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Abstract

Research shows that social media networks can affect both the physical and mental health of its users. We hypothesized that
social media would also be associated with cognitive vulnerability to depression. To test this hypothesis, we used a 3-month
pre-post prospective longitudinal design with a sample of undergraduates (n=105). Results showed that participants who had
tweets with a “past focus” (as determined by LIWC software) were more likely to exhibit increases in cognitive vulnerability
and depressive symptoms than participants who did not have tweets with a past focus. Increases in cognitive vulnerability
were associated with increases in depressive symptoms. However, the effect of Twitter content on future depressive symp-
toms was not accounted for by increases in cognitive vulnerability. Rather, one’s past focus Twitter content had an effect on
future depressive symptoms that was independent of its effect on future cognitive vulnerability levels. These results provide
further support for the plasticity of cognitive vulnerability in early adulthood as well as corroborate emerging evidence for

the association between social media and mental health risk factors.

Keywords Cognitive vulnerability - Depression - Twitter - Social media - Contagion

Introduction

Depression is a common and recurrent disorder affecting
more than 300 million people around the globe (World
Health Organization 2004). It is the leading cause of disabil-
ity in the world for people ages 15-44 (World Health Organi-
zation 2004). Depression can also be lethal; it is among the
strongest predictors of suicide (Kessler et al. 1999), which
is the second leading cause of death in college-aged stu-
dents (Turner et al. 2013). Moreover, the rates of depression
continue to rise. Between 2005 and 2015, there was an 18%
increase in individuals diagnosed with clinically significant
depression (World Health Organization 2004). Clearly, it is
critical to understand what factors influence risk and resil-
ience to this global mental health concern.

According to the hopelessness theory of depression (e.g.,
Abramson et al. 1989), some individuals are at elevated risk
for depression because they have a cognitive vulnerability.
Specifically, some people are vulnerable to depression
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because they have a tendency to generate interpretations of
stressful life events that have overly negative implications
for their future and for their self-worth. Recent research has
provided strong support for hopelessness theory’s cognitive
vulnerability hypothesis (see Haeffel et al. 2008 for review).
Prospective studies have consistently found that cognitive
vulnerability interacts with stressful events to predict the
development of depressive symptoms and depressive dis-
orders (Abramson et al. 1999; Hankin et al. 2004). These
studies (e.g., Alloy et al. 2006) have shown that it is possible
to take a group of individuals and predict which of them are
at heightened risk for a first episode of clinically significant
depression based on their cognitive style for interpreting life
events (i.e., their level of cognitive vulnerability).

Taken together, prior studies indicate that high levels
of cognitive vulnerability, as defined in the hopelessness
theory, precede and predict future depressive symptoms.
Thus, it is critical to understand what influences the devel-
opment and maintenance of this risk factor. Prior research
suggests that the development and consolidation of cogni-
tive vulnerability depends, at least in part, on early social
environments, particularly negative interpersonal contexts
(e.g., early life stress; direct inferential feedback from
parents). Research has shown that children’s cognitive
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vulnerability levels are influenced by the cognitive vulner-
ability levels of their parents, as well as the direct feedback
they receive about stress from their parents, peers, and
teachers (Alloy et al. 2001; Garber and Flynn 2001; Selig-
man et al. 1984; Stark et al. 1996; Mezulis et al. 2006).
Cognitive vulnerability solidifies in early adolescence
(Cole et al. 2008; Nolen-Hoeksema et al. 1992) and tends
to be stable throughout late adolescence and into adult-
hood (see Romens et al. 2009 for review).

Given its stability over time, cognitive vulnerability is
often viewed similarly to a genetic diathesis in that an
individual’s risk level is “fixed.” However, recent work
suggests that cognitive vulnerability is not unchangeable.
For example, Haeffel and Hames (2014) found that cog-
nitive vulnerability reveals its plasticity if there is a sig-
nificant change in environmental context, such as moving
away to college. Specifically, they showed that cognitive
vulnerability was “contagious” between freshman college
roommates. In just 3 months, students randomly assigned
to live with a high cognitively vulnerable roommate were
likely to exhibit an increase in their own cognitive vulnera-
bility level compared to students randomly assigned to live
with a low cognitively vulnerable roommate. Importantly,
increases in cognitive vulnerability were associated with
increased risk for future depressive symptoms, particularly
in individuals who experienced high stress. This study
highlights the potential influence the social environment
can have on cognitive vulnerability even in adulthood.

This preliminary work suggests cognitive vulnerability
has some plasticity after it solidifies in early adolescence.
However, the specific environmental and social factors that
influence cognitive vulnerability in adulthood are still not
well understood. It appears that major life changes (e.g.,
moving to an entirely new place and living with a stran-
ger) can impact cognitive vulnerability levels (Haeffel and
Hames 2014). However, this type of major life upheaval in
one’s life is somewhat rare (e.g., you only move away from
home for the first time once; Gray et al. 2013). The ques-
tion remains if more commonly occurring environmental
and interpersonal factors can also influence cognitive vul-
nerability levels.

One environmental factor that is becoming increasingly
important in modern society is social media. Since its
inception, social media has transformed modern commu-
nication, relationships, and content exposure while creat-
ing new landscapes for communal influence not previously
possible. Worldwide, there are over 2 billion Facebook
members and 330 million Twitter users (Statista 2017).
Eighty-three percent of young adults in America use social
networking sites and have an average of seven social media
accounts (Lehart et al. 2010). As noted by Ferrara and
Yang (2015), social media platforms such as Twitter and

@ Springer

Facebook provide users “...with nearly unlimited access
to information and connectivity.”

Despite the increasingly important role that social media
plays in people’s everyday lives, there is a relative paucity
of research examining its association with depression and its
antecedents. To our knowledge, there are no studies specifi-
cally examining the association between social media and
cognitive vulnerability to depression; however, there are
a number of related findings to suggest that social media
content may be associated with this important trait-like risk
factor. Recent research shows that social media can influence
both physical and mental health. For example, Eichstaedt
et al. (2015) examined data from 1346 U.S. counties (>88%
of the U.S. population) and found that use of negative-emo-
tion language on Twitter was associated with heart disease
mortality risk on a community level. Impressively, Twitter
content was a stronger predictor of heart-disease mortality
than 10 other covariates including family income, obesity,
and hypertension.

Social media content has also been shown to affect emo-
tional well-being. There is an emerging body of empirical
work showing an association between social media and
negative moods such as loneliness, anxiety, suicide rates,
and depressive symptoms (Lin et al. 2016; Kross et al.
2013; Twenge et al. 2018; Verduyn et al. 2015). For exam-
ple, Reece et al. (2017) demonstrated that Twitter content
could be used to predict self-reported onsets of depressive
episodes up to six months into the future (see also Reece
and Danforth 2017). It appears that social media may be
contributing to these negative moods via an emotional con-
tagion effect (when one person’s emotional state triggers the
same emotional state in another person or group of people).
According to Coviello et al. (2014), “...what people feel and
say in one place may spread to many parts of the globe on
the very same day.” Indeed, Kramer et al. (2014) provided
causal evidence for the emotional contagion effect of social
media. Using an experimental design, they manipulated the
newsfeed of over 500,000 Facebook users. Results showed
that those randomly assigned to received newsfeeds with
fewer positive expressions produced fewer positive posts and
more negative posts. These findings support the assertion
that social contagion of moods can occur over social media
in the absence of direct interpersonal contact and nonverbal
cues.

The purpose of this study was to examine the effect of
social media content on cognitive vulnerability to depres-
sion. Specifically, we hypothesized that individuals who had
more negative Twitter content would exhibit higher levels
of cognitive vulnerability prospectively, and in turn, report
greater levels of depressive symptoms. We chose to exam-
ine the social media site of Twitter. Twitter is the eighth
most popular website in the United States and the third most
popular social media site, ranking only behind Facebook
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and Instagram (Statista 2017). One in four online adults use
Twitter (nearly 700 million users total) and over 350,000
tweets are sent every minute (Internet Live Statistics 2018).
The highest percentage of Twitter users are young Ameri-
cans; nearly 40% of those between the ages of 18 and 29
use the social media site (Harvard IOP 2018). Within this
age range, Twitter is more popular among college students
(with 47% using Twitter) than those not in college (Harvard
IOP 2018). Twitter’s easily searchable timelines as well as
the ability for users to publish and retweet unlimited content
make it an ideal social media site to test our hypothesis.

Method
Participants

Participants were 105 undergraduates (60 females, 45 males;
M, at baseline =19 years old) undergraduates from a pri-
vate, midsized university in the Midwestern United States.
The self-reported ethnicity of the final sample was 78%
Caucasian, 13% African American, 2% Asian-American,
2% Native American, and 4% “Other.” Participants were
recruited through the University’s online volunteer partici-
pant pool; only participants who self-identified as active
Twitter users were invited to participate in the study. Par-
ticipants were given extra credit for their participation. All
procedures were approved by the university’s human subject
review board.

Measures
Depressive Symptoms

The Beck Depression Inventory-I (BDI-I; Beck et al. 1979)
is a widely used 21-item self-report inventory that assesses
depressive symptoms. Participants rate symptoms of depres-
sion (e.g., negative mood, pessimism, sleep disturbance) on
0 to 3 scales. Total scores on the BDI can range from O to
63, with higher scores indicating greater levels of depressive
symptoms. The BDI has high internal consistency (Chron-
bach’s a is typically greater than 0.8) and good test—retest
reliability (r=.60-.83 for nonpsychiatric samples); it also
has strong levels of concurrent, criterion, and predictive
validity with both college and psychiatric samples (see Beck
et al. 1988 for a review). Internal consistency in the current
sample was good with a = 0.87 at baseline and a = 0.92 at
follow-up.

Cognitive Vulnerability

The Cognitive Style Questionnaire (CSQ; Haeffel et al.
2008) was used to assess the cognitive vulnerability factor

featured in the hopelessness theory of depression (Abram-
son et al. 1989). The CSQ is a self-report questionnaire that
presents participants with 12 hypothetical negative events
(6 achievement and 6 interpersonal). For each hypotheti-
cal event, participants are first instructed to vividly imagine
themselves in that situation, as if the situation were hap-
pening in real time (example event: You take an exam and
receive a low grade on it). Next, they are instructed to write
down what they believe to be the one major cause of the
event. Participants then use a 7-point Likert-type scale to
rate the cause that they have specified on dimensions of
internality, stability, and globality. Finally, participants are
asked to think about what the occurrence of the hypothetical
situation would mean to them, and to use a 7-point Likert-
type scale to rate the consequences and self-worth implica-
tions of the hypothetical event. An individual’s CSQ score
is their average rating across the scales relevant to the vul-
nerability factor featured in the hopelessness theory (stabil-
ity, globality, consequences, and self-worth characteristics)
for the 12 hypothetical negative life events. This composite
score (total score divided by the number of items) can range
from 1 to 7, with higher scores reflecting greater levels of
cognitive vulnerability to depression. The CSQ has good
internal consistency (a ranging from 0.88 to 0.96 across
most studies; Haeffel et al. 2008) and test-retest reliabil-
ity (0.80 test—retest for during a 1 year period; Alloy et al.
2000). It also has demonstrated predictive and construct
validity (see Haeffel et al. 2008 for review). Specifically,
the CSQ: (a) interacts with measures of negative life events
to predict depressive symptoms and disorders, (b) is associ-
ated with hopelessness, which mediates the CSQ’s relation-
ship with depression, (c) is associated with event-specific
negative inferences, and (d) is associated with hypothesized
antecedents such as a history of emotional abuse. The inter-
nal consistency for the CSQ composite in the current sam-
ple was good with a = 0.89 at baseline and a = 0.91 at
follow-up.

Twitter Content

Linguistic Inquiry and Word Count (LIWC; Tausczik and
Pennebaker 2010) software was used to analyze participants’
Twitter feeds. The LIWC software was used to categorize
individual words in the tweets into existing dictionaries
derived from prior research (Tausczik and Pennebaker
2010). The program then calculates the percentage of each
LIWC category within that given text. We tested the fol-
lowing five derived categories: Use of “I”, Past Focus (e.g.,
“learned,” “remember”’) Future Focus (e.g., “hope,” “tomor-
row”’), Negative Emotion (e.g., “exhausting,” “fear”), and
Positive Emotion (e.g., “favorite,” “excited”). These cat-
egories were chosen a priori based on their theorized and
empirical relevance to cognitive vulnerability and depressive
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symptoms more generally. Specifically, “use of I was cho-
sen because personal pronoun use in expressive writing has
been linked to both positive (Klein and Boals 2001; Camp-
bell and Pennebaker 2003) and negative (Rude et al. 2004)
emotional states. We examined “past focus” because of its
link to cognitive risk processes such as ruminative brooding,
which is associated with cognitive vulnerability (Spasojevic
and Alloy 2001) and risk for depressive symptoms and dis-
orders (Nolen-Hoeksema 1991). “Future Focus” was chosen
because of its possible association with the future conse-
quences component of cognitive vulnerability of depression.
The categories of “Positive Emotion” and “Negative Emo-
tion” were chosen because people with depression tend to
simultaneously exhibit high levels of negative emotions and
low levels of positive emotions (Clark and Watson 1991).

Procedure

The study had two time points. At baseline, participants
completed measures of cognitive vulnerability (CSQ) and
depressive symptoms (BDI). They also provided consent
to allow access to 1 month of their twitter content. At fol-
low-up 3 months later, participants returned to the lab and
again completed measures of cognitive vulnerability (CSQ)
and depressive symptoms (BDI). The 3-month prospective
interval was chosen because prior research (e.g., Haeffel
and Hames 2014) testing the effect of social environment on
changes in cognitive vulnerability also used this time frame.

Results

Descriptive statistics for the study variables are listed
in Table 1. We hypothesized that individuals with high
amounts of negative content in their Twitter feeds would
exhibit greater levels of cognitive vulnerability in the future
and, in turn, greater levels of depressive symptoms than
those with low amounts of negative Twitter content. We
tested this hypothesis using ordinary least squares (OLS)
regression-based path analysis modeling using bootstrap-
ping confidence intervals (Hayes 2018). In the model (see
Fig. 1), the dependent variable was level of depressive symp-
toms (BDI) at time 2. Baseline level of depressive symp-
toms (BDI) was entered as a covariate to control for any
individual differences in depressive symptoms and to create

T2 Cognitive
Vulnerability
(]
a=.14 b =207
Twitter T2 Depressive
Content Symptoms
[%9] c=1.21 (4]

Fig.1 OLS regression-based path analysis using bootstrapping con-
fidence intervals testing the direct and indirect effects of Twitter con-
tent on cognitive vulnerability and depressive symptoms 3 months
later (controlling for total Twitter word count, cognitive vulnerability
at baseline, and depressive symptoms at baseline). Path coefficients
listed are for analyses testing the effect of “past focused” Twitter con-
tent (X). All path effects were significant at p <.01 level. The indirect
effect (ab=0.28) of past focused Twitter content on depressive symp-
toms (mediated by cognitive vulnerability) was not significant

-(I;ZS::t:onl\:e;r?s ’ci)tfrne(li:triins for ! 2 3 4 > 6 ’ 8 0
Study 1 1 BDI _

2 CSQ 43 -

3417 .07 19 -

4 Past .07 .07 12 -

5 Future —.08 .02 —.05 27 -

6 Negative 17 .05 34 .14 —.11 -

7 Positive -.09 —.06 13 28 —.16 .03 -

8 BDI 2 .35 17 11 35 12 17 .10 -

9CSQ2 15 .61 .14 .46 A1 1 .19 .29 -

Mean 5.46 4.01 5.83 2.71 2.08 2.32 4.76 8.44 4.09

5.48 0.8 3.18 1.98 9.59 1.53 2.51 8.01 0.99
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BDI Beck depression inventory at baseline, CSQ cognitive style questionnaire at baseline. / LIWC “T” cat-
egory, Past LIWC past focus category, Future LIWC future focus category, Negative LIWC negative emo-
tion category, Positive LIWC positive emotion category, BDI T2 Beck depression inventory at follow-up,

CSQ 2 Cognitive Style Questionnaire at follow-up

Higher scores on BDI and CSQ indicate greater levels of the construct being measured. Correlations in

bold are significant at the 0.05 level
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a residual change score. The independent variable was each
Twitter content score, respectively (LIWC score—Use of
“I”’, past focus, future focus, negative emotion, and positive
emotion, respectively). Thus, five separate regression analy-
ses were conducted. The mediator was cognitive vulnerabil-
ity score at time 2. Cognitive vulnerability score at baseline
was entered as a covariate in order to create a lagged score
(Valente and MacKinnon 2017). Total Twitter word count
was also entered as a covariate to control for any individual
differences in overall Twitter use.

Results showed that the LIWC categories of “I”’, negative
emotion, and positive emotion had no significant direct or
indirect effects on future cognitive vulnerability scores or
depressive symptom scores (see Table 2). Only the LIWC
category of past focus had a direct effect on both future cog-
nitive vulnerability (coefficient=0.14, r=2.02, p=.05, CI
0.01-0.27; Model R’ =0.43, F[4, 56]=10.72, p<.001) as

well future depressive symptoms (coefficient=1.21, r=2.43,
p=.02, CI 0.21-2.21; Model R*=0.34, F[5, 55]=5.55,
p <.001) over the 3-month interval. Participants with greater
focus on the past exhibited higher levels of cognitive vul-
nerability and higher levels of depressive symptoms than
those with less focus on the past. As expected, cognitive
vulnerability had a direct effect on depressive symptoms
(coefficient=2.07, t=2.16, p=.04, CI 0.15-3.99). How-
ever, the indirect effect (the path from past focus to cognitive
vulnerability to depressive symptoms) was not statistically
significant from zero as the 95% bootstrap confidence inter-
val included zero (—.03 to0.82). This means that past focus
Twitter content had an effect on future depressive symptoms
that was independent of its effect on future cognitive vulner-
ability levels (i.e., cognitive vulnerability did not mediate
the effect of past focus Twitter content on future depressive
symptoms).

Table 2 Model coefficients

Consequent

M (cognitive vulnerability)

Y (depressive symptoms)

Antecedent Coeff SE P Coeff SE P
X (Twitter “I”) a 0.02 0.03 .60 ¢’ -0.29 0.21 .19
M (Cog Vul) - - b 2.76 0.96 01
Constant iy 131 0.50 0.01 iy 3.42 3.79 37
R2=0.40 R?=0.29
F(4, 56)=9.16, p<.001 F(5,55)=4.43, p=.002
X (Twitter past) a 0.14 0.07 .05 ¢ 1.21 0.50 02
M (Cog Vul) - - - b 2.07 0.96 04
Constant iy 1.14 0.49 .03 iy 1.70 3.66 64
R*=0.43 R*=0.34
F(4, 56)=10.72, p<.001 F(5,55)=5.55, p<.001
X (Twitter future) a 0.00 0.10 98 ¢ 0.14 0.71 .84
M (Cog Vul) - - b 2.67 0.97 01
Constant iy 1.35 0.5 0.01 iy 2.67 3.85 49
R*=0.39 R*=0.26
F(4, 56)=9.04, p<.001 F(5,55)=3.95, p<.004
X (Twitter negative) a 0.05 0.06 0.38 ¢ 0.23 0.44 .60
M (Cog Vul) - - - b 2.61 0.98 01
Constant iy 1.21 0.51 02 iy 2.23 3.94 57
R*=0.40 R*=0.27
F(4, 56)=9.36, p<.001 F(5,55)=4.01, p<.004
X (Twitter positive) a 0.06 0.04 .10 ¢ 0.58 0.27 33
M (Cog Vul) - - - b 222 0.96 02
Constant iy 1.09 0.51 .04 iy 0.87 3.76 .82
R*=0.42 R*=0.32

F(4,56)=10.19, p<.001

F(5,55)=5.24, p<.001

Cog Vul cognitive vulnerability. All indirect effects (ab) of X on ¥ mediated by cognitive vulnerability were

not significant
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Discussion

Prior research shows that cognitive vulnerability pre-
cedes and predicts future depressive symptoms and epi-
sodes (Abramson et al. 1999). Thus, it is critical to under-
stand what influences the development and maintenance
of this risk factor. The purpose of this study was to test
the effect of Twitter content on prospective changes in
cognitive vulnerability and depressive symptoms. Spe-
cifically, we hypothesized that those with more negative
Twitter content would report greater levels of cognitive
vulnerability and depressive symptoms over a 3-month
prospective interval. The hypothesis was supported for
only one of the Twitter content categories (derived from
LIWC dictionaries)—a “past focus.” Participants who had
tweets with high levels of past focus were more likely to
exhibit prospective increases in cognitive vulnerability and
depressive symptoms than participants with low levels of
past focus. Further, those who reported increases in cogni-
tive vulnerability were more likely to report increases in
depressive symptoms. However, changes in cognitive vul-
nerability did not mediate the effect of past focus Twitter
content on changes in depressive symptoms. Rather, one’s
Twitter content had an association with future depressive
symptoms that was independent of its association with
future cognitive vulnerability.

Our results add to a growing body of research show-
ing that social media content is associated with variety
of mental health factors ranging from sleep to loneliness
to suicide risk. In light of this work, some researchers
have proposed a “big data” approach (e.g., data mining,
machine learning) to examining social media content in
order to target mental health problems on a population-
level. Conway and O’Connor (2016) argued that Twitter
may be specifically useful in this regard because it is a
“broadcast social network” and has a publicly accessible
data base. Supporting the big-data approach, Bollen et al.
(2011) showed that collective public mood derived from
Twitter feeds could predict the value of the Dow Jones
Industrial Average over time. Large-scale data analyses
of social media content have also been used to track the
spread of influenza (Broniatowski et al. 2013) and even
assess the safety of pharmaceuticals (Freifeld et al. 2014).
Of particular relevance to the current findings, Jashinsky
et al. (2014) showed that it may be possible to monitor
suicide risk on a large scale. Specifically, they developed
a set of terms related to suicide risk factors that were then
used to analyze over one million tweets. Results showed
a correlation between Twitter derived risk and state age-
adjusted suicide data from the U.S. Centers for Diseases
Control and Prevention. Taken together with the current
findings, it appears that continued research on social media
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content may have important implications for understand-
ing mental health issues on both a population and indi-
vidual level.

It is important to underscore that the other four a priori
chosen LIWC categories did not predict changes in depres-
sive symptoms or cognitive vulnerability (with the excep-
tion of future focus, which only had an effect on cognitive
vulnerability). Thus, the current results should be inter-
preted with caution until replicated. Further research is also
needed to pinpoint the mechanism by which past focus con-
tent predicted increases in depressive symptoms as it was
not mediated by cognitive vulnerability (which exerted its
own separate effect). It is unclear why past focus was the
only predictor of both cognitive vulnerability and depres-
sive symptoms. We suspect it is because past focus is most
conceptually related to the ruminative response of brooding,
which is strongly associated with cognitive vulnerability and
depressive symptoms (e.g., Spasojevic and Alloy 2001). The
next logical step in this work is to examine brooding in rela-
tion to social media, cognitive vulnerability, and depressive
Ssymptoms.

Another direction for future research is to examine the
possible reinforcing nature of social media. Many social
media sites (e.g., Facebook) use algorithms that highlight
or favor news and content that they believe will be of most
interest to the user. However, these types of algorithms may
create a reinforcing cycle that continuously presents the user
with one particular type of content rather than a wide vari-
ety of information. For example, Del Vicario et al. (2016)
showed that Facebook users “...tend to aggregate in com-
munities of interest which causes reinforcement and fosters
confirmation bias, segregation, and polarization” (p. 558). It
is possible that a similar type of vicious cycle may be occur-
ring for mood content on social media. Future research needs
to determine if individuals expressing or viewing depres-
sogenic content are more likely to continue to be presented
with such content. The inundation of negative content could
further accelerate the development of depression and anxi-
ety in those who are already at heightened risk for mood
disorders.

The study had both strengths and limitations. Strengths
include a prospective longitudinal design and the use of
a priori empirically derived Twitter content categories.
Indeed, the LIWC software provides an objective and unbi-
ased coding of written language. However, a weakness of
the software is that it cannot detect sarcasm, humor, some
internet-speak, and other subtleties of language. Although
the software recognizes some common internet-speak and
emoticons (such as “lol” and “:”), there are inevitably some
words, phrases and “nonsense words” that are incorrectly
categorized, which may dilute the results. It is also necessary
to note that Twitter content was only measured at baseline.
We conceptualized the Twitter content measure (the LIWC
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content score for a month of tweets) similarly to a “trait-like”
indicator. In other words, the Twitter analysis was capturing
a representative sample of each individual’s typical Twit-
ter content. We considered this akin to measuring a child’s
average parental environment by sampling a month’s worth
of parenting behaviors. This means that Twitter content was
treated as a between-subject variable. We did not examine
individual (idiographic) change in Twitter content. Thus, it
is unclear if daily or weekly fluctuations predict prospective
changes in cognitive vulnerability and depressive symptoms.
Also, we cannot make definitive statements about whether or
not changes in cognitive vulnerability preceded changes in
depressive symptoms because the two constructs were meas-
ured at the same time points. Results also may have under-
estimated the effect of cognitive vulnerability on depressive
symptoms because stress was not directly assessed. The
hopelessness theory of depression is a vulnerability-stress
model in which stress activates cognitive vulnerability to
confer risk for depression. Although prior studies (e.g., the
cognitive vulnerability to depression project; Abramson
et al. 1999; Alloy et al. 2000) have found a main effect of
cognitive vulnerability on depressive symptoms, a stronger
test of the theory would examine the vulnerability by stress
interaction.

Another possible limitation is that the participants were
not new Twitter users. This means that participants may have
already been well immersed in their “Twitter environment.”
Results likely would be amplified if participants had been
new to Twitter, which would be similar to experiencing a
significant change in social environment (as studied in prior
research [e.g., moving to college]). Additionally, we could
not control for total number of tweets because all Twitter
content was extracted into a single text document. However,
because Twitter posts cannot exceed 140 characters (at the
time the study was conducted), the total word count is reflec-
tive of total number of posts (because any single post could
not have a large number of words, which eliminates the pos-
sibility of any long outlier posts). That said, some informa-
tion may have been lost using this strategy.

It is important to highlight that the current findings apply
specifically to undergraduates using Twitter. Although Twit-
ter is used by approximately half of college internet users
(Harvard IOP 2018), the results may not generalize to non-
college Twitter users (or to college students using other
social media sites). That said, there is a growing body of
work indicating that multiple forms of social media may
be related to negative moods and depression. For example,
Reece and Danforth (2017) used machine learning tools to
identify individuals with depression based on the photo-
graphs that they posted to Instagram.

In conclusion, social media has become ubiquitous
and has led to many positive outcomes from documenting
political uprisings (e.g., the Egyptian revolution in 2011) to

facilitating solidarity in response to human suffering (Smith
et al. 2018). However, like most technological advances,
social media also has the potential for negative outcomes.
Social media has been used to spread false information that
can influence political elections (Metaxas and Mustafaraj
2012) and recent work shows that its contagion effects can
lead to negative moods and poor health (e.g., sleep dis-
turbance; Levenson et al. 2016). The results of this study
provide proof of principle that Twitter content may be one
factor associated with changes in cognitive vulnerability (as
well as depressive symptoms). It will be important for future
research to continue to try to understand the contexts and
mechanisms by which Twitter content affects negative and
positive moods.
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