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A B S T R A C T

Problematic smartphone use (PSU) is associated with several types of psychopathology, such as depression and
anxiety severity. However, the majority of studies reporting these associations have not used objective smart-
phone use data and/or repeated-measures study design. Our aim was to investigate how self-reported levels of
PSU, depression, anxiety, and daily depressive mood relate to objectively measured smartphone use over one
week. We assessed objective smartphone use by daily minutes of screen time and number of phone screen
unlocks. One hundred and one undergraduate university students participated. Bivariate correlations and latent
growth curve analyses showed that PSU severity related to screen time minutes, but not to phone screen un-
locking. Depression and anxiety severity were not related to screen time minutes, but negatively correlated with
frequency of phone screen unlocking. Additionally, daily depressive mood items did not, in general, predict
objective smartphone use for the corresponding day. However, average daily depressive mood over one week
positively correlated with PSU levels. These findings and their implications are discussed.

1. Introduction

Problematic smartphone use (PSU) is characterized by excessive
smartphone usage with negative functional consequences. PSU man-
ifests in several symptoms resembling behavioral addiction (Billieux,
Maurage, Lopez-Fernandez, Kuss, & Griffiths, 2015). In fact, earlier
research used the term “smartphone addiction” to describe this phe-
nomenon. It is debatable if smartphone “addiction” should be regarded
as a genuine psychopathology construct in the (behavioral) addictions
framework, due to several debatable issues, such as inconsistencies in
the theoretical framework and the conceptualization of excessive be-
haviors as behavioral addictions (Griffiths, 2017; Kardefelt-Winther
et al., 2017; Sussman, Rozgonjuk, & van den Eijnden, 2017). Yet a
considerable body of evidence demonstrates relationships between ex-
cessive smartphone use and adverse daily life outcomes - suggesting
that PSU as a construct could be evident and requires further research.

As mentioned, different studies have confirmed that PSU is asso-
ciated with several negative outcomes, such as various types of

psychopathology (Contractor, Weiss, Tull, & Elhai, 2017; Elhai, Dvorak,
Levine, & Hall, 2017), detrimental consequences in the workplace
(Derks & Bakker, 2014) and in academic settings (Rozgonjuk, Saal, &
Täht, 2018; Samaha & Hawi, 2016). Additionally, PSU is related to poor
sleep quality (Demirci, Akgonul, & Akpinar, 2015) and physical health
(Kim, Min, Kim, & Min, 2017). Studies have consistently found that PSU
is related to specific types of psychopathology – in particular, depres-
sion and anxiety (Elhai, Dvorak, et al., 2017). However, the majority of
relevant studies measured smartphone use frequency either by im-
plementing a self-report methodology and/or cross-sectional study de-
sign.

Compensatory internet use theory (CIUT) could shed light on the
explanation of these findings (Kardefelt-Winther, 2014). Specifically,
this theory posits that different motivations drive excessive, or pro-
blematic technology use. Among these motivations, people experien-
cing stress and/or negative affect often engage in technology use to
relieve emotional discomfort. Therefore, people experiencing affective
psychopathology symptoms, such as depression and anxiety, may
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increase technology use to relieve their stress and regulate negative
emotion; in fact, studies have tested this theoretical framework and
have found support for it with PSU (Elhai, Tiamiyu, & Weeks, 2017;
Wang, Wang, Gaskin, & Wang, 2015; Wolniewicz, Tiamiyu, Weeks, &
Elhai, 2017; Zhitomirsky-Geffet & Blau, 2016).

However, the majority of studies investigating PSU in relation to
affective symptomatology have used participant self-reported smart-
phone usage and/or cross-sectional study design. This is an important
limitation, as studies show that self-reported smartphone use does not
correlate robustly with objectively measured smartphone use (Boase &
Ling, 2013; Kobayashi & Boase, 2012). Elhai, Tiamiyu, Weeks, et al.
(2017) measured daily minutes of smartphone screen time use over one
week to correlate this measurement with psychopathology measures -
depression and emotion regulation scale scores. They found that base-
line depression severity and emotion regulation predicted objective
smartphone usage over the week. The findings fit within the framework
of CIUT, as those who experience more distress may regulate such
distress by using their smartphones. However, the psychopathology
measures in Elhai, Tiamiyu, Weeks, et al. (2017) were assesed only at
baseline, and thus they could not assess the effect of daily changes in
psychopathology on daily measured smartphone use. In addition, while
they investigated objective smartphone use, they did not examine the
relationships with PSU.

1.1. Aims of the study

There is a considerable amount of scientific literature reporting
relationships between PSU and various mental health outcomes, based
on cross-sectional and self-report designs. In the current study, we focus
on relationships between self-reported baseline PSU, depression and
anxiety symptomatology, objective smartphone use, and self-reported
daily depressive mood over one week. Our objective smartphone usage
measures included daily minutes of phone screen time and number of
phone screen unlocks over one week. We aimed to gain insight into
three research questions:

1. How is self-reported PSU as a baseline measure related to objec-
tively measured smartphone usage over one week?

2. How are baseline depression and anxiety symptom severity related
to objectively measured smartphone usage over one week?

3. How are daily depressive mood ratings related to objectively mea-
sured smartphone usage over a week?

These research questions are accompanied by hypotheses derived
from the literature:

H1. Levels of PSU should be positively correlated with objectively measured
smartphone use over a week. Increased, habitual smartphone use is
associated with PSU (Oulasvirta, Rattenbury, Ma, & Raita, 2011), and
Elhai, Tiamiyu, Weeks, et al. (2017) have shown that PSU is related to
objectively measured smartphone use.

The next hypotheses are derived from CIUT, positing that more
frequent technology use may be motivated by maladaptive coping with
emotional distress:

H2. Baseline depression and anxiety severity should correlate with
objectively measured smartphone use over a week. According to CIUT,
emotional distress can drive individuals to frequent smartphone use in
order to cope with their distress (Kardefelt-Winther, 2014). Using a
smartphone may work as a stress-relieving activity. Indeed, Elhai,
Tiamiyu, Weeks, et al. (2017) found some evidence that baseline
depression scores are related to changes in objective smartphone
usage over a week.

H3. Daily depressive mood ratings should correlate with objectively
measured smartphone usage over one week. This hypothesis, too, is
based on CIUT. It is expected that daily (depressive) mood is related

to objective smartphone use during each corresponding day, as a means
of regulating mood. This hypothesis is novel, as it is tested by
implementing an ecological momentary assessment methodology.

2. Method

2.1. Sample

The recruitment procedure is depicted in Fig. 1. 301 college stu-
dents were recruited from a large Midwestern, United States public
university for a web survey. One participant was excluded for only
responding to demographic items. Of the remaining 300 participants,
256 students (85.3%) provided consent to be contacted for a follow-up
study for additional academic credit.

The smartphone application (called Moment; Holesh (2017)) was
used to objectively track smartphone usage. It was designed only for
Apple's mobile operating system (iOS), so the sample was limited to
iPhone users. Of 256 potential participants interested in the follow-up
study, 213 were current iPhone users. Four participants used an older

Initial sample
N = 301

Total sample with at 
least 50% scale items 

N = 300

Consent for 
contacting
N = 256

iPhone users
N = 213

Newer iPhone users
N = 209

Agreed to participate in 
phone use tracking study

N = 101

Responded to 
follow-up e-mail

N = 127

Fig. 1. The recruitment procedure.
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generation iPhone than the iPhone 6, and were excluded due to app
performance issues.

Of the remaining 209 participants, 127 responded to our follow-up
invitation. Of the 127 individuals, 101 (48.3% of the 209 invited)
agreed to participate, while others declined for various reasons (e.g.,
not interested in the follow-up, meeting could not fit with their sche-
dule, etc.). All 101 students (the effective sample) who agreed to par-
ticipate, completed the study.

The effective sample of 101 students had an average age of 19.53
(SD=4.31). Most were freshmen (n=64, 63.4%) or sophomores
(n=25, 24.8%). The majority were women (n= 77, 76.2%). 85
(84.2%) were Caucasian, 12 (11.9%) African-Americans, 7 (6.9%)
Hispanic/Latinos, and 3 (3.0%) Asian-Americans (responses were not
mutually exclusive). 49 participants (48.5%) were working part-time
(in addition to being in school), 8 (7.9%) were working full-time, and
others were unemployed (n=44, 43.6%). The sample size of 101
people is sufficient for latent growth curve modelling, as at least 100
people is preferred (Curran, Obeidat, & Losardo, 2010).

The effective sample (101 participants) was compared with web
survey participants not included in the follow-up (200 participants).
Analyses of variance (ANOVA) for continuous outcomes (age, year in
college) and chi-square analyses for categorical outcomes (gender,
race/ethnicity, employment status) were used. There were no sig-
nificant differences between those who did and did not participate in
the follow-up (all ps > .05).

2.2. Procedure

Study participants were recruited in fall 2017 from the university's
psychology department research pool (hosted on Sona Systems' web-
site), approved by the university's institutional review board. Those
enrolling were routed to an online consent statement hosted on
psychdata.com. No monetary compensation was provided, but partici-
pation in the 20- to 30-min web survey earned required course research
points. After completing the survey, participants were asked to take
part in a follow-up study (for additional research points), and if willing,
their contact information was solicited.

For the 210 participants with a newer generation iPhone, we con-
tacted them for the follow-up study. Those agreeable to participate
were scheduled for in-person, ∼10-min appointments. Participants
were instructed beforehand to bring their iPhone, updated to iOS 10 or
higher, with at least 70MB of free storage for app installation.

The number of days between participants' web survey and ap-
pointment date ranged from 0 to 19 (M=8.74, SD=4.57). During
scheduled meetings, participants were asked several non-meaningful
questions (e.g., shoe size) to match their new data and web survey data.
We assisted with Moment app installation, and demonstration (e.g., the
app runs in the background and should not be force quit; location
services should not be disabled; airplane mode should not be enabled).
Moment's notifications were turned off, except for the notification
alerting that the app has been force quit. In addition, participants were
asked to set phone auto-locking for the minimum 15-s duration, and
screen to lock at night before sleep (if using an alarm or sleep tracking
app, so active usage time would not be counted). We sent text messages
(through clicksend.com's service) each morning (around 9:45AM) for
the next seven days querying two daily depressive mood items. After
one week, we contacted participants to obtain their Moment data.

2.3. Measures

2.3.1. The Moment app
The Moment app tracks usage of one's iOS device (Holesh, 2017).

Specifically, the number of minutes of screen time (time the phone's
screen is active and unlocked) and number of phone screen unlocks
(unlocking the phone) are tracked. The app is valid in measuring
smartphone usage (Elhai, Tiamiyu, Weeks, et al., 2017).

2.3.2. Demographics
Information about age, gender, race/ethnicity, year in college, and

employment status were asked.

2.3.3. The Smartphone Addiction Scale (SAS)
To measure PSU, we used the SAS developed by Kwon et al. (2013).

The SAS consists of 33 Likert-type items (1= not at all to 6= very
much), and can be used as a summed score to measure PSU severity.
Internal reliability is very good, α=0.97 (α=0.93 for the current
sample), with convergent validity relative to other instruments mea-
suring internet and smartphone use. We reworded several items into a
first-person voice for greater accessibility and consistency for partici-
pants, such as rewording “Missing planned work due to smartphone
use” to “I missed planned work due to smartphone use” (Duke &
Montag, 2017).

2.3.4. Depression Anxiety Stress Scales (DASS-21)
We used the shorter, 21-item version of the original 42-item DASS

(Lovibond & Lovibond, 1995). DASS-21 items use a Likert-type scale
(0= did not apply to me at all to 3= applied to me very much or most of
the time). We used summed depression and anxiety scores. The cut-off
criteria for summed scores are the following: Normal (0–4 for depres-
sion, 0–3 for anxiety), Mild (5–6 for depression, 4–5 for anxiety),
Moderate (7–10 for depression, 6–7 for anxiety), Severe (11–13 for de-
pression, 8–9 for anxiety), and Extremely Severe (14+ for depression
and 10+ for anxiety). Coefficient alpha is 0.97 for depression and 0.87
for anxiety (αs of 0.88 and 0.80, respectively, for the current sample),
with convergent validity relative to other depression and anxiety scales
(Antony, Bieling, Cox, Enns, & Swinson, 1998; Brown, Chorpita,
Korotitsch, & Barlow, 1997).

2.4. Daily depressive mood items

When inquiring about daily depressive mood, we first queried a
unique identification number chosen by participants to match their
daily depressive mood and other data. Two items measured daily de-
pressive mood, assessing depressive symptoms from the previous day.
We used the following instruction and rating scale: To what extent did
you feel this way yesterday, using the following scale (1= very slightly or
not at all, 2= a little, 3=moderately, 4= quite a bit, 5= extremely),
followed by: (a) Little interest or pleasure in doing things, and (b) Feeling
down, depressed, or hopeless. Mood items are from the Patient Health
Questionnaire-9, or PHQ-9 (Kroenke, Spitzer, & Williams, 2001) –
specifically, representing the abbreviated 2-item version (PHQ-2;
Kroenke, Spitzer, Williams, and Lowe (2010)), a valid depression se-
verity scale. However, as the scale assesses symptom frequency over
two weeks, we used the symptom intensity rating scale from the Posi-
tive and Negative Affect Scale's, or PANAS (Watson, Clark, & Tellegen,
1988). The two items were summed for each day.

2.5. Data analysis

There was a minimal amount of missing item-level data, with
roughly 5–10% of participants typically missing 1–2 items per scale.
Missing items were estimated with maximum likelihood estimation
procedures, summed to form scale scores. Descriptive statistics and
correlations were computed in RStudio (version 3.2.3). Because some of
the items violated assumptions for the traditional benchmarks of
[−1;1] in skewness and kurtosis (Field, Miles, & Field, 2012), we used
robust methods in data analysis, as detailed below.

Next, we conducted latent growth curve analysis (also known as
repeated-measures multilevel modelling) (Raudenbush & Bryk, 2002)
in Mplus version 8 to investigate our research questions. PSU, depres-
sion, and anxiety severity were predictors of baseline smartphone use
minutes and changes in use over a week. In addition, daily depressive
mood ratings were added as time-varying covariates for each day. Time
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scores were specified as equidistant across days. Dependent variables
were treated as continuous. Latent intercept (baseline estimate) and
latent slope (growth over time) parameters were estimated.

There were two outcome variables for measuring objective smart-
phone use over a week: daily minutes of screen time, and daily number
of phone screen unlocks. We followed the same modelling procedure for
both variables. First, we tested the unconditional model with the out-
come variable (either minutes of screen time or number of phone screen
unlocks). Then, the time-invariant covariates (age, gender, PSU, de-
pression, and anxiety measures) were added, followed by inclusion of
time-varying covariates (daily depressive mood items for each mea-
surement day). We included age and gender as covariates because
women and younger people use their smartphones more (Elhai, Dvorak,
et al., 2017; Rozgonjuk, Rosenvald, Janno, & Täht, 2016; van Deursen,
Bolle, Hegner, & Kommers, 2015). The estimation method was max-
imum likelihood with robust standard errors (MLR), which corrects for
non-normality (Yuan & Bentler, 2000).

To evaluate model fit, we used traditional measures and bench-
marks of adequate fit: Comparative Fit Index (CFI)≥ 0.90, Tucker-
Lewis Index (TLI)≥ 0.90, and root mean square error of approximation
(RMSEA)≤ 0.08 (Hu & Bentler, 1999).

3. Results

3.1. Descriptive statistics and correlations

According to the DASS depression and anxiety cut-off scores dis-
cussed above (Lovibond & Lovibond, 1995), the majority out of 101
participants scored in the normal range (67 people for depression and
62 people for anxiety), with some scoring in the mild range (10 people
for depression and people 16 for anxiety), the moderate range (17
people for depression, 11 people for anxiety), the severe range (1
person for depression and 3 people for anxiety), and extremely severe
range (6 people for depression and 9 people for anxiety).

Below, descriptive statistics and correlations between variables are
presented (Table 1).

PSU was significantly positively correlated to depression and an-
xiety measures, to average screen time minutes over a week, and
average daily depressive mood ratings. However, PSU was not sig-
nificantly related to averaged phone screen unlocks.

Averaged phone screen unlocks over a week were significantly ne-
gatively related to anxiety and depression scores, whereas averaged
screen time minutes were not related to these psychopathology mea-
sures.

Finally, in addition to being related to PSU, averaged daily de-
pressive mood measures were also positively associated with depression
and anxiety measures, but not related to averaged objectively measured
smartphone use over a week.

In Table 2, correlations of objectively measured smartphone use and
daily depressive mood items are presented.

Results show that though screen time minutes were positively

correlated to phone screen unlocks for each day (with moderate ef-
fects), daily depressive mood ratings were not, in general, associated
with objectively measured smartphone use.

3.2. Latent growth curve analysis

First, unconditional growth models without covariates were tested
to assess changes in objective smartphone usage over the week in
minutes of screen time and the number of phone screen unlocks. Next,
we included time-varying covariants (daily depressive mood items).
Finally, we also tested these models without the PSU measure.

3.2.1. Minutes of screen time as outcome variable
The time-invariant covariates were age, gender, PSU, depression,

and anxiety measures. The model had a good fit, with CFI= 0.955,
TLI= 0.948, RMSEA=0.056.

Both bivariate and multivariate coefficients for covariates pre-
dicting the intercept (average baseline) and slope (average growth) of
screen time minutes over a week are presented in Table 3. Among the
baseline psychopathology measures, the only significant predictor was
PSU – higher levels of PSU indicate more baseline screen time minutes.
This relationship holds both in bivariate and multivariate analyses.
However, changes in smartphone usage (slope) over a week in terms of
screen time minutes could not be predicted from the model's predictor
variables.

Next, time-varying covariates (daily depressive mood ratings) were
introduced to the model. The results are presented in Table 4. Similar to
the model with time-invariant covariates, PSU scores were the only
significant predictor of baseline smartphone usage in terms of screen
time minutes. Age and gender did not predict screen time minutes.

Finally, we re-conducted our models by excluding PSU as a pre-
dictor to assess if findings changed as a result. In both models, results
did not substantially change from the original models. As PSU was the
only significant predictor in the models described above, models
without PSU did not have any significant predictors of minutes of
screen time.

3.2.2. Number of phone screen unlocks as outcome variable
The time-invariant covariates were age, gender, PSU, depression,

and anxiety measures. The model showed a nearly adequate fit,
CFI= 0.880, TLI= 0.860, and RMSEA=0.130. Results are presented
in Table 3. While PSU did not predict baseline phone screen unlocks,
interestingly, both age and depression negatively related to baseline
phone screen unlocks in bivariate and multivariate analyses. Similar to
results with screen time minutes, the slope or growth of phone screen
unlocks over a week could not be predicted from these covariates.

Controlling for daily depressive mood ratings as time-varying cov-
ariates, similar effects were present (see Table 5). Both age and de-
pression scores negatively predicted baseline phone screen unlocks.
However, daily depressive mood also negatively predicted phone screen
unlocks during Day 3 and Day 5 (the baseline was centered at Day 1).

Table 1
Descriptive statistics of measures, and Spearman correlations between the variables.

Descriptive statistics Correlations

min max M SD 1 2 3 4 5

1. PSU 41 146 93.998 24.075
2. DASS-21 Depression 0 19 4.069 4.441 .250∗

3. DASS-21 Anxiety 0 20 3.517 3.742 .346∗∗∗ .634∗∗∗

4. Average minutes of screen time over a week 46.571 608.143 243.008 103.519 .231∗ .053 −.043
5. Average phone screen unlocks over a week 16.857 332.000 88.197 46.671 .041 −.257∗∗ −.227∗ .318∗∗

6. Average daily depressive mood over a week 1.571 6.857 3.388 1.175 .272∗∗ .400∗∗∗ .307∗∗ .027 −.048

Notes. PSU = problematic smartphone use measured with the Smartphone Addiction Scale; DASS-21 = the 21-item Depression Anxiety Stress Scale. ∗p < .05,
∗∗p < .01, ∗∗∗p < .001.
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In this case, too, we re-computed our models but excluding PSU as a
covariate. As in the case of our revised screen time minutes analyses,
excluding PSU as a covariate minimally changed the results for screen
unlocks. This similarity manifested in the signs and magnitudes of
coefficients and p-values.

4. Discussion

Numerous studies have shown that higher PSU levels are associated
with several negative outcomes, and affective disorder symptoma-
tology, such as depression and anxiety (Contractor et al., 2017; Demirci
et al., 2015; Elhai, Levine, Dvorak, & Hall, 2016; Elhai, Tiamiyu, et al.,
2017; Kim et al., 2017; Samaha & Hawi, 2016). However, a majority of
this work has been either cross-sectional or did not incorporate in-
formation about objective smartphone use. Our aim was to overcome
these limitations and upgrade the literature in that regard.

We found that self-reported PSU was positively associated with the
average minutes of screen time over a week in bivariate correlation
analysis, and self-reported PSU positively predicted the minutes of
screen time over a week in growth curve analysis. However, phone
screen unlocks could not be predicted from PSU scores. Specifically,
self-reported PSU was not significantly related to the number of phone
screen unlocks over a week in bivariate correlation analysis, nor did
PSU predict the number of phone screen unlocks in latent growth curve
models. These results partially confirm our first hypothesis. The find-
ings, however, are interesting, suggesting that time spent using one's
smartphone could give better insight into PSU than frequency of
checking one's phone. Screen time minutes and phone screen unlocks
are essentially two variations of measuring smartphone use. One could
spend a considerable amount of time using a smartphone without a high
number of phone screen unlocks – such as video/movie watching.
Alternatively, one may have a high number of phone screen unlocks
without having much phone screen time – such as constant phone
checking, e.g. to see if there are any new e-mail or (social media) no-
tifications. Also, one may have a high amount of phone screen unlocks
if the main function of their smartphone is for communication, e.g.,
phone calls and text-messaging. Indeed, studies have suggested that the
relationships between types of smartphone use for social or non-social
purposes could be differently related to both PSU and psychopathology
symptoms (Elhai, Hall, Levine, & Dvorak, 2017; Elhai, Levine, et al.,
2017). Our results indicate the possibility that objective smartphone
use measures might reflect these differences in types of smartphone use
and that there may be differential associations with PSU between these
measurements of smartphone use.

Interestingly, depression and anxiety severity were not associated
with average screen time minutes over a week in bivariate analyses, nor
baseline or changes in objectively measured screen time duration over a
week in latent growth curve analysis. Elhai, Tiamiyu, Weeks, et al.
(2017) found similar results, although they found that depression
symptoms predicted the growth of smartphone use over a week; in
addition, that study reported only results with regards to minutes of
screen time but not the number of phone screen unlocks. We found that
the average number of phone screen unlocks over a week was nega-
tively correlated with depression and anxiety scores in bivariate ana-
lyses. In addition, depression scores predicted baseline phone screen
unlocks, where higher depression scores correlated with less frequent
phone screen unlocks in latent growth curve analysis. This finding
sheds light on the idea that baseline frequency of checking one's phone
could be negatively predicted by proneness to negative affect – de-
pression, specifically. These results are not in accordance with the
compensatory internet use theory (CIUT; Kardefelt-Winther (2014))
that would relate more negative affect to more technology use. Alter-
native explanation to this finding could be that people who are ex-
periencing more depressive tendencies could attempt to relieve their
distress by not using their smartphone, instead engaging in behavioral
avoidance or social isolation (De Silva, McKenzie, Harpham, & Huttly,Ta
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2005). These findings partially confirm our second hypothesis.
Depression was related to screen time minutes, but not phone screen

unlocks in latent growth curve models. Moreover, anxiety was not
correlated with screen time minutes. However, averaged phone screen
unlocks over a week were negatively related both to depression and
anxiety in bivariate analyses – even though anxiety was not a sig-
nificant predictor in latent growth curve models predicting phone
screen unlocks. As our study participants were aware of their smart-
phone usage being monitored, monitoring itself could have increased
self-criticism and self-monitoring in those with more depression and/or
anxiety severity (Dunkley, Sanislow, Grilo, & McGlashan, 2009), po-
tentially influencing them to adjust their smartphone usage down-
wardly over the study period. In addition, as mentioned earlier, it could
be that those with higher depression and/or anxiety could have en-
gaged in social isolation or behavioral avoidance (De Silva et al., 2005),
and, therefore, they had less motivation to check their phones for in-
coming e-mails, status updates from others, and notifications from so-
cial media.

As a novel approach in studying PSU, we included daily depressive
mood monitoring and objective smartphone usage data. Although
average daily depressive mood ratings positively related to cross-sec-
tionally measured PSU measure, they did not predict objective smart-
phone usage. Even though the phone screen unlocks could be predicted
by daily depressive mood during two days, in general, daily depressive

mood did not relate to objective smartphone usage, suggesting that our
third hypothesis was not supported. This result may be explained by
study limitations (discussed below).

Slope (or the growth over the week) was not predicted by other
covariates. A potential explanation is that study participants were using
their smartphones so that they might have reached their typical
smartphone usage pattern in terms of screen time and phone-checking,
and, therefore, expectation in systematic smartphone usage growth
over a week was not justified. Of course, it should also be noted that
tracking participants' smartphone usage and daily depressive mood
varied in terms of tracking starting day (e.g., some started on a
Wednesday, and others on other days, such as Friday or Saturday)
which could also potentially explain these findings.

One of the main contributions of this paper was introducing re-
peated-measures design for objectively measuring smartphone usage in
combination with self-reported daily depressive mood measures to
previously collected web survey data. We found that different types of
smartphone usage measures – screen time minutes and phone screen
unlocks – could provide insights into PSU and negative mood from
different perspectives. The results suggest that the field of (problematic)
smartphone use could benefit by distinguishing between how much time
vs. how frequently does one use one's smartphone, as the former was
related to PSU in this study, but the latter was not. We also found that
daily depressive mood ratings are not necessarily related to objective

Table 3
Results of latent growth curve analysis with time-invariant covariates predicting objective smartphone use measures.

Covariate Intercept Slope

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

Dependent variable: minutes of screen time over a week
Age −3.730 (2.469) −1.511 −.153 (.109) −1.400 .129 (.281) .461 .056 (.123) .459
Gender −12.358 (29.762) −.415 −.051 (.121) −.420 3.709 (4.425) .838 .162 (.187) .865
PSU 1.030 (.488) 2.109a .235 (.112) 2.100b −.021 (.067) −.313 −.051 (.163) −.313
Depression 3.139 (3.707) .847 .132 (.157) .845 −.057 (.478) −.120 −.026 (.215) −.120
Anxiety −7.670 (4.238) −1.810 −.272 (.151) −1.801 .249 (.557) .446 .094 (.215) .436
Dependent variable: number of phone screen unlocks over a week
Age −2.671 (.757) −3.527c −.258 (.099) −2.613d .053 (.071) .737 .127 (.205) .620
Gender 13.223 (9.705) 1.363 .129 (.091) 1.411 1.070 (1.452) .737 .260 (.382) .681
PSU −.133 (.242) −.552 −.072 (.127) −.567 −.014 (.026) −.561 −.195 (.337) −.579
Depression −2.633 (.907) −2.902e −.262 (.091) −2.882e .073 (.191) .382 .182 (.469) .387
Anxiety −1.007 (1.330) −.757 −.085 (.114) −.740 .179 (.256) .701 .377 (.632) .597

Notes. PSU=problematic smartphone use measured with the Smartphone Addiction Scale. ap= .035, bp= .036, cp < .001, dp= .009, ep= .004. Parameter
estimation method in both models: robust maximum likelihood.

Table 4
Results of latent growth curve analysis with time-invariant and time-varying covariates (daily depressive mood measures) for predicting minutes of screen time.

Covariate Intercept Slope

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

Unconditional model with covariates, dependent variable: minutes of screen time over a week
Age −3.644 (2.482) −1.468 −.149 (.109) −1.367 .137 (.287) .477 .059 (.124) .475
Gender −12.924 (29.776) −.434 −.053 (.121) −.439 3.754 (4.378) .857 .162 (.183) .887
PSU 1.026 (.491) 2.091a .234 (.112) 2.083b −.023 (.068) −.345 −.056 (.163) −.344
Depression 3.148 (3.720) .846 .132 (.157) .844 −.121 (.489) −.247 −.054 (.217) −.247
Anxiety −7.709 (4.239) −1.818 −.273 (.151) −1.808 .228 (.584) .391 .085 (.222) .383

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

Coefficients of PHQ measures of corresponding days of measuring minutes of screen time
Day 1 Mood regressed on Day 1 Minutes of Screen Time 2.161 (3.552) .608 .027 (.045) .604
Day 2 Mood regressed on Day 2 Minutes of Screen Time 4.041 (3.236) 1.249 .053 (.043) 1.226
Day 3 Mood regressed on Day 3 Minutes of Screen Time −2.114 (3.395) −.623 −.024 (.039) −.613
Day 4 Mood regressed on Day 4 Minutes of Screen Time 4.993 (3.620) 1.379 .059 (.042) 1.396
Day 5 Mood regressed on Day 5 Minutes of Screen Time 3.098 (2.932) 1.057 .043 (.041) 1.030
Day 6 Mood regressed on Day 6 Minutes of Screen Time 4.294 (4.170) 1.030 .061 (.059) 1.029
Day 7 Mood regressed on Day 7 Minutes of Screen Time 5.584 (4.631) 1.206 .081 (.067) 1.222

Notes. PSU=problematic smartphone use measured with the Smartphone Addiction Scale; Mood=daily depressive mood rating. ap= .037, bp= .038.
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smartphone usage. The clinical implication of this study could be the
consideration that while excessive technology use is considered to be
related to psychopathology, it could be that those who actively check
their smartphones might actually exhibit better psychological well-
being that could be caused by (expected) social interaction. On the
other hand, constantly using smartphone that adds up to more minutes
of screen time might not necessarily be associated with psycho-
pathology but could be an important factor in PSU measures.

The following limitations should also be mentioned to provide some
caution to interpretation of results. First, we asked about the mood for
the previous day, and text messages were delivered during the morning.
It could be that our measures were not adequate due to recall bias.
Second, participants were instructed to respond to daily depressive
mood items as soon as they could; yet, participants responded to daily
depressive mood items during different times of the day, challenging
the validity of results. Third, the participants were college students and
the age variability was restricted due to the college-based age range,
which may add constraints to the generalizability of the findings to
other samples. Fourth, there was a slight time-lag between web survey
completion and participating in the week-long phone observation
study, and this could influence findings. Finally, although we used re-
peated-measures study design, it was only over the course of one week,
not longer (e.g., over months or years). Nonetheless, these results add to
the growing literature on psychopathology related to PSU, and con-
tribute by including objectively measured smartphone use estimates
and daily depressive mood ratings.
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