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Increasing use of smartphones is a notable andworldwide phenomenon, and investigating the potential role this
use has on population health is a critical area of research. Prior studies have found psychopathology correlated
with frequency of smartphone use. However, this research relied on cross-sectional data and solely utilized
subjectively reported smartphone use. These methodological shortcomings should be overcome to understand
a truer picture of the association between increased smartphone use and psychopathology. Utilizing an intensive
repeated measures study design, we used a smartphone application (app) to monitor daily minutes of
smartphone use over the course of one week among 68 college students. Using latent growth curve modeling,
we found that lower depression severity predicted increased smartphone use over theweek. Additionally, greater
use of expressive suppression as an emotion regulation strategy predictedmore baseline smartphone use, but less
smartphone use during theweek. These findings suggest that depression and expressive suppression of emotions
accounted for significant variability in objectivelymeasured smartphone use. Depression and emotion regulation
are discussed in regard to corresponding patterns of smartphone usage. This paper contributes to knowledge of
psychopathological correlates of smartphone use by repeated, objective smartphone use measurement.
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1. Introduction

Smartphones are widely used across the world. Pew Research
polling indicates that 72% of Americans owna smartphone,with a global
average of 43% (Poushter, 2016). Associations have been revealed be-
tween increased smartphone use and specific types of psychopathology
(Billieux, Maurage, Lopez-Fernandez, Kuss, & Griffiths, 2015). Yet, a lim-
itation of research on smartphone use-psychopathology relationships is
the reliance on self-reported smartphone use and cross-sectional study
designs. Given the limitationswith recalling and estimating smartphone
use and the inherent limitations of cross-sectional studies to uncover
potentially casual relationships, less is known regarding the true nature
of these associations.

Smartphones offer productivity enhancement (e.g., calendar and
email), information seeking (e.g., web browsing), social interaction
(e.g., social media), diversion and relaxation, entertainment, monetary
all, Ph.D. Humanities and Social
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compensation (e.g., locating consumer deals), and personal status
through use of an expensive phone (van Deursen, Bolle, Hegner, &
Kommers, 2015). Smartphones provide enhanced productivity in the
workplace (Leftheriotis & Giannakos, 2014; Wu, 2013) and in school
(Godwin-Jones, 2011). However, problematic smartphone use (i.e.,
involving associated impairment) is related to significant risks to well-
being. Smartphone use is associated with distracted driving and
pedestrian walking (reviewed in Cazzulino, Burke, Muller, Arbogast, &
Upperman, 2014), and musculoskeletal health problems such as neck
discomfort (from staring down at a screen) and hand injury (İNal,
Demİrcİ, Çetİntürk, Akgönül, & Savaş, 2015; Xie, Szeto, Dai, &
Madeleine, 2016).

Problematic smartphone use is generally considered to share
features with other addictive disorders, including tolerance, craving,
withdrawal, and functional impairment (Billieux et al., 2015). Problem-
atic use is also associated with severity of depression and anxiety. The
most well-supported mental health association with smartphone use
frequency and problematic use is depression symptomatology, with
bivariate and adjusted effect sizes typically between 0.30 and 0.50
(reviewed in Elhai, Dvorak, Levine, & Hall, 2017a). This finding has
been demonstrated recently with college students (Demirci, Akgonul,
& Akpinar, 2015; Smetaniuk, 2014), a heterogeneous sample recruited
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from universities and mailing lists (Harwood, Dooley, Scott, & Joiner,
2014), Amazon's Mechanical Turk internet labor market (Kim, Seo, &
David, 2015), and working adults (Smetaniuk, 2014). The smartphone
use-depression relationship is thought to exist because a) depressed in-
dividuals may use smartphones to cope with their negative emotion,
and b) excessive smartphone use (in the absence of social activity)
may trigger depressive symptoms (Elhai et al., 2017a).

One of the key buffers against psychopathology is emotion regula-
tion (Aldao, Nolen-Hoeksema, & Schweizer, 2010; Weiss, Sullivan, &
Tull, 2015). Emotion regulation is the process inwhich individualsmod-
ulate their emotions in order to adapt to their environment. Adaptive
regulation of emotions involves two distinct processes including higher
levels of cognitive reappraisal and lower expressive suppression (Gross,
1998b). Cognitive reappraisal involves reinterpreting negative emo-
tional stimuli in a non-emotionalmanner, while expressive suppression
involves inhibiting negative emotion (Gross, 1998a). Problematic
smartphoneusersmay not adequately regulate their negative emotions,
and may cope with these emotions through avoidance by using their
smartphones. Thus, rather than using adaptive coping strategies to
regulate emotion, such as problem-solving or social support, such indi-
viduals may use distraction, avoidance, and disengagement via their
smartphones. Hoffner and Lee (2015) found in a survey study that ex-
pressive emotional suppression was associated with higher intensity
of missing smartphone features involving entertainment and informa-
tion content. And Elhai, Levine, Dvorak, and Hall (2016) found that
maladaptive emotion regulation strategies mediated the relationship
between problematic smartphone use and anxiety severity. Relatedly,
alexithymia – involving difficulty in experiencing and identifying
emotion – has demonstrated relations with problematic internet use
(Baysan-Arslan, Cebeci, Kaya, & Canbal, 2016).

1.1. Theory

An important question is: Which variables account for increased
smartphone use by some people? A relevant theory is from the mass
communications field – Uses and Gratifications Theory (UGT)
(Blumler, 1979; Blumler & Katz, 1974). UGT assumes that people are
very active in their choice of which media and technology they con-
sume, distinguishing it from other mass communication theories
(West & Turner, 2007). Central to UGT is the tenant that individuals
have specific gratifications that they want met, and these gratifications
are met by using particular types of media (Blumler, 1979). Further-
more, individual differences drive these specific gratification needs
(Blumler, 1979).

Numerous studies have usedUGT to conceptualize and test individual
differences that may explain increased smartphone use. Among these
studies, support has been for such variables as female gender (Grellhesl
& Punyanunt-Carter, 2012), internal locus of control and behavioral
activation (Park, Kim, Shon, & Shim, 2013), reward seeking and poor ac-
ademic performance (Dhir, Chen, & Nieminen, 2015). Extending this re-
search, we would expect increased smartphone use related to increased
levels of specific types of psychopathology, such as depression symptoms
and maladaptive emotion regulation skills. In fact, recently anxiety
severity was related to increased smartphone use (Elhai, Levine,
Dvorak, & Hall, 2017b); and anxiety is highly correlated with depression
(Lamers et al., 2011).

1.2. Aims

In the present study, we examined smartphone use over the
course of one week by employing an intensive repeated measures
research design that enabled direct tests of associations between
depression severity and emotion regulation. We sampled young
adult college students, a population with nearly a 100% prevalence of
smartphone ownership (Poushter, 2016). This study offers two critical
advancements in the science of understanding the factors and correlates
involved in increased and problematic smartphone use. First, we con-
ducted a repeated measurement study, while the relevant literature has
almost exclusively relied on cross-sectional designs (Billieux et al.,
2015). Second, we utilized objective measurement of cell-phone use,
which is unique in this literature. Previous studies relied on self-report,
which may not be reliable and accurate to assess smartphones usage.
Understanding smartphone use patterns over the course of a week, as a
function of psychopathology, could be beneficial in psychological treat-
ment planning of more adaptive, in-person behavioral and social activi-
ties with patients (Dimidjian, Barrera, Martell, Munoz, & Lewinsohn,
2011).

This study is also important in understanding how research partici-
pants respond to behavioral observation – in this case, via monitored
smartphone use. Thus, findings may inform research on the Hawthorne
Effect in studying psychological constructs, including psychopathology
(Chiesa & Hobbs, 2008; McCambridge, Witton, & Elbourne, 2014), in
the context of technological monitoring. This issue is important, as
there is a growing use of technology in psychological and psychiatric
treatment to monitor symptoms and treatment outcomes (Hollis et
al., 2015). Gaining knowledge on how individuals with psychopatholo-
gy respond to technological monitoring of their behaviors and emotions
is therefore an important part of understanding and measuring treat-
ment outcomes.
1.3. Hypotheses

We posed the following hypotheses.

Hypothesis 1. Baseline depression severity (i.e., measured initially)
will be positively associated with objectively measured baseline
smartphone use frequency, and maintained smartphone use over the
week of monitoring.

This hypothesis is based on prior cross-sectional research demon-
strating positive associations between depression severity and both
smartphone use frequency and problematic use (most recently in
Demirci et al., 2015; Harwood et al., 2014; Kim et al., 2015; Smetaniuk,
2014). Furthermore, with participants aware that their smartphone use
is being monitored over the week (especially heavy users), there should
be pressure to downwardly adjust their smartphone use behavior during
the week (Jiang & Leung, 2011). In fact, perceived social norms drive
technology use (Cheung & Lee, 2010), including time spent on
smartphone use (Derks, van Duin, Tims, & Bakker, 2015). However, we
expected that people with greater depression symptoms would not
exhibit decreased usage due to self-regulatory deficits associated with
depression (Baumeister & Heaterton, 1996).

Hypothesis 2. Maladaptive emotion regulation will be positively asso-
ciated with objectively measured baseline smartphone use frequency,
and maintained usage over the week.

Specifically, expressive emotional suppression should be positively
related, and cognitive reappraisal should benegatively related,with base-
line and repeated smartphone use measurements. This hypothesis is
based on prior cross-sectional research supporting maladaptive emotion
regulation in association with increased smartphone use (Elhai et al.,
2016; Hoffner & Lee, 2015). Furthermore, knowing that participants'
smartphone use is being monitored should create pressure to decrease
use over the week, based on the effect of social norms on smartphone
use (Derks et al., 2015), but this inhibition in use should be easier for
adaptive emotion regulators. This is because, unlikemaladaptive emotion
regulators, adaptive regulators are likely not already pre-occupied with
repairing negative mood (which would otherwise interfere with re-
sponse inhibition) (Tice & Bratslavsky, 2000) and thus should be better
at inhibiting behavior (Joormann & Gotlib, 2010), such as smartphone
usage.
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2. Method

2.1. Participants

We initially recruited a convenience sample of 299 college students
(ages 18–25 years old) from a large Midwestern, United States public
university for a web survey. Four participants did not complete the
end of the web survey, to provide contact information for research
crediting. Of the remaining 295 potential participants, 238 individuals
(80.7%) provided consent to be contacted for a follow-up study for addi-
tional academic credit.

We limited study participation to individuals owning an Apple
iPhone, which was required for the application (app), called Moment,
which we used to track smartphone use frequency (Holesh, 2016). Of
238 potential participants, 169 indicated in the initial web survey that
they owned an iPhone; 63 reported owning an Android phone, and six
people indicated “other.” Five individuals among the 169 reported
owning an iPhone older than the iPhone 4s (released in October
2011), which we excluded because older phone models would be less
reliable when measuring smartphone use with the Moment app (K.
Holesh, Personal Communication, February 20, 2016). Of the 164
newer generation iPhone users, 76 responded to our invitation and ini-
tiated the follow-up study; all 76 individuals completed the study. How-
ever, for eight of these participants, we were not able to match their
data from the web survey with the follow-up study due to incomplete
and/or inaccurate responses from participants across surveys, thus
resulting in an effective sample of 68 participants for this study.

Among the effective sample, age averaged 19.75 years (SD = 2.03).
The majority were freshmen (n = 30, 44.1%) or sophomores (n = 23,
33.8%). About two-thirds of participants were women (n = 44, 64.7%).
Most were Caucasian (n = 55, 80.9%), with 12 African Americans
(17.6%), 5 Hispanic/Latinos (7.4%), and 4 Asian Americans (5.9%) (re-
sponses were not mutually exclusive). Slightly more than half of partic-
ipants were working part-time (n = 36, 52.9%) or full-time (n = 4,
5.9%).

We compared the effective sample of 68 participants with the 231
potential participants (from the web survey) who did not participate
in the follow-up study. We used analyses of variance (ANOVA) for con-
tinuous outcomes, and chi-square analyses for categorical outcomes.
These groupswere not significantly distinct with regards to age, gender,
race/ethnicity, year in college, or employment status (all ps N 0.05, small
effect sizes) (full results available upon request).
2.2. Procedure

Participants were recruited in March–April of 2016 from the
university's psychology department online research pool, hosted on
Sona Systems' website. Those signing up for the study were routed to
an online consent statement hosted on Psychdata.com. Participants
agreeing to participatewere presented a 20- to 30-minweb survey (de-
scribed below) in exchange for course research credit; no monetary
compensation was offered. After completing the web survey, partici-
pants were asked permission for follow-up study contact, and if so, to
provide contact information and details on the brand/model of phone
they own.

All 164newer generation iPhoneuserswere contacted by email and/
or phone (several times if initially unsuccessful) for the follow-up study.
Those responding who agreed to participate were scheduled for in-
person (10–15 min) appointments. Appointments were conducted
with research assistants (RAs) trained in the study protocol and in the
conduct of ethical research. Participants were instructed beforehand to
bring their iPhone, to ensure that their operating system was updated
to iOS 9 (required at that time for using Moment), and to be prepared
to log into the Apple App Store so that RAs could assist them in
downloading and installing the free Moment app.
The number of days between a participant's web survey completion
and appointment date ranged from 1 to 21 (M = 7.72, SD = 4.60). At
the appointments, participants were asked several questions, in order
to match their new, prospective data with their prior web survey data.
Next, RAs assisted participants in downloading and installing the
Moment app, explaining that it would keep track of their minutes of
phone use for the next week.

RAs instructed participants on usingMoment, to ensure that it mea-
sured phone usage accurately. Specifically, participants were instructed
to leaveMoment running in the background, and to avoid both disabling
location services and enabling airplane mode. Moment sends “push”
notifications if the user force quits from the app; we pre-emptively
instructed participants on how to restartMoment in that event.We sug-
gested that participants plan accordingly with phone charging so as to
not drain their battery. Participants were assisted in ensuring that
their phones were set to auto-lock when not charging (so that Moment
did not erroneously count phone usage when not in use). We also
instructed participants to lock their phones at night while being
charged, so that Moment did not count phone usage during sleep, such
as if the phone's alarm clock was on and displayed continuously
overnight.

RAs contacted participants eight days after their in-person appoint-
ments by phone/email (several times if initially unsuccessful). Partici-
pants were instructed on how to export their data generated by
Moment, emailed to RAs directly from the app, for analysis. Participants
were then told that they could uninstallMoment, and they were thanked
for their participation.

2.3. Web survey instruments

2.3.1. Questions for data matching
As noted above, questionswere asked in theweb survey and follow-

up study, for data matching. Specifically, we inquired about shoe size,
state/province of birth, number of children one's biological mother
gave birth to, first four letters of their mother's maiden name, and eye
color.

2.3.2. Demographics
We inquired about demographics, including age, gender, race/

ethnicity, year in college, and employment status.

2.3.3. Smartphone usage
Wequeried the frequency of using 11 smartphone features, including

“video and voice calls (making and receiving),” “text/instant messaging
(sending and receiving),” “email (sending and receiving),” “social
networking sites,” “internet/websites,” “games,” “music/podcasts/radio,”
“taking pictures or videos,” “watching videos/TV/movies,” “reading
books/magazines,” and “maps/navigation.” We used a six-point Likert-
type scale, with responses ranging from “1 = Never” to “6 = Very
often.” Elhai et al. (2016) adapted this measure from several sources
(Cheever, Rosen, Carrier, & Chavez, 2014; Hoffner & Lee, 2015; Smith &
Page, 2015, April 1). Elhai et al. reported coefficient alpha of 0.86 for
this measure, and a correlation of 0.34 with Kwon, Lee, et al.'s (2013)
Smartphone Addiction Scale. In the present effective sample, coefficient
alpha was 0.79.

2.3.4. Smartphone Addiction Scale-Short Version
We measured problematic smartphone use with the Smartphone

Addiction Scale-Short Version (SAS-SV) (Kwon, Kim, Cho, & Yang,
2013). The SAS-SV consists of 10 items using a Likert scale ranging
from “1= Strongly disagree” to “6= Strongly agree,”measuring health
and social impairment,withdrawal and tolerance related to smartphone
use. Coefficient alpha is reported at 0.91, with convergent validity
relative to other scalesmeasuring problematic internet and smartphone
use (Kwon, Kim, et al., 2013). Coefficient alpha in the present sample
was 0.88.

http://Psychdata.com
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2.3.5. Patient Heath Questionnaire-9 (PHQ-9)
The PHQ-9 is a 9-item self-report measure assessing DSM-5 Major

Depressive Episode (MDE) symptoms over the past two weeks
(Kroenke, Spitzer, & Williams, 2001). Responses range from 0 = “Not
at all” to 3 = “Nearly every day.” Internal consistency ranges from
0.86 to 0.89, with good test-retest reliability within 48 h (r=0.84). Di-
agnostic validity has been demonstrated (reviewed in Manea, Gilbody,
& McMillan, 2015). Coefficient alpha in our sample was 0.86.

2.3.6. Emotion Regulation Questionnaire (ERQ)
We measured emotion regulation using the ERQ. The ERQ is a 10-

item self-report measure of cognitive reappraisal and expressive sup-
pression attempts to regulate emotion (Gross & John, 2003). Response
options range from 1 = “Strongly disagree” to 7 = “Strongly agree.”
Gross and John (2003) reported coefficient alpha ranging from 0.75 to
0.82 for reappraisal, and 0.68 to 0.76 for the suppression subscale,
with convergent validity relative to measures of mood, coping and
rumination. Our effective sample's coefficient alphas were 0.88 for
cognitive reappraisal, and 0.82 for emotional suppression.

2.3.7. Moment app
TheMoment app for iOS (Holesh, 2016) tracks howmuch an individ-

ual uses his/her iOS device (iPhone, in the present study);Momentmea-
sures number of minutes of screen time actively used daily (i.e., time
that the phone is locked is not included). Accuracy (reportedly, ≥95%)
is achieved through the app's use of location services on the phone
(Holesh, 2016).

2.4. Moment app validity testing

We conducted our own validity testing of Moment in a pilot study.
Six RAs used their iOS devices for these trials, including an iPad Mini,
iPhone 5s, iPhone 6, and five iPhone 6smodels.We implemented 10 tri-
als per person. We counted our first three trials as practice trials, in
order to become familiar with starting and stopping the Moment app's
tracking feature. For consistency, all RAs enabled Do Not Disturb
mode. In half of trials, we instructed RAs to close all apps other thanMo-
ment to start with, but could then launch apps as they preferred. In the
other half of trials, we instructed RAs to at least open Safari,Mail, Photos,
Calendar and Messages, and could open other apps as preferred.

A seventh person used a ProCoach RS-008 stopwatch to count
minutes. We varied the number of minutes for each trial. After each
trial, RAs uninstalledMoment, and reinstalled, in order to clearMoment's
minute counter for manual tracking. RAs were instructed to prevent
their devices from locking during trials.

No trials resulted in an individual discrepancy of more than 1 min
between the stopwatch and Moment calculations. The average discrep-
ancy across all trials was 10 s, and discrepancies did not appear to be a
function of how many apps were open, nor how long the trial was.

2.5. Analyses

2.5.1. Preliminary analyses
For participants missing b50% of items on a particular web survey

measure, we imputed missing item-level responses using maximum
likelihood (ML) procedures. We summed scale scores from the miss-
ing-imputed item responses, and estimated the few missing summed
scores based on full information ML, with age and gender as covariates.

We had no missing data from the Moment app, with at least nine
days of data for each participant. Excluding the first day and ninth day
(of contact), which were non-complete days of tracking, we had seven
full (24-h) days of phone data from days 2 through 8.

Web survey total scores evidenced normality, with no skewness or
kurtosis values N1.5 in absolute value. Objective number of smartphone
useminutes had no skewness absolute values N1.5, and the largest kur-
tosis value was 4.5 (SEs ranged from 0.29 to 0.57). Because the kurtosis
value indicated borderline non-normality as a precaution, we used
normal-corrected theory in our analyses below. Collinearity was not
evidenced; the largest correlation among predictor variables in absolute
size was 0.22.

2.5.2. Data analysis plan
We first tested the relationship between the daily average of objec-

tive smartphone useminutes (generated byMoment) and both baseline
self-reported use frequency and problematic smartphone use scores.
We expected to find only small relationships between self-reported
and objective use, based on research demonstrating discrepancies
between self-reported and objectively measured smartphone use
(Andrews, Ellis, Shaw, & Piwek, 2015; Boase & Ling, 2013; Kobayashi
& Boase, 2012).WeusedPearson correlations to test these relationships.
We re-conducted these analyses by excluding weekend days, instead
only analyzing the average of the five weekdays, because weekend
use can differ from weekday use (Filiposka & Mishkovski, 2013). We
also assessed weekend-only days. Additionally, used a paired-samples
ANOVA to examine differences between weekday-only and weekend-
only average minutes of use.

Next, although not the primary focus of this study, we report partial
correlations between the symptom variables (depression and two emo-
tion regulation scale scores) and the averaged objective smartphoneuse
minutes variables. We adjusted these estimates, whereby the correla-
tions statistically account for age and gender.

Next, we used growth curve modeling (also known as longitudinal/
repeated measures multilevel modeling) (Raudenbush & Bryk, 2002;
Snijders & Bosker, 2002), to investigate depression severity
(Hypothesis 1) and emotion regulation (Hypothesis 2) as predictors of
baseline objective smartphone use minutes and repeated assessment
changes over the week of monitoring (note: not all participants'
weeks started on the same day of the week). An important advantage
of this approach is that each repeated assessment (daily smartphone
minutes used) is estimated in the analysis, rather than using a more
crude estimated average across measurements (Raudenbush & Bryk,
2002; Snijders & Bosker, 2002). We used equidistant time scores (i.e.,
with one-day intervals) measured across days. ML estimation with ro-
bust standard errors was used to address possible non-normality,
using normal-corrected theory (Yuan & Bentler, 2000), with residual
covariances fixed to zero, and dependent variables treated continuous-
ly. We estimated a latent intercept (or baseline estimate), and latent
slope for change in repeated measurements over the week. We also
tested non-linear growth using a quadratic slope, compared to a
model without a quadratic slope, using a correction factor (Muthén &
Muthén, 2006). We first estimated unconditional models (without co-
variates), and then added our covariates, including depression and the
two emotion regulation scores. In all models, we statistically controlled
for variables often correlating with smartphone use frequency and
problematic use, including age (Lu et al., 2011; van Deursen et al.,
2015) and gender (Jeong, Kim, Yum, & Hwang, 2016; Wang, Wang,
Gaskin, & Wang, 2015) (coded 1 = men, 2 = women). Fit indices are
reported, including the Comparative Fit Index (CFI), Tucker-Lewis
Index (TLI) (with excellentfit N 0.94), rootmean square error of approx-
imation (RMSEA) (with excellent fit b 0.07), and standardized root
mean residual (SRMR) (with excellent fit b 0.09) (Hu & Bentler, 1999).

3. Results

3.1. Descriptive statistics and correlations

We report descriptive statistics for the primary measures in Table 1.
We examined averaged objective phone use minutes per day in relation
to self-reported smartphone use frequency and problematic smartphone
use scores. Average objective smartphone use minutes were not signif-
icantly correlatedwith self-reported use frequency (r=0.17, p=0.16);
however, average objective smartphone use minutes were significantly



Table 1
Descriptive statistics for the primary measures.

Measure M SD

PHQ-9 5.44 4.53
CR 26.56 7.37
ES 15.17 5.75
SUF 44.83 6.29
SAS 25.82 10.57
OM 240.48 98.43
OM-weekday 248.83 106.89
OM-weekend 236.88 103.85

Note: CR = emotion regulation cognitive reappraisal; ES = emotion regulation
expressive suppression; OM= objective minutes of smartphone use per day, averaged;
OM-weekday = objective minutes of smartphone use per day (weekdays only), averaged;
PHQ-9 = Patient Health Questionnaire-9; SAS = Smartphone Addiction Scale; SUF =
smartphone use frequency (self-reported). Fig. 1. Objectively measured smartphone minutes used over seven days.
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correlated with problematic smartphone use (SAS) scores (r = 0.31,
p=0.01). Averageweekday-only objectiveminuteswere not correlated
with self-reported use frequency (r = 0.01, p = 0.95), nor with SAS
scores (r = 0.06, p = 0.65). Average weekend-only objective minutes
were correlated with self-reported use frequency (r = 0.27, p = 0.03),
and with SAS scores (r= 0.31, p= 0.01). Weekday-only and weekend-
only average minutes of smartphone frequency use did not differ,
F(1, 67) = 0.42, p = 0.52, ηp

2 = 0.01.
Table 2 reports partial correlations between the depression and

two emotion regulation scale variables and the averaged objective
smartphone use minutes variables. Adjusting for age and gender, none
of these correlations were statistically significant.

3.2. Growth curve models

We tested an unconditional growth model, assessing change in
objective smartphone minutes used across days, without covariates.
The slope did not evidence statistically significant variance, B = 36.53,
SE = 46.32, p = 0.43, indicating that there was not random variation
in the slope across participants over the week. Therefore, we re-
computed this model using a fixed effect, rather than random effect,
for the slope. This model fit well, Yuan-Bentler (Y-B) χ2(25, N = 68) =
26.37, p = 0.39, CFI = 0.99, TLI = 0.99, RMSEA = 0.03 (90% CI: 0.00 to
0.10), and SRMR= 0.09. The slope mean appeared to have a slight posi-
tive trend over theweek (Fig. 1); however, this trendwas not statistically
significant, B = 2.68, SE = 1.77, p = 0.13, indicating non-significant
variability over the week. Adding a quadratic effect to the model
(to assess non-linear change) did not enhance fit, Y-B χ2diff(3, N =
68) = 7.77, p = 0.05.

Wenext added scores of depression, cognitive reappraisal and expres-
sive suppression as covariates, along with age and gender, in predicting
the intercept and slope (to test Hypotheses 1 and 2). This model fit
well, Y-B χ2(50, N = 68) = 60.98, p = 0.14, CFI = 0.96, TLI = 0.96,
RMSEA = 0.06 (90% CI: 0.00 to 0.10), and SRMR = 0.07. Table 3
demonstrates covariate regression coefficients for the intercept and
slope.We also present unadjusted (bivariate) estimates for the covariates.
In addition to female gender associatedwith the latent intercept, baseline
Table 2
Partial correlations (adjusting for age and gender) between psychopathology constructs
and objective smartphone use variables.⁎

Psychopathology variable OM OM-weekday OM-weekend

PHQ-9 0.08 −0.04 0.12
CR −0.03 0.01 b0.01
ES 0.12 0.16 0.09

Note: CR = emotion regulation cognitive reappraisal; ES = emotion regulation
expressive suppression; OM= objective minutes of smartphone use per day, averaged;
OM-weekday = objective minutes of smartphone use per day (weekdays only), averaged;
PHQ-9 = Patient Health Questionnaire-9.
⁎ p b 0.05.
depression severity was inversely related to the slope, such that greater
initial depression was associated with decreased objective smartphone
use over the week.

Next, we tested an unconditional growthmodel, assessing change
in objective minutes used across weekdays only, with a fixed slope,
and without covariates. This model fit well, Y-B χ2(12, N = 68) =
13.36, p = 0.34, CFI = 0.99, TLI = 0.99, RMSEA = 0.04 (90% CI:
0.00 to 0.13), and SRMR = 0.09. The slope mean was not significant,
B = 2.19, SE = 3.13, p = 0.48, indicating non-significant variability
over the weekdays. A model with a quadratic slope did not enhance
fit, Y-B χ2diff(3, N = 68) = 0.19, p = 0.98.

Wenext added scores ondepression, cognitive reappraisal andexpres-
sive suppression as covariates, along with age and gender, in predicting
the intercept (baseline smartphone use) and slope (smartphone use
over the week) (as another test of Hypotheses 1 and 2). This model fit
well, Y-B χ2(27, N = 68) = 25.27, p = 0.56, CFI = 1.00, TLI = 1.00,
RMSEA= 0.00 (90% CI: 0.00 to 0.09), and SRMR= 0.06. Table 4 displays
covariate regression coefficients for the intercept and slope. We also
present unadjusted (bivariate) estimates for the covariates. Expressive
suppression was positively related to the intercept, and inversely related
to the slope of changes over the week.

4. Discussion

In the present study, we examined smartphone use in relation to de-
pression and emotion regulation scores. This study is notable and
unique in our use of objective monitoring of smartphone use, as well
as our repeated measurements over the course of one week. Although
we found a slightly positive trend of increased smartphone use over
the week (Fig. 1), this trend was not statistically significant, and thus
likely represented random variation. Results demonstrated that depres-
sion and expressive suppression of emotions accounted for significant
variability objectively measured smartphone use.

Self-reported problematic smartphone usewasmoderately related to
objectivelymeasured smartphone use. However, self-reported frequen-
cy of smartphone use was not significantly associated with objectively
measured use. This is not surprising, given limitations in self-report
methodology, such as recall bias and demand characteristics (Cook &
Campbell, 1979), and the prevalent misperception of time (Grondin,
2010). Notably, we found that people tend to overestimate the amount
of time they spend on their phones, which is consistent with previous
research (Andrews et al., 2015; Boase & Ling, 2013; Kobayashi &
Boase, 2012). However, the present study's measurement of
smartphone use was novel and improved from prior studies. Two of
these studies measured messaging and phone calls only (Boase & Ling,
2013; Kobayashi & Boase, 2012); the Andrews et al. (2015) study objec-
tively measured all smartphone use, including passive, non-screen time
such as listening to music, representing a limitation in measurement.
Nonetheless, self-reported smartphone use frequency is consistently
found to be inaccurate, and a limitation in previous research in this



Table 3
Covariate results of objective smartphone use minutes for intercept and slope across 7 days.

Intercept Slope

Covariate Bivariate B (SE) t Multivariate B (SE) t Bivariate B (SE) t Multivariate B (SE) t

Gender 59.65 (22.90) 2.60⁎⁎ 55.27 (24.49) 2.26⁎ −4.04 (3.53) −1.14 −2.08 (3.60) −0.58
Age −5.81 (4.35) −1.34 −5.55 (4.42) −1.26 −0.10 (0.58) −0.17 −0.05 (0.69) −0.08
PHQ-9 4.52 (3.28) 1.38 3.74 (3.24) 1.15 −0.73 (0.36) −2.00⁎ −0.76 (0.37) −2.03⁎

CR −0.63 (1.63) −0.39 −0.32 (1.52) −0.21 0.11 (0.26) 0.42 0.01 (0.28) 0.03
ES 0.03 (1.86) 0.01 0.76 (2.06) 0.37 0.38 (0.37) 1.02 0.40 (0.38) 1.04

Note: CR= emotion regulation cognitive reappraisal; ES= emotion regulation expressive suppression; PHQ-9= Patient Health Questionnaire-9. Multivariate columns representmodels
where the covariates are included and are adjusted for the presence of each other. Bivariate columns are unadjusted, single-covariate models.
⁎ p b 0.05.
⁎⁎ p b 0.01.
⁎⁎⁎ p b 0.001.
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area. The present study offers new insights into the association between
smartphone use and psychopathology by overcoming limitations
imposed by inaccurate measurement.

We found partial support for Hypothesis 1, as well as some unex-
pected null findings. Contrary to expectations, depression severity was
not related to baseline objective smartphoneuse. Depressionwas signif-
icantly related to changes in smartphone use over the week. However,
higher baseline depression severity was associated with decreased use
over the week, while lower baseline depression severity was associated
with increased use over theweek. In the context of UGT (Blumler, 1979),
lower depression severity would therefore represent an individual dif-
ference inwhich onewould gratify their needs by engaging in increased
smartphone use. There are several possible reasons for this that require
future studies to investigate. First, monitoring smartphone use may
have cued self-criticism in those with greater depression severity
(Dunkley, Sanislow, Grilo, & McGlashan, 2009), thereby influencing
them to downwardly adjust their usage over the week. However, be-
cause the Moment app ran in the background on participants' phones,
without user interaction, it is possible that participants did not think
about the fact that their smartphone usewas beingmonitored, and con-
sequently maintained regular use over the course of the week. Second,
participants with greater depression may have engaged in social isola-
tion or behavioral avoidance (De Silva, McKenzie, Harpham, & Huttly,
2005). People with higher depression severity do tend to overuse tech-
nology (Kuss, Griffiths, Karila, & Billieux, 2014), but not social aspects of
technology, due to depression-related social deficits (Andreassen et al.,
2016; Elhai et al., 2017b). However, this pattern was only observed for
the full week of monitoring, rather than the weekday-only period. So
the findings above may be a function of different usage patterns over
the weekend specifically, during which there may be more open time
and less structure, in turn promoting particular types of smartphone
use (Filiposka & Mishkovski, 2013).

Third, participants with less depression severity may have felt rela-
tively indifferent to the implications of elevated phone use being ob-
served, and therefore they did not change their smartphone behavior.
Finally, self-control may be an important variable that could explain
Table 4
Covariate results of objective smartphone use minutes for intercept and slope across 5 weekda

Intercept

Covariate Bivariate B (SE) t Multivariate B (SE) t

Gender −3.18 (31.65) −0.10 13.22 (31.56) 0.42
Age −0.29 (6.83) −0.04 −0.39 (6.68) −0.06
PHQ-9 −1.09 (1.88) −0.58 −2.08 (1.87) −1.11
CR −0.05 (1.61) −0.03 −0.43 (1.40) −0.31
ES 5.42 (1.84) 2.94⁎⁎ 5.82 (1.80) 3.23⁎⁎

Note: CR= emotion regulation cognitive reappraisal; ES= emotion regulation expressive supp
where the covariates are included and are adjusted for the presence of each other. Bivariate co
⁎ p b 0.05.
⁎⁎ p b 0.01.
⁎⁎⁎ p b 0.001.
some of these findings, in terms of being able to inhibit excessive
smartphone use (Jeong et al., 2016; Khang, Kim, & Kim, 2013; van
Deursen et al., 2015).

We found some support for Hypothesis 2, but only for analyses over
the course of the 5weekdays. As expected, greater expressive emotional
suppression was related to higher baseline objective measures of
smartphone use, supporting Hypothesis 2 and corroborating Hoffner
and Lee (2015) and Elhai et al. (2016). That is, more smartphone use
was observed at baseline for those who used expressive suppression as
a maladaptive emotion regulation strategy. This finding fits well with
UGT (Blumler, 1979), indicating that expressive suppression is an indi-
vidual difference that is gratified by increased smartphoneuse as a specif-
ic type of media. However, contrary to Hypothesis 2, over the course of
the week, less expressive suppression was associated with increased
smartphone use, while more suppression was associated with decreased
use over theweek. One explanation could be that participants usingmore
emotional suppression felt less able to use their smartphones for social
features, given the difficulties for maladaptive emotion regulators in so-
cial engagement (Farmer & Kashdan, 2012). Thusmaladaptive regulators
may have used fewer smartphone minutes as a result. As related to the
depression explanation above, individuals with less suppressive emotion
regulation could have been indifferent to smartphone use because they
have better regulation of their emotions.

Our findings on relations between psychopathology and smartphone
use over the course of the week have clinical implications. A common in-
tervention for depression symptoms is behavioral activity scheduling,
which is part of cognitive therapy for depression (Beck, 2011), as well
as behavioral activation for depression (Dimidjian et al., 2011).
Understanding patterns of smartphone use among depressed individuals
is useful to aiding behavioral activity scheduling. Specifically, behavioral
activity scheduling typically involves planning social activities for the
depressed individual (Jacobson, Martell, & Dimidjian, 2001). Learning
about how much social vs. non-social smartphone use the depressed
individual engages in can be important, as non-social use is associated
with depression severity and levels of problematic smartphone use
(Elhai et al., 2017b).
ys.

Slope

Bivariate B (SE) t Multivariate B (SE) t

9.92 (7.13) 1.39 5.84 (7.27) 0.80
−1.51 (1.01) −1.51 −1.32 (0.94) −1.40
0.22 (0.67) 0.33 0.38 (0.65) 0.58
0.09 (0.44) 0.20 0.11 (0.38) 0.30

⁎ −1.39 (0.49) −2.83⁎⁎ −1.31 (0.53) −2.47⁎

ression; PHQ-9= Patient Health Questionnaire-9. Multivariate columns representmodels
lumns are unadjusted, single-covariate models.
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The present study has several limitations to be considered. First, our
participants were aware that their smartphone usage was being moni-
tored throughout the week. This could have affected their smartphone
use behavior. Regrettably, we did not measure perceived pressure that
may have been experienced by participants to downwardly adjust
their smartphone use. Future studies may attempt to quantify this by
using a longer follow-up period, which may demonstrate whether
some participants' behavior would normalize following a period of ha-
bituation. Measuring perceived pressure to modify smartphone use
would also be helpful in such a design. Second, we must acknowledge
that ourmeasurement of smartphone use frequency at baseline ofmon-
itoringmaynot be a truly objectivemeasure of smartphoneuse, because
even at baseline participants knew that they were being monitored.
Additionally, we only included iPhone users (due to monitoring app
restrictions at present), thus limiting generalizability of our results to
all types of smartphone users. Our reliance on a convenience sample
of college students should be considered with regard to generalizability
as well. Due to limitations of theMoment app at the time, we were un-
able to acquire data on the specific types of smartphone features used
over the course of theweek.We also did not repeatedly measure symp-
toms of depression, emotional regulation, and other processes as they
unfolded during the week of cell-phone monitoring, so the present
study cannot offer insights on how these processes may be influencing
one another during the study period.

Despite these limitations, the present study contributes in studying
the association of psychopathology and emotion regulation strategies
in influencing smartphone use behavior using objective versus self-
reported data, employing an intensive repeated measures design for
this purpose. Relevance to understanding how research participants
with psychopathology behave when being monitored, in this case
when monitoring technology use, is also a contribution.
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