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Abstract

The increasing use of smartphone technology by adolescents has led to unprecedented
opportunities to identify early indicators of shifting mental health. This intensive longitudinal
study examined the extent to which differences in mental health and daily mood are associated
with digital social communication in adolescence. In a sample of 30 adolescents (ages 11-15
years), we analyzed 22,152 messages from social media, email, and texting across one month.
Lower daily mood was associated with linguistic features reflecting self-focus and reduced
temporal distance. Adolescents with lower daily mood tended to send fewer positive emotion
words on a daily basis, and more total words on low mood days. Adolescents with lower daily
mood and higher depression symptoms tended to use more future focus words. Dynamic linguistic
features of digital social communication that relate to changes in mental states may represent a
novel target for passive detection of risk and early intervention in adolescence.
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Adolescence is a key period of development for socioemotional learning, as social and
affective processes undergo significant change during this time (Crone & Dahl, 2012; Dahl
et al., 2018). An orientation towards peer relationships in an increasingly complex social
landscape, alongside a heightened sense of social sensitivity, are hallmark characteristics

of adolescence (Nelson et al., 2016; Somerville, 2013). Social relationships also especially
impact the mental health and mood of adolescent girls, as they may be particularly reliant on
social relationships for emotional support and identity formation, making them potentially
more vulnerable to interpersonal stress (Rose & Rudolph, 2006; Rudolph & Hammen,
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1999). Further, girls are twice as likely than boys to have an anxiety or mood disorder
emerge during adolescence (Hankin & Abramson, 2001; Kessler et al., 2003), making
adolescence a heightened period of vulnerability wherein US data indicates that fifty-percent
of all cases of mental illness onset by the age of 14 (Kessler & Wang, 2008).

In tandem with the rise of social relationships and risk for mental health disorders

in adolescence, the increasing role of smartphone technology in the everyday lives of
adolescents has led to unprecedented opportunities for social interaction, engagement, and
expressing one’s social identity (Odgers & Jensen, 2020; Rideout & Robb, 2018). Social
communication on smartphones is one of the primary ways these daily interpersonal
experiences unfold. Recent research has found that fluctuations in adolescent social
communication may play a role in the link between stressful life events and internalizing
symptoms (Rodman et al., 2021), and that early adolescence (11-13 years old for girls and
14-15 years old for boys) may represent a developmentally sensitive period for the impact
of social media on life satisfaction (Orben et al., 2022). Further, approximately 95 percent
of adolescents in the U.S. own or have access to a smartphone (Pew Research Center, 2018),
and texting has recently been found to be the most preferred method by adolescents for
communicating with friends (Rideout & Robb, 2018). Recent advancements in technology
now enable passive collection of digital smartphone communication data in real-time (Lind
et al., 2018). Together, these technological developments provide a naturalistic and highly
salient interpersonal context through which the pathways and individual differences that
determine the mental health and mood of adolescents may be explored.

Linguistic Markers of Internalizing Psychopathology

First-Person Pronouns.

Self-focused attention, the tendency to excessively focus on the self (Mor & Winquist,
2002), is a cognitive bias that has been linked to increased use of first-person pronouns,
depression, and anxiety (Brockmeyer et al., 2015; Sonnenschein et al., 2018). Further,
self-focused attention is theorized to manifest in the first-person pronoun use and may
explain the emergence of first-person pronoun use as a potential marker of depression and
anxiety symptoms. A recent meta-analysis found that greater use of first-person pronouns is
positively correlated with depressive symptoms in adults (Edwards & Holtzman, 2017). This
association has also been observed in multiple languages, including Spanish and German,
and in different settings including online discussion boards and interviews (Ramirez-Esparza
et al., 2008; Zimmermann et al., 2013). A study of undergraduates found that individuals
with current symptoms of depression above a clinically significant threshold indeed used
more of the first-person pronoun, “I,” than never-depressed individuals (Rude et al.,

2004). Furthermore, higher first-person pronoun use has also been found to prospectively
predict depressive symptoms 8 months later, in a clinical sample of adults ages 19-59

years (Zimmermann et al., 2017). This finding suggests that higher use of first-person
pronouns may, in part, reflect an individual difference that precedes depression. Moreover,
temperamental correlates of trait-like mood may also be related to first person pronoun

use. In a multi-lab study of 4,754 participants, higher levels of first-person pronoun use

was robustly associated with the personality trait of negative emotionality, even when
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controlling for depression symptoms (Tackman et al., 2019). However, the extent to which
the propensity to use first-person pronouns is reflective of an individual’s relatively stable
mood, as compared to being influenced by fluctuations in mood, requires further research
to determine. Nonetheless, understanding the dynamics of the association between the use
of first-person pronouns and daily mood has the potential to serve as an in vivo, linguistic
marker of mental health.

Emotion Words.

Depression and anxiety have been characterized in part by cognitive biases towards

negative information and negative schemas or perspectives (Everaert et al., 2018; Haaga

& Beck, 1995; Hamilton & Abramson, 1983). Further, an excess of negative affect and a
deficiency of positive affect have been proposed as underlying the emotion dysregulation of
depression and anxiety (Gross & Jazaieri, 2014; Hofmann et al., 2012) As such, the use of
negative and positive emotion words are another language feature that has been assessed

in relation to internalizing symptoms. For instance, individuals with current, clinically
significant symptoms of depression used more negative emotion words than never-depressed
individuals (Rude et al., 2004). A study in the Netherlands aimed to replicate the Rude et

al. (2004) study and found that depressed and non-depressed psychiatric outpatients, used
greater negative emotion words and fewer positive emotion words than healthy controls
(Molendijk et al., 2010). This finding suggests that these linguistic patterns may indicate
transdiagnostic distress; however, other research has led to mixed findings as to what

degree affective language and first-person pronouns are associated with specific internalizing
disorders or more generally with negative mood. One study exploring these linguistic
features found that depression symptoms were associated with first-person pronouns, but
not with higher negative or lower positive emotion word use (Bernard et al., 2016). Another
study in young adults found that, within a given day, negative and positive emotion word
use on Facebook was not associated with one’s self-report of negative or positive emotion
(Kross et al., 2019). Taken together, further research is warranted to investigate whether the
use of these linguistic features in naturalistic communication are associated with differences
in mental health, potentially serving as a marker of cognitive or affective vulnerability to
depression or anxiety.

The Present Study

Despite growing empirical evidence in this area of research, large gaps in the literature
remain. First, identifying linguistic features detectable in naturalistic social communication
that are associated with mental health symptoms could inform the development of

novel early interventions. Currently, however, the context of the language tasks within
existing studies varies from writing tasks on various topics, semi-structured interviews,
unstructured speaking prompts, online forums, and social media posts, but few have
explored quintessential forms of digital social communication, such as smartphone
messaging. Perhaps the link between linguistic features and mental health is dependent
upon the saliency of the context and the utility of the communication itself. Daily digital
communication through text messages and social media is of particular importance in the
social world of adolescents. Based on a recent study of adolescents, three primary factors
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emerged to describe why teens communicate through smartphones in particular: to facilitate
social connection, to link online and offline experiences, and to extend one’s identity beyond
the offline environment (Moreno et al., 2020). These highly salient social processes may
relate to language in such a way that uniquely represents or contributes to one’s mental
health or mood, further providing a potential source of passive risk identification.

Second, it is unknown whether these linguistic features manifest as a relatively stable

trait within an individual or as a dynamic indicator of information processing that
fluctuate alongside changes in mood and experiences. Self-focused attention, which may be
manifested through the use of first-person pronouns, has been found to differentially relate
to mental health outcomes in negative versus positive experiences (Mor & Winquist, 2002).
For instance, greater use of first-person pronouns in negatively valenced contexts has been
linked to symptoms of depression and anxiety (Brockmeyer et al., 2015). Experimentally-
induced momentary states of negative affect have also been associated with greater use

of negative emotion words, but not first-person pronouns (Bernard et al., 2016). These
findings demonstrate that certain linguistic features may affect emotional states in addition
to being affected by these states. This complex interaction between language and emotion
has been demonstrated in the domain of emotion regulation. Effective emotion regulation,
as indicated by lower negative affect, has been prospectively linked to linguistic features
characteristic of psychological distance (i.e., low first-person pronouns, low present focus
words) (Nook et al., 2017) and distanced self-talk (Orvell et al., 2021). Additionally,

when experimentally-manipulated, use of psychologically-distanced language led to more
effective emotion regulation (Nook et al., 2017; Orvell et al., 2021). Further, the ability to
use linguistic distancing during emotion regulation is present from age 10 through young
adulthood (Nook et al., 2019); however, this has not been assessed in naturalistic contexts.
Taken together, linguistic features that are dynamically related to changes in mental states
may be particularly good early indicators of risk and targets for novel intervention, while
linguistic features that have a stable association with low mood or negative mental health
outcomes may represent an individual difference in vulnerability.

Third, there are few studies examining the association between naturalistic peer-directed
social communication and mental health in the time that it is arguably most needed:
adolescence. This period of development is characterized in part by vast socioemotional
learning and changes in mental health, both of which may be manifested in and influenced
by social communication. Previous research on online social communication has mostly
been conducted in adult samples, with the exception of one study of adolescents, which
revealed that, over the course of four days, higher frequencies of negative emotion words
sent via mobile devices were associated with higher internalizing symptoms and anxious
depression (Underwood et al., 2015). Furthermore, digital social communication may have
a bidirectional relationship with aspects of socioemotional development during adolescence,
wherein the communication reflects aspects of this development while also serving as

a conduit for these processes to evolve. For instance, text messaging may contribute to
adolescents navigating key developmental milestones, such as orienting towards peers,
gaining independence from parents, and forming and expressing one’s identity (Ehrenreich
et al., 2019; Spies Shapiro & Margolin, 2014). Identifying associations between language in
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social communication and mental health in youth is one facet in understanding how these
core developmental milestones may be affected by changes in mental states.

The present study was well-situated to address these gaps in the literature. Critically, this
study utilized a between- and within-subjects design in a sample of adolescents. This
study design allowed us to explore the extent to which between-subjects differences in
mental health and mood, as compared to relatively momentary mood states, contributed to
associations with language in adolescence.

Study Aims and Hypotheses

In this intensive longitudinal study, we assessed the extent to which linguistic features
expressed through daily digital communication differentially relate to between-subjects
differences in average daily mood, depression and anxiety symptoms, and within-subjects
changes in daily mood, amongst adolescent girls. We aimed to not only be able to

identify linguistic markers of depressive and anxiety symptoms in adolescent girls, but also
changes in subjective mood, which may inform novel preventative interventions to improve
adolescent mental health. Further, by investigating daily language use in a digital social
context within a developmental sample, we also aimed to elucidate potential pathways
manifested in this form of social engagement that relate to developmental processes
underway.

Specifically, we analyzed linguistic features from all smartphone keyboard data linked to
social communication, which was classified by any text entered into social media and

text messaging apps over the course of one month using a novel tool, the Effortless
Assessment Research System (Lind et al., 2018). In addition, we collected ecological
momentary assessment of daily mood, which enabled us to track changes in language

with changes in subjective mood. We were interested in linguistic features associated

with self-focused attention (i.e., first-person pronouns) and emotion words (i.e., negative
and positive), given their connection to depression and anxiety in previous studies. We
preregistered the following confirmatory hypotheses: 1) Higher depression and anxiety
symptoms would be associated with higher daily use of first-person pronouns; 2) Higher
depression and anxiety symptoms would be associated with higher daily use of negative
emotion words. (See osf.io/utsed for preregistration.) These hypotheses were conceptualized
as confirmatory given that previous research has investigated similar associations between
these linguistic features and depression and anxiety symptoms. The present study was
designed to not only test these hypotheses, but also generate related hypotheses to be

tested in future research. As such, the following linguistic features were preregistered as
exploratory. First, we were interested in temporal characteristics (i.e., past, present, and
future focus words) as a potential marker of varying degrees of psychological distance in
social communication. Informed by theory on psychological distancing (Bruehlman-Senecal
& Ayduk, 2015; Nook et al., 2017), we explored the extent to which the use of present, past,
and future focus words were negatively associated with depression and anxiety symptoms.
Second, as negative and positive sentiment may reflect distinct mental states, we were
interested in whether lower use of positive emotion words would be associated with higher
depression and anxiety symptoms. Third, since each linguistic feature was operationalized
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as a proportion of total daily words, daily words was included a separate linguistic feature
of interest. Daily word count may serve as a potential dynamic indicator of the influence
one’s mental state may have on the extent of social engagement, or withdrawal. Daily word
count and positive emotion words were identified post-hoc, and thus are non-preregistered
exploratory linguistic features. Taken together, we explored the extent to which within-
and between-subjects differences in daily mood were associated with these seven linguistic
features (first-person pronouns, positive and negative emotion words, past, present and
future focus words, and daily word count), in addition to their associations with depression
and anxiety symptoms.

The present study’s sample is drawn from a larger multi-wave, longitudinal study known as
the Transitions in Adolescent Girls (TAG) Study (RO1 MH107418, PI: Pfeifer; Barendse

et al., 2020). The sample included 30 adolescents (100% female) aged 11-15 years

old (M=14.51, SD=1.23; Table 1). Participants described themselves as non-Hispanic/
Latinx/Chicanx white (63.3%), Hispanic/Latinx/Chicanx white (10.0%), Hispanic/Latinx/
Chicanx multiracial (6.7%), and non-Hispanic/Latinx/Chicanx multiracial (20.0%). Annual
household income ranged from below $25,000 (3.3%), $25,000-$40,000 (13.3%), $40,000-
$75,000 (26.7%), $75,000-$100,000 (16.7%), and over $100,000 (36.7%). Participants
were primarily recruited through school districts in Eugene and Springfield, Oregon, with
some participants recruited from community flyers, recruitment events, and individuals
who registered on the lab/department’s website. As part of the recent wave of the larger
study, participants were asked if they were interested in joining a sub-study on adolescent
smartphone behaviors. As recruitment for the study began before the COVID-19 pandemic,
and continued thereafter, we decided to restrict the study sample to only participants who
had enrolled in the study and completed the 1 month of data collection prior to the local
COVID-19 stay-in-place orders for Eugene and Springfield, Oregon. Informed consent and
assent were obtained from all parents and participants, respectively. The Institutional Review
Board of the University of Oregon approved all study procedures and materials.

Data Collection.—During the first study session of the participant’s current wave of a
larger multi-year longitudinal study (Barendse et al., 2020), participants downloaded the
Effortless Assessment Research System (EARS) application (Lind et al., 2018) to their
Android or iOS smartphones Participant enrollment dates spanned from June 26, 2019 to
February 5, 2020. Participants were advised to keep the app interface installed on their
phones until their second study session, which was scheduled to occur approximately 4
weeks later. Between the study sessions, participants were instructed to use their phone as
they normally would. Approximately 4 weeks later, participants returned to the laboratory
for their next session, during which they uninstalled the EARS app from their phones

and completed self-report questionnaires assessing depression and anxiety symptoms (see
measures below). All keyboard strokes entered on the participant’s smartphone were
collected by a key logger. This was achieved by installing a custom keyboard on iOS
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phones, and by logging the currently installed keyboard on Android phones. These data were
encrypted, stored on a secure server in the cloud, and then subsequently downloaded and
decrypted by the research team. Further details on the engineering, encryption, and secure
storage of the data can be found in Lind et al. (2018).

Herein, we report how we determined our sample size, all data exclusions, all manipulations,
and all measures in the study. Deviations from the preregistration are explained in
Supplement A. All methodological decisions were made priorto analysis. One exception

to this was a revision of the inclusion criteria in response to peer-review feedback (see
Supplement A).

Data Preparation.—An algorithm was applied to the data that converted the individual
keyboard strokes into complete words and messages. Each message had a timestamp for

the start and end of the message, along with the app within which the message was

entered. Each app was classified as either SMS, social media, email, or non-communication.
App categories were based on the app’s stated primary purpose. For instance, Instagram
was classified as social media, despite having a direct messaging feature, because of the
app’s category within the Apple app store and Google Play store. Conversely, apps such

as WhatsApp were classified as SMS because its stated explicit purpose is messaging,

not a social media platform. Lastly, apps were classified as non-communication if text
communication is not a primary or explicit purpose of the app (e.g., YouTube, Google,
Pinterest, music streaming). Given that the aims of the study were centered on questions
related to social communication, only text data from social communication apps (e.g., SMS,
email, social media) were analyzed in this study.

For this study, we focused only on the concurrent association between mood and linguistic
features. For this reason, only text data that temporally matched with a participant’s daily
ecological momentary assessment (EMA) response was used. The EMA question assessed
mood “over the last day,” and was received by each participant at 8am, and expiring at
11:59pm (see measures below). When participants are introduced to the EMA portion of the
study, they are asked to answer the EMA when it was received at 8am and to answer in
regard to the previous day. As such, text data from the previous calendar date was considered
the concurrent text data.

Text Data.—Text data was processed by the Linguistic Inquiry and Word Count (LIWC)
2015 software, which calculates the proportion of words in a given message that coincide
with specific linguistic categories (e.g., first-person pronouns, present focus words, negative
emotion) (Pennebaker et al., 2015). LIWC has been used in studies of online language as
advances in technology have made that type of data more available. For instance, LIWC has
been used to study linguistic features from text messages (Glenn et al., 2020), Facebook
(Eichstaedt et al., 2018), Reddit (Pavalanathan & De Choudhury, 2015), and Twitter (O’Dea
etal., 2017). To arrive at the daily linguistic feature proportions, first each message was
analyzed using LIWC, which calculated the proportion of total words in a message from

a given linguistic category. For instance, a score of 10 for a linguistic category, such as
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first-person pronouns, indicates that 10% of the words in that message were first-person
pronouns. Using both the proportion and the total number of words in a given message,
proportions were converted to absolute word counts by message. Lastly, daily proportions
of linguistic categories were a ratio of total number of words within a category to the total
words that day for an individual. As such, each linguistic category is independent of the
number of words entered on a given day, which controls in part for individual differences in
communication quantity. Total daily words were analyzed as a separate linguistic category
of interest. Of the 403 daily observations, we applied a minimum threshold of 30 words for
a given daily observation to be included, which resulted in 324 daily observations, or 80%
of the original sample. The minimum of 30 words per day was identified through plotting
the bivariate distributions of daily word count and the daily proportion of the linguistic
feature, and estimating the quantity of daily words at which the daily proportion appeared

to cease systematically producing outliers. Next, we applied a minimum threshold of 3 daily
observations, as 3 is the minimum number of within-subjects observations recommended to
conduct longitudinal analyses (Singer & Willett, 2003). See Supplement A for further details
regarding the implementation of our inclusion criteria. This criterion resulted in 311 daily
observations, or 77% of the original sample. Linguistic features were analyzed at the day
level to temporally align with the day-level reporting of mood. The text field containing

the message was removed from the data set following linguistic feature scoring in order to
preserve confidentiality.

Depression Symptoms.—We measured depressive symptoms with the Center for
Epidemiologic Studies Depression Scale for Children (CES-DC; Faulstich et al., 1986;
Weissman et al., 1980). The CES-DC is a 20-item self-report measure of depression
symptoms with each response ranging from 0 (“Not at all”) to 3 (*A lot”), and total

scores ranging from 0-60. Scores of 15 and higher indicate clinical significance. Depression
symptoms were a between-subjects variable, as they were only assessed at one time point in
the study.

Anxiety Symptoms.—We measured anxiety symptoms as a between-subjects variable
(i.e., assessed once in the study) with the Screen for Child Anxiety Related Disorders —
Revised (SCARED-R; Muris et al., 1998) as a measure of anxiety symptoms. The brief
version of the SCARED-R screens for DSM-5 anxiety-related symptomatology through a
5-item multidimensional anxiety scale (Birmaher et al., 1999). Participants are asked to
choose “the answer that seems to describe you now” on a scale of 0 (“Not True or Hardly
Ever True”) to 2 (“Very True or Often True”), with total scores ranging from 0-10. A score
of 3 or higher indicates clinical significance.

Mood.—We measured daily mood through an EMA questionnaire that was sent to each
participant’s phone once a day at 8:00am and expired at 11:59pm. Participants were asked:
“In general, how have you been feeling over the last day?” Scores were provided on a sliding
visual analog scale ranging from 0-100 (very negative to very positive).
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Statistical Analysis

To disaggregate within- and between-subjects effects of internalizing symptoms and mood
on linguistic features, multilevel models (MLM) were used. MLM analysis is suitable for
longitudinal data wherein participants each have multiple observations due to repeated
measurement. In this study, text data and mood were repeatedly measured each day.

A within-subjects variable of daily mood (i.e., within-subjects mood) was calculated by
centering daily mood scores on the participant’s average mood over the entire study
period. A between-subjects variable of mood (i.e., between-subjects mood) was calculated
by centering daily mood on the average mood over the entire study period across all
participants (Enders & Tofighi, 2007). Depression and anxiety symptoms measured at

the end of the study also represented between-subjects sources of variance as they were
only measured once in the study. Multiple imputation was used to estimate depression

and anxiety symptoms for two participants with missing symptom-level data by utilizing
internalizing disorder diagnostic data as predictors of the missing data in the imputation
model (Bono et al., 2007; Hayati Rezvan et al., 2015; Lee & Simpson, 2014). The linear
regression imputation was conducted using the ‘mice’ package in R (R Core Team, 2019;
van Buuren & Groothuis-Oudshoorn, 2011). Predictions for missing values were based

on DSM-IV diagnostic-level data from internalizing disorders within the Kiddie Schedule
for Affective Disorders and Schizophrenia (K-SADS) assessment interview, including
generalized anxiety, major depressive disorder, social anxiety, post-traumatic stress disorder,
separation anxiety, anxiety not otherwise specified, and depression not otherwise specified.
No other data was imputed. Additionally, we centered age as a covariate so that the variable
would have an interpretable, meaningful zero.

We tested four primary types of models for each linguistic feature of interest. First, to

test our confirmatory hypotheses, we tested the main effects of depression symptoms and
anxiety symptoms on linguistic features in separate models. Second, we explored the
associations between linguistic features and mood by testing the main effects of within-
and between-subjects mood on each linguistic feature, separately and also in the same
model. Third, we tested the interaction effect between within- and between-subjects mood
on each linguistic feature. Fourth, we added depression and anxiety symptoms separately
to the mood interaction model in order to control for between-subjects differences in
these internalizing symptoms. Given the age range of 11-15 years, we also included age
in our final, most complex models. Age was not declared a primary effect of interest.
Nonetheless, there is a dearth of comparable developmental studies in the literature, and
thus, we deemed it valuable to report the associations with age for the purpose of informing
future research. All models used a random intercept for participant in order to account for
multiple observations per participant. Models were estimated in R 3.6.2 (R Core Team,
2019) with the ‘Ime4’ package version 1.1-23 (Bates et al., 2015) using the restricted
maximum likelihood estimation (REML), which is recommended with small sample sizes
(Luke, 2017; Peugh, 2010), such as those below 50 (McNeish, 2017).

We used likelihood ratio tests to determine goodness of fit when comparing the null model
(i.e., unconditional means model) to simple models of main effects and to full models with a
within- and between-subjects mood interaction term. Main effects models that were a better
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fit than the null model were then built with increasing complexity, with the addition of
variables in order of increasing within-subjects stability (i.e., within-subjects mood followed
by between-subjects mood followed by depression and anxiety symptoms followed by age).
This enabled us to test the degree to which daily, dynamic within-subjects changes in mood
better accounted for daily, dynamic within-subjects changes in language as compared to
variables with less intra-individual variability, such as depression or anxiety symptoms.

The null model was first tested against within-subjects mood, followed by between-subjects
mood, the main effects of within- and between-subjects mood, the interaction of within- and
between-subjects mood, main effects of depression or anxiety symptoms, and main effect of
age. If within- or between-subjects mood, or a more complex model of the two variables was
significant, hierarchical models were further added to by depression or anxiety symptoms,
and age. Akaike Information Criterion (AIC) values were used to assess the relative model
fit. Criteria for the best fit model is having the lowest AIC and passing a likelihood ratio

test (p<.05) when compared to the null model and the next simplest model, if the next
simplest model is not the null model. AIC values were used to compare any non-nested
models. All model comparison statistics are presented in Table S1 in Supplement B available
online. Effect size is reported as the standardized coefficient estimate, along with the 95%
confidence interval, from the best fit model.

Descriptive Statistics

Descriptive statistics for the sample characteristics (i.e., age, gender, race, ethnicity, annual
household income), internalizing symptoms, mood, and linguistic features are displayed

in Table 1. The intraclass correlation coefficient (ICC) for each linguistic feature is also
presented in Table 1. The most common SMS apps were iPhone Messages, Android
Messages, Facebook Messenger, and WhatsApp. Top social media apps included Facebook,
Instagram, Snapchat, and TikTok. Lastly, the most common email apps were Gmail and
Apple Mail.

First-person Pronouns

We did not observe evidence in support of the hypothesis for a main effect of depression
or anxiety symptoms on first-person pronouns. Within-subjects mood was associated with
daily proportion of first-person pronouns [x? (1) = 6.83, p<.01]. Higher within-subjects
mood was associated with lower daily proportion of first-person pronouns (p=-.12, 95%
Cl [-.21, -.03]; Figure 1). Hierarchical model comparisons revealed that between-subjects
mood did not relate to first-person pronouns (p=-.20, 95% CI [-.46, .06]), and adding
between-subjects mood to the model, along with within-subjects mood, did not improve
the fit [XZ (1) = 2.41, p =.12; Table 2]. Neither depression nor anxiety symptoms nor age
improved the model fit. (See Table S1 in the Supplement B available online for all model
comparison statistics.)

Negative Emotion Words

We did not observe evidence in support of the hypothesis for a main effect of depression
or anxiety symptoms on negative emotion words. Further, we did not observe a main effect
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from within- or between-subjects mood on the daily proportion of negative emotion words.
The models including within- or between-subjects mood were not better fits than the null
model.

Positive Emotion Words

We did not observe evidence in support of the hypothesis for a main effect of depression or
anxiety symptoms on positive emotion words. Between-subjects mood was associated with
daily proportion of positive emotion words [X2 (1) =5.24, p=.02]. Lower between-subjects
mood was associated with lower daily proportion of positive emotion words ($=.22, 95%
CI [.04, .41]; Table 3). Hierarchical model comparisons revealed that this model including
only between-subjects mood was the best fit, and adding within-subjects mood, depression
or anxiety symptoms, or age did not improve the model fit.

Past Focus Words

Within-subjects mood was associated with past focus words (f=.12, 95% CI [.00, .23]).
Hierarchical model comparisons revealed that including the cross-level interaction of within-
and between-subjects mood improved the model fit more than a simpler model of main
effects [X2 (1) = 4.52, p =.03] (Figure 2). Participants with higher-than-average mood tended
to use more past focus words on days when they experienced higher mood relative to their
individual average (p=.14, 95% CI [.01, .26]). As within-subjects mood decreased for those
with higher-than-average mood, they texted fewer past focus words in a day. Including

age also improved the model fit ([X2 (1) = 4.10, p =.04]; Table 3), indicating that older
participants used more past focus words on a daily basis ($=.11, 95% CI [.00, .23]). We

did not observe a main effect of depression or anxiety symptoms on past focus words, and
neither depression nor anxiety symptoms improved the model fit.

Present Focus Words

Between-subjects mood was associated with present focus words [y ? (1) = 5.26, p =.029].
Higher between-subjects mood was associated with lower daily proportion of present focus
words (B=-.21, 95% CI [-.39, —.04]). Hierarchical model comparisons revealed that the
simpler model with between-subjects mood only was the best fit model, and that adding
within-subjects mood to the model did not improve the model fit [X2 (1) =1.23,p=.27].

We did not observe a main effect of depression or anxiety symptoms on present focus words,
and neither depression nor anxiety symptoms nor age improved the model fit. These results
suggest that higher mood between individuals is generally associated with a lower daily
proportion of present focus words.

Future Focus Words

Between-subjects mood was associated with future focus words [x? (1) = 8.73, p<.01].
Lower between-subjects mood was associated with higher daily proportion of future focus
words (B=-.27, 95% CI [-.44, -.10]; Figure 3A). Hierarchical model comparisons revealed
that the simpler model with between-subjects mood only was the best fit model, and that
adding within-subjects mood to the model did not improve the model fit [X2 (1) =1.43,

p :.23].1 In addition, depression symptoms were associated with future focus words [Xz
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(1) = 7.37, p<.01, Figure 3B]. Participants with higher depression symptoms tended to use
more future focus words (B=.25, 95% ClI [.12, .39]). This effect remained when included

in the model with between-subjects mood (p=.19, 95% CI [.04, .33]). Hierarchical model
comparisons revealed that the model with between-subjects mood and depression symptoms
was the best fit with the lowest AIC compared to the simpler model with only depression
symptoms [X2 (1) = 6.14, p=.01]. We did not observe a main effect of anxiety, and neither
anxiety symptoms nor age improved the model fit. Taken together, these results suggest that
lower mood and higher depression symptoms are generally associated with a higher daily
proportion of future focus words.

Between-subjects mood moderated the association between within-subjects mood and daily
word count [X2 (3) =9.72, p =.02]. Participants with lower-than-average mood tended to use
more words on days when they experienced lower mood relative to their individual average
(B=.13, 95% CI [.03, .22]). Individuals with lower-than-average mood texted fewer words
on days when they reported more positive moods. Hierarchical model comparisons revealed
that including the cross-level interaction of within- and between-subjects mood improved
the model fit more than a simpler model of main effects [x2 (1) = 6.51, p =.01]. Including
age also improved the model fit ([X2 (1) = 4.44, p =.035]; Table 3), indicating that older
participants used more words on a daily basis (=.22, 95% CI [.01, .43]). We did not observe
a main effect of depression or anxiety symptoms on word count, and neither depression nor
anxiety symptoms improved the model fit.

Discussion

In this one-month, intensive longitudinal study, we investigated the extent to which linguistic
features of digital social communication were linked to internalizing symptoms and daily
mood in early adolescent girls. With this study design, we were able to disaggregate the
association of 1) between-subjects differences in depression and anxiety symptoms and
average mood, and 2) within-subjects variation in daily mood states, and language use in
adolescence. Two previous studies have used a comparable between- and within-subjects
study design investigating linguistic features and changes in mental health; however, these
studies were in adult samples only. The first measured linguistic features from text messages
during high-risk periods for suicide attempts (Glenn et al., 2020). This study found support
for within-subjects changes over time in linguistic features relating to higher risk for a
suicide attempt in a high-risk sample of young adults. The second study investigated
linguistic features of psychological distance (i.e., low use first-person pronoun and present
tense) during message-based therapy and found that psychological distance increased over
the course of therapy and was associated with a reduction in symptoms (Nook et al., 2022).
In the present study, we analyzed daily communication solely from smartphone apps that
are classified as social in nature and are therefore designed primarily for interpersonal

IThere was a significant interaction between within- and between-subjects mood prior to the removal of one observation that was a
multivariate outlier —a participant with an above-average between-subjects mood on a day with very low within-subjects mood used a
very high proportion of future focus words on that day. Nonetheless, the association between extremely low within-subjects mood for
individuals who typically demonstrate high between-subjects mood and future focus words is an area for future research to explore.
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communication. In particular, we were interested in linguistic features associated with social
engagement (i.e., daily word count), self-focused attention (i.e., first-person pronouns),
temporal characteristics (i.e., past, present, and future focus words), and sentiment (i.e.,
negative and positive emotion words).

Related to our first confirmatory hypothesis, we did not observe a significant association
between depression symptoms and the use of first-person pronouns on a daily basis. This
finding is in contrast to previous research (Edwards & Holtzman, 2017) demonstrating

this effect may not hold in a naturalistic social context and in an early adolescent

sample. Interestingly, however, within-subjects mood was associated with the proportion

of first-person pronoun use. Participants tended to use more first-person pronouns on days
when they experienced more negative mood compared to their average. In fact, the effect

of within-subjects mood held when depression symptoms were included in the model,
indicating that changes in first-person pronoun use may be temporally more closely linked to
daily shifts in mood rather than to other depression symptoms, which may be relatively more
stable across days. These results may indicate that girls experience an inward, self-focused
attention when experiencing more negative mood that is revealed through pronoun use
during interpersonal communication.

Related to our second hypothesis, we did not observe a significant association between
depression symptoms and the use of negative emotion words. However, the direction of

the effects is worth noting for the purpose of generating future hypotheses, particularly
given the dearth of studies that have investigated these associations in naturalistic contexts.
The effect of depression and anxiety symptoms were in the hypothesized direction; thus,
future research could benefit from investigating this association in larger samples. Higher
depression symptoms were not robustly associated with the relative use of negative emotion
words, which is in contrast to previous research on this association in other contexts (Rude
et al., 2004). Higher use of negative emotion words may not be specific to depression
symptoms, as it has also been found to be associated with symptom dimensions of
personality disorders (Molendijk et al., 2010). At the other end of the spectrum, neither
depression nor anxiety symptoms were not robustly associated with positive emotion words.
However, between-subjects mood demonstrated a positive association with positive emotion
words, indicating that use of positive emotion words may be linked more closely to overall
positive affect. Nonetheless, daily fluctuations in mood were not associated with daily
changes in the sentiment of social communication. Adolescence is a time of emotional
variability (Larson & Brown, 2007; Larson & Sheeber, 2008) and as such, it may be

very common for adolescents to use both positive and negative sentiment throughout their
daily communication. Variability in oscillating between positive and negative sentiment in
messages may most often occur within a given day for adolescents, similar to the daily
fluctuations in emotions characteristic of adolescence (Larson & Brown, 2007; Larson &
Sheeber, 2008). While this study was not designed to address intraday associations, these
results nonetheless provide a basis for future research to explore.

Related to our first and second confirmatory hypotheses, we did not observe a significant
association between anxiety symptoms and daily proportions of first-person pronouns or
negative emotion words. Previous research has found associations between anxiety and
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first-person pronouns and negative emotion words (Brockmeyer et al., 2015; Sonnenschein
et al., 2018), however, these studies observed associations during a single time point, and in
different language contexts (i.e., online forums, essay prompt, clinical interview). It may be
the case that anxiety symptoms do not impact daily fluctuations in these linguistic features,
but rather to the average use of these linguistic features over time. Further, as is noted below
in the discussion of study limitations, it is possible that our measurement of anxiety did

not fully capture anxiety symptoms over the course of the study, as it was completed on

the last day of the study and asked participants to rate the items based on how it describes
them “now.” Nonetheless, we cannot interpret our null results as evidence of no possible
effect. Further research is necessary before concluding that there is indeed no effect between
anxiety symptoms and these linguistic features.

Participants with lower average mood over the study period tended to enter more words into
social apps on a daily basis when experiencing a low mood day relative to their average

day. Given that this is the case for participants who typically have low mood, having a
higher daily word count might indicate maladaptive communication when feeling distressed,
though the true nature of this association is difficult to detect. Indeed, various psychological
phenomena could lead to or subsequently be affected by increased word count. For instance,
an increase in word count for some adolescents may represent seeking help by reaching out
to their social network when feeling low, which would be considered an adaptive behavior.
However, for others, an increase in word count may represent a negative outcome of co-
rumination, which is the extensive recounting of negative experiences and emotions within
social relationships (Rose, 2002). Further, there are many remaining questions regarding

the inverse relationship between mood and word count, such as whether increased word
count indicates an increase in the quantity of people communicated with in a given day,

or simply an increase in the quantity of words sent to an individual’s typical number of
daily contacts. Network size may moderate whether an individual’s word count tends to

be dispersed across a smaller or larger number of contacts when experiencing low mood,
which may shed light on coping strategies and access to support when in a low mood.
While previous research would suggest that individuals with lower mood may have smaller
networks, and thus fewer people to contact, social integration and mood are more likely
influenced by a sense of belonging in one’s network (Ueno, 2005). Understanding the

size of participants’ networks is presently a challenging area to address, as the current

data collection tool is not able to distinguish which messages are being sent to distinct
individual recipients. Future technological development in data collection could pursue the
distinguishing of unique recipients in a confidential manner that removes any identifying
information, and simply reports which messages were sent to a distinct contact. Identifying
distinct recipients of messages would better enable the detection of co-rumination patterns
by linking the presence of contacts with a disproportionate quantity of words and changes in
mood. Additionally, it is necessary to look at temporal associations and longitudinal patterns
over time in order to understand the function of word use in conjunction with mood, such
as whether increased word use is part of a maladaptive response (e.g., co-rumination) or
compensatory behavior (e.g., reaching out for social support). Future longitudinal research
could examine whether behavioral responses, such as these, mediate the use of more words
on low mood days and increases or decreases in subsequent mood.
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Participants with lower average mood compared to the sample average tended to use more
present focus words. Greater use of present focus words have been found to be a component
of decreased psychological distancing, which results in feeling psychologically proximal

to one’s distress. This finding contributes to existing research on the role of psychological
distancing in effective emotion regulation (Nook et al., 2017) by demonstrating this effect in
a novel naturalistic social context. While the link between greater present focus and lower
mood appears to contrast with the present-focus awareness of mindfulness techniques of
emotion regulation, using more present focus words in the context of social communication
may actually represent the secondary processing of the present moment, which is counter

to the tenets of mindfulness — a non-reactive and non-judgmental acceptance of the present
experience (Brown et al., 2007; Chambers et al., 2009).

Participants with lower average mood and higher depression symptoms used more future
focus words. Given that this was true at a between-subjects level, it appears that higher
future focus words may be related to chronic, as opposed to acute, psychological distress,
but further research is required to know whether future focus words indicate future worry
and rumination, or perhaps are attempts to gain psychological distance (Bruehlman-Senecal
& Ayduk, 2015; Nook et al., 2017). Longitudinal research with a larger sample could
explore whether using more future focus words on low mood days prospectively predicts
increases or decreases in mood outcomes.

Taken together, we primarily found robust associations between within- and between-
subjects mood and our linguistic features of interest. Depression and anxiety symptoms,
however, did not appear to be robustly associated with these linguistic features, with the sole
exception of depression symptoms being associated with more future focus words. Further,
relative model fit was not improved when adding measures of anxiety and depression to
models that included mood, again, with the exception of depression symptoms and future
focus words.

Given that participants ranged in age from 11 to 15, spanning grades 6 to 10, we tested

age in all of our final, most complex hierarchical models to assess for improved model

fit. We did not have an a priori hypothesis regarding the association of age with our
linguistic features, so these were exploratory analyses. Nonetheless, given the lack of
previous research in this domain, we deemed it worth noting these effects to support future
developmental studies in this area. Interestingly, age appeared to have an association with
two linguistic features of interest — daily word count and past focus words. In both cases,
older participants communicated with more words on a daily basis and utilized relatively
more past focus words. We cannot distinguish through these data whether the daily use of
more words represents a positive outcome such as greater social connection, or a negative
outcome such as greater co-rumination. While this effect is consistent with previous research
that found that adolescents send more text messages as they progress from their freshman
to junior years in high school (Ehrenreich et al., 2019), it is unclear if the greater frequency
of text messages in this previous study translated directly to a greater number of words.

We did not have an a priori reason to examine the interaction between age and mood on
linguistic features, however this is an area that future research could explore. Additionally,
future longitudinal research of a longer duration could potentially assess the trajectories
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of these features across time in conjunction with increasing age. Further, pubertal timing

is a developmental process highly associated with, but nonetheless distinct from, age and
may in part account for the age-related variability. Given the links between pubertal timing
and internalizing symptoms during adolescence (Hamlat et al., 2019; Ullsperger & Nikolas,
2017), and the potential mediating role of social relationships (Conley et al., 2012), pubertal
processes are a prime area for future research related to social communication and mental
health.

This study had both methodological strengths and limitations. The age of the sample,

the longitudinal measurement of language and mood, along with the highly salient and
naturalistic social context, make this a novel study. However, several methodological
limitations should be noted when considering the current study. First, it is a limitation

that our measurement of anxiety symptoms was not definitively retrospective. The anxiety
questionnaire was completed on the last day of the study and asked participants to rate

how each item describes them “now”, so we do not know precisely what timeframe each
participant is considering when they are assessing their own symptoms, and whether those
symptoms were indeed present during the previous month of message data collection. This
was not the case for depression symptoms, however, as the CES-DC measure is indeed

a retrospective report. Additionally, it is a limitation that we are not able to distinguish
between private direct messages and public social media posts; thus, we cannot definitively
know that every message was sent to a known personal contact. Further, we have a
relatively small sample size due to enroliment being paused during the COVID-19 pandemic
and as such, we have insufficient power to test interactions between mental health and
within-subjects mood. Although prior work has recommended that general rules of thumb
about sample size (i.e., minimum of n=30) do not necessarily apply when using MLM to
estimate cross-level interaction effects (Aguinis et al., 2013), we nonetheless used REML

to reduce bias (Luke, 2017; McNeish, 2017), an acknowledge that our Level-2 sample size
of 30 renders our between-person findings to be more formative in nature, as opposed to
summative. Additionally, given the variability in participant compliance in completing daily
EMAs, combined with the presence of gaps in text data due to technical issues, it is possible
that the data may not have been missing at random. For instance, participants may have
been less likely to complete the EMA on days with particularly low mood. Participants were
advised to answer promptly at 8am and in relation to the previous day; however, it is also a
limitation that our EMA questionnaire could be answered within a wide timeframe.

The present study provides a longitudinal, concurrent assessment of daily mood with

daily digital communication, which allowed for testing changes in mood with changes in
naturalistic social language. Our findings support the conclusion that both between-subjects
individual differences and within-subjects fluctuations in mood are associated with certain
linguistic features of daily social communication. We have found evidence that the quantity
of communication, along with features related to self-focused attention, and psychological
distancing may be reflective of lower mood, and depression symptoms may be reflected in
the use of future-oriented words. Lastly, it is theoretically likely that language and mental
states interact and have a bidirectional relationship, especially in the context of smartphones,
but more research is required to elucidate this theory. Future research can begin to test such
lagged effects, in addition to the construct validity of these linguistic features, particularly
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for adolescents, as many questions remain regarding the function of these features and what
underlying psychological processes drive their use, or are affected by their use. Nonetheless,
this study contributes to a better understanding of linguistic markers of mood in adolescents,
which provides a direction for future research that may ultimately inform preventative
interventions for adolescent mental health.
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Figure 1.
Figures 1A and 1B above depict the association between within-subjects mood and

proportions of daily first-person pronouns. Within-subjects mood is person-centered at
zero. Figure 1A depicts individual lines representing each participant’s predicted regression
line (random intercept, fixed slope) for this association. Figure 1B depicts the distribution
of within-subjects mood and proportions of daily first-person pronouns. The solid line
represents the overall predicted regression line of this association, and the shaded region
represents the 95% confidence interval. Reporting a more positive mood compared to one’s
average mood was associated with lower proportion of daily first-person pronouns.
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Figure 2.
The scatterplot above shows the distribution of within-subjects mood along the x-axis and

proportion of daily past focus words on the y-axis. Red, blue, and green lines represent

the interactions of low, average and high levels of between-subjects mood, respectively, and
within-subjects mood on past focus words. The shaded regions represents 95% confidence
intervals. Between-subjects mood moderates the association between within-subjects mood
and the proportion of daily past focus words.
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Figure 3.
The scatterplots above depict the distribution of (A) between-subjects mood and proportion

of daily future focus words and (B) depression symptoms and proportion of daily future
focus words. The solid line represents the predicted regression line of this association, and
the shaded region represents the 95% confidence interval. Lower between-subjects mood
(grand mean centered) was associated with higher proportion of daily future focus words
(A). Higher depression symptoms were associated with higher proportion of daily future
focus words (B).
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Table 1.

Descriptive Statistics and ICCs of Dependent Variables

N=30 (%) M SO IcC
Age 1451 1.23
Gender
Female 30 (100%)
Race and Ethnicity
non-Hispanic/Latinx/Chicanx white 19 (63.3%)
Hispanic/Latinx/Chicanx white 3(10.0%)
multiracial Hispanic/Latinx/Chicanx 2 (6.7%)
multiracial 6 (20.0%)
Annual Household Income
Up to $25,000 1 (3.3%)
$25,000 to $40,000 4 (13.3%)
$40,000 to $75,000 8 (26.7%)
$75,000 to $100,000 5 (16.7%)
Over $100,000 11 (36.7%)
“Don’t know” 1(3.3%)
Days with Text (N) 23.57 6.39
Days with EMA (N) 1843  10.81
Days Overlapping Text & EMA 10.37 7.40
Depression Symptoms 18.70 12.56
Anxiety Symptoms 1.80 1.63
Mood (Average) 68.52  22.12
Linguistic Features
First-Person Pronouns 7.94 2.21 0.34
Positive Emotion Words 5.85 1.53 0.17
Negative Emotion Words 2.12 0.89 0.15
Word Count 288.95 237.42 0.40
Past Focus Words 311 0.91 0.12
Present Focus Words 13.32 1.91 0.15
Future Focus Words 1.94 0.79 0.19
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Note: M=Mean; SD=Standard Deviation; ICC=Intraclass Correlation Coefficient.

Linguistic features are daily average proportion of total words (i.e., 2 = 2% of daily words).
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Table 2.

Results of Confirmatory Hypotheses: Main Effects and Best Fit Model

Model Main Effects Best Fit Model
B 95% Cl P AlC B 95% ClI P AlIC

First-person Pronouns 1552.1
Within-subjects Mood -12 [-.21,-.03] .009 15521 -12 [-.21,-.03] .009
Between-subjects Mood -.20 [-.46,.06] 14 15565 — — —
Within-subjects x .00 [-.11, .10] 93 15536 — — —
Between-subjects Mood *

Depression Symptoms .09 [.00, .42] 43 15582 — — —
Anxiety Symptoms -.02 [-.23,.19] .85 15589 — — —
Age 11 [-11,.32] 34 15579 @ — — —

Negative Emotion Words 1191.0
Within-subjects Mood -.04 [-.24,.13] 48 11925 — — —
Between-subjects Mood -.08 [-.29,.12] 4411923 — — —
Within-subjects x .08 [-.04, .20] 18 11940 — — —
Between-subjects Mood *

Depression Symptoms .00 [-.17,.18] 93 11930 — — —
Anxiety Symptoms .04 [-.13, .21] 64 11927 — — —
Age 11 [-.05.28] .19 11912 — — —

B = Standardized Coefficient Estimate; AIC = Akaike Information Criterion

Page 25

Table 2 outlines each model organized by dependent variable. In the main effects column, each row of the table represents the main effect of the
given independent variable on the dependent variable without any covariates.

*

The only exception is the interaction model (i.e., Within- x Between-subjects Mood), which contained main effects of within- and between-
subjects mood, along with their interaction. The “Best Fit Model” column represents the most complex hierarchical model that also had the lowest
AIC and passed the likelihood ratio test with p<.05.

A hierarchical model is any model that contains more than one independent variable listed here. Variables with a dash (=) did not contribute to
improving the model fit and are thus not included in the “Best Fit Model” column.
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Table 3.

Results of Exploratory Hypotheses: Main Effects and Best Fit Model

Model Main Effects Best Fit Model
B 95% ClI p AlIC B 95% ClI p AlIC

Positive Emotion Words 1554.9
Within-subjects Mood .00 [-.10, .10] 95 15601 — — —
Between-subjects Mood .22 [.04, .41] 029 15549 .22 [.04, .41] .029
Within-subjects x .01 [-.11, .13] .87 15589 — — —
Between-subjects Mood*

Depression Symptoms -.00 [-.18, .17] 96 15601 — — —
Anxiety Symptoms -.03 [-.20, .14] .70  1560.0 — — —
Age -03 [-.20,.15] .77 15601 — — —

Past Focus Words 1282.10
Within-subjects Mood .09 [-.02, .20] 10 12848 .12 [.00, .23] .045
Between-subjects Mood -.009 [-.13,.11] 89 12874 -.02 [-.14,.09] .669
Within-subjects x 14 [.01, .26] .034 12842 .14 [.01, .26] .034
Between-subjects Mood*

Depression Symptoms -.004 [-.12,.11] 94 12874 — —_ —_
Anxiety Symptoms .08 [-.04, .20] 20 12858 — — —
Age A1 [.00, .22] .051 12836 .11 [.00, .23] .045

Present Focus Words 1708.0
Within-subjects Mood -.06 [-.16, .04] 27 17120 — — —
Between-subjects Mood -21 [-.39,-.04] .029 17080 -.21 [-.39,-.04] .029
Within-subjects x .03 [-.08, .15] 58 17105 — — —
Between-subjects Mood*

Depression Symptoms .10 [-.06, .27] 23 17117 — — —
Anxiety Symptoms -.02 [-19, .15] 81 17132 — — —
Age -04 [-21,12] 61 17130 — — —

Future Focus Words 1009.8
Within-subjects Mood -.07 [-.17,.03] 19 10210 — — —
Between-subjects Mood -.27 [-.44,-10] .007 10139 -17 [-.33,-.01] .063
Within-subjects x -.05 [-.17,.07] 39 10158 — — —
Between-subjects Mood*

Depression Symptoms .25 [.12,.39] .001 10122 .19 [.04, .33] .019
Anxiety Symptoms .09 [-.08, .25] 32 10216 — —_ —_
Age 06 [-11,.23] 47 10221 @ — — —

Word Count 4426.0
Within-subjects Mood -05 [-.13,.04] 26 44329 -03 [-.11,.06] .53
Between-subjects Mood -19 [-.46, .08] 19 44322 -19  [-.44,.07] 17
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Model Main Effects Best Fit Model
B 95% Cl p AlIC B 95% Cl p AlIC

Within-subjects x 13 [.03,.22] 011 44284 .13 [.03, .22] 011
Between-subjects Mood*
Depression Symptoms -.02 [-.25, .20] .83 44341 — — —
Anxiety Symptoms .02 [-.19, .24] .83 44341 — —_ —_
Age .22 [.01, .43] 049 44299 .22 [.01, .42] .047

See Table 2 footnote for a description of the formatting and abbreviations used in Table 3.
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