in 30:48. Need to break out
the GPS again to try another route to get up to 3 miles.

Alas, out with an infection... Antibiotics and rest ordered. I’m
readjusting my goals.

Had cataract surgery on Monday. didn’t get much exercise in
that day.

Table 1: Examples of positive and negative activity posts.

Number of activity disclosure posts 265
Number of users 63
Number of positive posts 199
Number of negative posts 66
Number of users with only positive posts 28
Number of users with only negative posts 11
Number of users with both types of posts 24
Average length of a post in words 11

Table 2: Data statistics

vice (h-pod) worn by each user, includes such information as
the number of steps taken. The social network application
provides friendship and posting capabilities. We only study
the activity disclosure-related posts, examples of which are
shown in Table 1. As we locate disclosure-related posts, we
include original posts and comments upon posts, and we
value them equally.

Out of the 1601 posts, we collected 265 posts related to
activity disclosure. Two human annotators labeled these
posts independently, and a third human annotator resolved
any mismatches. For each of the 265 posts, we removed
the stop words and the words that had appeared fewer than
two times in the dataset which leads to a small vocabulary
of 529 words. The total number of users authoring these
posts was 63, with similar demographic distribution as the
original data. Statistics summarizing this data are presented
in Table 2.

4. RQ1: BEHAVIOR IMPLICATIONS

4.1 Individual-level behavior
We show that positive posts can point to an increase of

physical activity compared to the average of previous and
future days. And likewise, a negative post can indicate a
decrease in the activity compared to (the average of) previ-
ous and future days.

We take the average number of steps taken by the partic-
ipant in 2w + 1 days between days d − w and d + w where
d is the date of the posting and w is the window size (set to
three). We call this measure avg(Sw). We also take the av-
erage of the number of steps taken in 2w days from d+w+1
to d+w+w and from d−w−w to d−w− 1. We call this
measure avg(So). We posit that with a positive post, we are
more likely to have avg(Sw) > avg(So), whereas with a neg-
ative post, we are more likely to have avg(Sw) < avg(So).
On aggregate, positive and negative posts reflect a change
in the activity more than randomly selected dates on which
no such posting exists.

In order to study this, we use two random sets of control
dates. In one (random1), we only consider the users with
self-disclosure posts and select some random dates that do

Figure 1: Comparing the dates with self-disclosure posts and
two random dates. a) Percentage of dates where avg(Sw) <
avg(So) holds for our positive set and the two random sets.
b) Percentage of dates where avg(Sw) > avg(So) holds for
our negative set and the two random sets.

not overlap with our dates selected for study. In the second
case (random2), we use random dates from random users.
To avoid selection biases, the second group is selected such
that the population has similar age and gender distribution
as the users who had self-disclosure posts.

Figures 1.a and 1.b compare the three types of dates:
dates with self-disclosure posts, random1, and random2. For
the random groups, we pick a number of instances equal to
the number of instances in the first group and report the
results of 20 runs, with 95% confidence. In both positive
and negative cases, dates selected based on the polarity of
the post reflect the activity behavior of the user much bet-
ter than randomly picked dates. In the positive case, for
68.9% of the posts, avg(Sw) > avg(So), whereas in the neg-
ative case, in 66.1% of the times avg(Sw) < avg(So) holds.
In other words, people report their activity/inactivity and
express positive/negative sentiment when there exists a rel-
ative increase/decrease in their level of activity.

4.2 Group-level behavior
The next question we address is whether these posts can

result in different behavior at the group-level. In other
words, do these posts impact physical activities of other par-
ticipants? To investigate this, we must equip ourselves with
methods that can model influence in a social network. To
model physical activity propagation, Phan et al. [25] intro-
duced the Community-level Physical Activity Propagation
(CPP) model, which was inspired by the ideas of the Inde-
pendent Cascade (IC) model [17], and the Community-level
Social Influence (CSI) model [21]. Similar to our Topic aware
Community-level Physical Activity Propagation (TaCPP)
model [26], we take the content of the posts into account.
However, to study the physical activity of the network bet-
ter, the current work is based on the labels of activity-
disclosure posts and not the topics of all the posts available.

The building block for activity propagation modeling is
the definition of a trace [25]. Assume that at time t, user v
makes a posting on which user u comments; given a ∆t, v
is considered to activate u at time t if the total number of
(walking & running) steps of u in [t, t + ∆t] is larger than
or equal to the total number of steps of u in the past period
[t−∆t, t]. Given a chain of users α = {U1, . . . , Un} such that
Ui is a set of users, U1∩U2∩ . . .∩Un = ∅; α is called a single
trace if ∀i ∈ [1, n − 1],∀u ∈ Ui+1 is activated by some user
u′ ∈ Ui such that tα(u) ∈ [tα(u′), tα(u′) +w] where tα(u) is
the activation time of u in α. In this work, U1 can be a user
instead of a set of users, and the chain of users is given by
the people who have posted or commented on a post.
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Figure 2: Activity propagation based on the type of posts.

Let Iα,u be the set of users that potentially influence u’s
activation in the trace α:

I+α,u = {v|(v, u) ∈ E, iff u ∈ Ui then v ∈ Ui−1}

Similarly, we define the set of users who clearly failed in
activating u in the trace α:

I−α,u = {v|(v, u) ∈ E, iff v ∈ Ui−1 then u 6∈ Ui}

Let p : V × V → [0, 1] denote a function that maps every
pair of nodes to a probability. By the i.i.d assumption, the
log likelihood of the traces in D given p can be defined as:

logL(D|p) =
∑
α∈D

logLα(p)

Each v ∈ I+α,u, v succeeds in activating u on the consid-
ered trace α with probability p(v, u) and fails with proba-
bility 1 − p(v, u). Following [21, 26], we define γα,v→u,l as
users’ responsibility which represents the probability that in
trace α, the activation of u was due to the success of the
activation trial performed by v with a post with label l. By
using γα,v→u,l, we can define the likelihood of the observed
propagation as:

Lα(p) =
∏
u∈V

[
1−

∏
v∈I+α,u

(
1− p(v, u)

∑
l∈L ml,v→uγα,v→u,l

Z(α,v→u)
)]

×
[ ∏
v∈I−α,u

(
1− p(v, u)

1−
∑
l∈L ml,v→uγα,v→u,l

Z(α,v→u)
)]

(1)

where ml,v→u is the number of posts with label l posted by
v, and commented on by u in the propagation trace α, and
Z(α, v → u) is a normalization function.

Using Expectation Maximization, we can derive p and γ.
For the sake of brevity, we just give the influence probability:
the probability that a participant u will improve their level
of physical activity after commenting on a post with the
label l, posted by user v.

p(v → u|l) =
∑
α∈D

ml,v→uγα,v→u,l∑
z∈I+α,u∪I

−
α,u

∑
l∈Lml,z→u γα,z→u,l

Out of the 265 posts in our dataset, 44 positive and 34
negative posts were found in propagation traces. We com-
pare the influence probability of these posts in Figure 2 with
95% confidence. Based on Mann-Whitney U tests, positive
posts wield much more significant influence than the nega-
tive ones (p < 0.0001, z = 5.8).

Topic-1 Topic-2 Topic-3
day miles back
today time days
work run walk
great today sick
good h-pod week
time mile work
step day day
2 walk frustrate
long yesterday feel
3 days hard
level jog bad
run morning shoulder
food good weight
tired goal therapy
team pace game
happy trail antibiotics
join Friday vacation
treadmill uphill normal
night :) miss
motivate gym cold

Table 3: Top words for topics extracted from the posts.

5. RQ2: CHARACTERISTICS
To characterize the language in the posts, we apply a vari-

ety of language-based feature extractors. We perform topic
modeling [5] to find the topic distribution of each user in
the dataset. We also use higher-level features extracted by
LIWC categories [11] and a subjectivity lexicon, MPQA cor-
pus [28]. LIWC,which has received much attention in the lit-
erature, provides affective, social, biological, linguistic style,
and other measures. We use the subjectivity lexicon com-
piled from the MPQA to get weak and strong subjective
words. This corpus also includes the polarity of the words.

5.1 Topical processes
We perform Latent Dirichlet Allocation (LDA) and ex-

tract three topics from the posts. LDA finds topic distribu-
tions for each word, and each post in the corpus, for a given
number of topics. We set the number of topics to three. Ta-
ble 3 summarizes the top 20 words for each topic, with bold-
face used for the words that form a coherent topic. Based
on Mann-Whitney U tests, positive posts contain more of
the first two topics (positive z), and contain less of the third
topic (negative z), with significant differences across topics
two and three. See Table 4 for details.

Clearly, the third topic contains more negative signals for
physical activity (e.g., therapy, antibiotics, cold, etc.). It
also includes more negative sentiment compared with the
other two topics (e.g., frustrate, bad). Topic two contains
more physical activity-related words (e.g., run, jog, mile,
etc.). The first topic has some information about the pro-
gram and the social network application that participants
used. Words such as team and join refer to the competi-
tion feature of the application. For the competitions, people
joined teams and competed with each other, in terms of
their collective levels of physical activity. In addition the
word level, and numbers 2, 3 refer to the progress that par-
ticipants make, advancing to a higher level of the program
according to the number of steps they have walked or ran.

5.2 Psycholinguistic processes
Table 5 shows the differences in how lexical density, affec-

tive processes, biological processes, relativity, and personal
concerns are manifested in positive and negative posts. The
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POS NEG z p
Topic1 0.33 0.26 1.74 -
Topic2 0.46 0.18 4.03 ***
Topic3 0.21 0.56 -5.46 ***
* p ≤ .01; ** p ≤ .001; *** p ≤ .0001

Table 4: Comparison of positive and negative posts along
topics based on Mann-Whitney U tests.

POS NEG z p
Lexical density
future tense 0.0004 0.0027 -2.92 *
adverbs 0.006 0.0120 -2.54 *
Biological processes
health 0.0145 0.0305 -3.8 **
Relativity
motion 0.0638 0.0341 4.38 ***
Personal concerns
work 0.0355 0.0472 -2.13 -
home 0.0165 0.0334 -4.44 ***
Affective processes
anxiety 0.0037 0.0166 -4.66 ***
sadness 0.0098 0.0261 -4.70 ***
weak-subjective 0.50 0.66 -3.73 **
strong-subjective 0.50 0.34 3.79 **
negative-polarity 0.26 0.5 -5.17 ***
positive-polarity 0.45 0.32 2.14 -
Holm-Bonferroni correction:

* p ≤ .01; ** p ≤ .001; *** p ≤ .0001

Table 5: Comparison of positive and negative posts along
attributes of psycholinguistic processes. The categories that
are shown are significantly different (p < 0.05) based on
Mann-Whitney U tests.

table contains only the categories that were significantly dif-
ferent (p < 0.05).

In positive posts, users exhibit higher positive polarity
(z = 2.14, p < 0.05) and stronger subjectivity (z = 3.79, p <
0.001). This is due to the satisfaction, and joy gained after
successful physical activity, and progress in the program.
This can also be seen in the higher value (z = 4.38, p <
0.0001) in the motion category.

In negative posts users express higher negative polarity
(z = 5.17, p < 0.0001), anxiety (z = 4.66, p < 0.0001), weak
subjectivity (z = 3.73, p < 0.001), and sadness (z = 4.66,
p < 0.0001). This could be attributed to their sense of
underachievement, and negativity towards the outcome of
the program. They also express more personal concerns with
regard to work (z = 2.13, p < 0.05), and home (z = 4.44,
p < 0.0001), which are factors that hinder their physical
activity. This can also be seen in the higher values for future
tense (z = 2.92, p < 0.01), and adverbs (z = 2.54, p < 0.01),
as they mention possible physical activities at a later time.
Physical health factors such as sickness are mentioned more
in negative posts, as can be seen in the biological processes’
health category (z = 3.8, p < 0.001).

6. RQ3: PREDICTION
To distinguish between positive and negative posts, we

used a Support Vector Machine (SVM) with linear kernel
with 10-fold cross-validation for evaluation. Table 6 shows

Feature set Accuracy
unigram 83.10
unigram+LDA 86.09
unigram+LDA+MPQA 87.22
unigram+LDA+MPQA+LIWC 87.94

Table 6: Classification of positive and negative posts.

Oh yay, so nice to be back to feeling well and racking up the steps.

Still feel a bit weak and tired but glad to be back to getting
physical! Sweat Out the rest of those germs!!!

I Didn’t get sick, just neasea...It is the end of the third day and
I am able to at least walk but not at my usual pace.

Table 7: Three examples of false negatives.

how the accuracy of the model increases by enriching the
feature set. The dataset is imbalanced, in which the number
of positive instances is three times larger than the negative
instances. As a result, 64% of the errors are false positives.
In addition, many of the false negatives belong to the posts
that denote restarting one’s physical activity after a break
. Such posts are inherently difficult to classify, a couple of
which are shown as examples in Table 7.

For the sake of completeness, we sampled 265 posts from
the posts that were not related to activity; these posts in-
clude technical questions about the software or the h-pod,
diet-related information, etc. We also combined the pos-
itive and negative posts to form an activity-related class.
We then performed a binary classification to distinguish be-
tween the activity-related posts and the rest. The accuracy
with unigram features, linear-kernel SVM, and 10-fold cross-
validation was 85.20%.

7. CLINICAL IMPLICATIONS
We study the relationship between the participants’ posts

and their health outcomes. Particularly, we want to see if
there is a difference between the health outcomes of partic-
ipants with positive and those with negative posts. To ad-
dress this question, we first demonstrate the relationship be-
tween participants’ self-disclosure through posts with their
actual physical activities. Then we make use of a health-
related score, derived from the health information to which
we have access. We compare two groups of people with ac-
tivity disclosure posts: people with only positive posts (28
people), and people with only negative posts (11 people),
excluding the users with both types of posts.

Figure 3 reports the average number of steps taken by
these two groups of people, over the course of the program,
with a 95% confidence interval. Users who had positive
posts (pos) performed better than those who had negative
posts (neg). They took 23794 additional steps on average,
which represents approximately 12 miles of walking or jog-
ging. This shows a relationship between the language of the
participants and their real world physical activity.

Wellness Score [18] is a weekly composite score of one’s
health based on physical activity, biomarkers, and biometric
measures. The Wellness Scores are then recomputed via a
Markov Chain Monte Carlo sampler such that the new scores
mimic percentile ranking. For instance, a Wellness Score of
90 means among the top 10%.

Figure 4 shows the average weekly Wellness Score of the
group with only positive posts, and that of the group with
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Figure 3: Comparing the number of steps taken by the two
groups of people.

Figure 4: Weekly Wellness Score for the group of users with
only positive or only negative.

only negative posts, over a two-month period. There is a
consistent pattern wherein the former performs better than
the latter, which shows the importance of intervention for
the users with negative posts.

Investigating the effectivness of the program for each group
is not the focus of this paper. Figures 3-4 just show there is a
correlation between people’s posts that are publicly shared,
and their physical activity and health. However, we can
give some pointers as to why such differences may, in fact,
be due to bias. First of all, since the participants may be (or
become) real-world friends and even do physical activity in
groups, they can take some of their conversation to the social
network. This increases the correlation between the positive
posts and corresponding real-world activities. In addition,
users with positive posts might have higher self-motivation,
and exercise more in general.

Our predictive model could be used for significant clini-
cal benefits. We can monitor users’ posting behavior, and
thereby, we can become able to tailor appropriate interven-
tions to improve their levels of physical activity. By in-
cluding affective and psycholinguistic factors in our analysis,
we not only gain higher accuracy, but we also may be able
to help identify surmountable obstacles to progress in pro-
grams of clinical benefit administered via, or complemented
with, social networks. For example, is the nature of a given
post with positive signals for physical activity one of sim-
ple self-disclosure, encouragement of others, or competition
with others, and how might those differently affect fellow
participants in a social network?

8. CONCLUSIONS AND FUTURE WORK
Two thirds of the US population are now overweight or

obese [2]. This incurs significant health risks and financial
costs to society. Traditionally, support groups and other
social reinforcement approaches have been popular and ef-
fective in dealing with unhealthy behaviors including over-
weight. Of the factors associated with sustained weight loss,
one of the most important is continued intervention with
frequent social contacts. The YesiWell study, conducted
in 2010-2011, was designed to help overweight participants
adopt healthy lifestyles and lose weight through interaction
with other participants, facilitated with mobile and social
network technologies.

In this work, we only focused on the activity self-disclosure
posts that participants had publicly shared throughout the
program. These posts can contain either positive or negative
signals for activity. Ignoring technical glitches in recording
the number of steps, we found that these posts are good
indicators of one’s real-world physical activity. We found
several significant differences between the positive and neg-
ative posts in terms of their linguistic, affective, and biolog-
ical processes. Interestingly, there is a significant difference
between positive and negative posts in how they influence
other members of the network. Concretely, positive posts
can lead other participants to increase their physical activ-
ity considerably more than the negative posts.

We propose the following two future directions:

• The current work is limited by the number of posts,
and the number of people in the study. However, we
can measure physical activities that people self-report
on social media through the language. Employing affil-
iation techniques [15], we can find people who are using
physical activity apps, and who are actively discussing
them on social media. This would help us conduct a
similar study on a large scale, and to be more inclusive
demographically. Even without the access to people’s
health-related information, e.g., actual lab results and
other biomarker measures, we can extract useful infor-
mation about the physical well-being of communities
from the social media. Using the network structure,
we can also study the impact of social influence for
physical activity.

• Delineating use cases by tone and focus could also iden-
tify opportunities to moderate content and/or to tailor
interventions, such as to note if participants need any
emotional, logistic, or informational supports. Is the
nature of a given post with negative signals of physical
activity sad, angry, matter-of-fact, etc., and how might
those differently affect fellow participants? If they are
sad, that could elicit messages of emotional support. If
they are angry about, e.g., some piece of health moni-
toring equipment not functioning correctly, that could
elicit instructions from tech support. If they are simply
commenting on not knowing how to progress further,
sending health education information might be appro-
priate; and so forth.
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