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ARTICLE INFO ABSTRACT

Handling editor: Andrew Lepp Understanding the measurement inaccuracy and bias introduced by self-reports of smartphone use is essential for

making meaningful inferences about smartphone use and its effects. Evidence for the self-reports of smartphone

Screentime

Keywords: use in intensive longitudinal studies is largely missing. Based on self-reported and digital trace data from 137
Accuracy o Czech adolescents (41% girls, Mage = 14.95 years), this study examined the accuracy, directional bias, and
So]rflvergertl; validity convergent validity of daily end-of-day and single-time reports of screen time and phone-checking behavior.
elf-repor

Overall, the study found considerable discrepancies between self-reported smartphone use and digital trace and
low between-person convergent validity for all self-reports considered for the study. Respondents usually re-
ported shorter screen time and lower frequency of phone-checking behavior as compared to digital trace, both in
daily and single-time self-reports. The within-person convergent validity between daily reports and digital
tracking was low, indicating poor self-reports ability to capture the actual day-to-day fluctuations in smartphone
use. This study adds to the existing evidence showing that self-reports based insights into how people use
smartphones differ considerably from digital trace data and shows that both person and situational levels

Smartphone use

Phone-checking behavior

contribute to explaining the discrepancy between digital trace and self-report data among adolescents.

Research concerned with effects of smartphone use on various
health, psychological or behavioral outcomes among adolescents relies
almost exclusively on self-report measures of media use (e.g., Stiglic &
Viner, 2019). That makes it prone to several types of bias, such as
common method bias, recall bias, and social desirability bias (Donaldson
& Grant-Vallone, 2002). Indeed, serious concerns related to inaccuracy
and validity of self-reported measures of media use have been recently
raised (Parry et al., 2021). Therefore, understanding the nature and
degree of error that self-reports introduce is critical for making mean-
ingful inferences about digital media use and its effects (Sewall et al.,
2020). On the other hand, the insufficient reflection of the error asso-
ciated with the shared self-report variance distorts our understanding of
the associations between media use, its predictors, and effects. It results
in divergence, ambiguities, and the reduced generalizability of the
research findings (Carlson & Herdman, 2012).

Prior studies concerned with the measurement error associated with
self-reports typically assessed it in terms of accuracy, bias, or convergent
validity (e.g., de Reuver & Bouwman, 2015; de Vreese & Neijens, 2016).

There is robust evidence that shows that self-reports are rarely an ac-
curate picture of how people use various types of media devices, such as
televisions, desktop PCs, the internet, and mobile phones (Parry et al.,
2021). Recently, we have witnessed the increased interest of researchers
in intraindividual and person-specific media effects (Beyens et al., 2021;
Schnauber-Stockmann & Karnowski, 2020). However, so far, there are
only two studies concerned with the accuracy and validity of the
self-report measures of media use in intensive longitudinal studies (Deng
etal., 2019; Verbeij et al., 2021). Another limitation for prior evidence is
that it assesses the measures of a rather narrow spectrum of
smartphone-related behaviors, typically the duration and frequency of
smartphone use (e.g., Felisoni & Godoi, 2018), or, alternatively the
duration and frequency of specific app use (e.g., Sewall et al., 2020;
Verbeij et al, 2021), leaving out the measures of other
smartphone-related behaviors, like active or passive use (Meier &
Reinecke, 2021) and phone-checking behavior (Loid et al., 2020; Meier
et al., 2016). Finally, the available evidence is limited to either adult (e.
g., Ohme et al., 2021) or young adult populations (e.g., Ellis et al., 2019)

* Corresponding author. Interdisciplinary Research Team on Internet and Society, Faculty of Social Studies, Masaryk University, Jostova 10, 602 00, Brno, Czech

Republic.
E-mail address: tkaczyk@fss.muni.cz (M. Tkaczyk).

https://doi.org/10.1016/j.chb.2024.108281

Received 1 December 2023; Received in revised form 24 April 2024; Accepted 29 April 2024

Available online 1 May 2024

0747-5632/© 2024 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


mailto:tkaczyk@fss.muni.cz
www.sciencedirect.com/science/journal/07475632
https://www.elsevier.com/locate/comphumbeh
https://doi.org/10.1016/j.chb.2024.108281
https://doi.org/10.1016/j.chb.2024.108281
https://doi.org/10.1016/j.chb.2024.108281
http://creativecommons.org/licenses/by/4.0/

M. Tkaczyk et al.

and, in many cases, to student samples (e.g., Andrews et al., 2015). Only
a few studies focus on the adolescent population (e.g., Goedhart et al.,
2015; Inyang et al., 2009), but these were concerned with different
digital media, such as the internet, mobile phones (as compared to
smartphones), and desktop PCs (Lee et al., 2008).

To address the limitations of prior research, this study compares self-
report and digital trace data drawn from a sample of adolescents to
assess the accuracy, directional bias, and convergent validity of two
types of self-report measurements of smartphone use that are widely
used in research: daily end-of-day reports, which are typically used in
daily mobile diary studies, and single-time reports,which are typically
used in survey studies (Bakdash & Marusich, 2017). The comparison
with digital trace data is conducted for self-reports of two different
smartphone-related behaviors: screen time and phone-checking
behavior (Busch and McCarthy, 2021). Furthermore, the current study
adds to the scarce evidence on the self-report measures of media use in
intensive longitudinal studies by investigating how well self-reported
day-to-day fluctuations in smartphone use reflect fluctuations
captured by digital trace data (Donaldson & Grant-Vallone, 2002).

1. Accuracy, directional bias, and convergent validity of self-
report measures of smartphone use

Studies concerned with the measurement characteristics of the self-
reports of smartphone use typically assessed accuracy, which is the
discrepancy between self-report measures and some type of benchmark
data, in most cases digital trace data; directional bias, that is whether the
respondent under- or over-estimates media use in self-report; and
convergent validity, which is the extent to which two different measures
of media use capture the same information, typically the self-report
measures of media use and digital trace data (e.g., Burnell et al.,
2021; Ohme et al., 2021; Verbeij et al., 2021).

Prior studies that compared self-reported smartphone use to digital
trace data adopted one of three approaches (Ryding & Kuss, 2020).
Some studies implemented operating system features such as iOS screen
time or iPhone’s BUS. Participants were then asked to either provide a
screenshot of each of these reports (Hodes & Thomas, 2021) or to
self-report the media use according to the information provided by the
app (e.g., Burnell et al., 2021). Other studies used tracking apps
downloadable from the Android or Apple app store, such as the Ethica
App Usage Stream (Verbeij et al., 2021). The remaining studies devel-
oped custom applications (Andrews et al., 2015). Importantly, all three
approaches yield biases and have specific shortcomings, for example,
resulting from technology-related tracking errors or from the fact that
screen-on is not always equal to smartphone usage (Bosch & Revilla,
2022). Moreover, studies do not disclose all information needed to
assess how valid and reliable tracking data are, such as a description of
algorithms underlying tracking applications, information concerning
how screen time was defined and calculated, or the ratio of missing
digital trace data resulting from tracking errors. Nevertheless, despite
these shortcomings, there is a consensus that digital trace data provide
more accurate estimates than self-reports and are used as a benchmark
of actual media use (see meta-analysis of 47 studies, Parry et al., 2021).

Self-report measures of digital media use were found to be overall
highly inaccurate estimates of actual media use (Jiirgens et al., 2020;
Parry et al., 2021). Studies that examined the self-report measures of
smartphone use show inconsistent findings, with discrepancies that
range from as little as 6-7 min (Ellis et al., 2019; Sewall et al., 2020) to
as much as 55-110 min per day (Felisoni & Godoi, 2018; Jones-Jang
et al., 2020; Lee et al., 2017; Ohme et al., 2021).

Concerning the directional bias, studies on traditional media devices
and social media often found overestimation in self-reports (e.g., Deng
et al., 2019; Greenberg et al., 2005; Inyang et al., 2009). On the other
hand, the majority of studies on smartphone use measures found the
tendency for respondents to underestimate their actual smartphone use
duration (e.g., Jones-Jang et al., 2020; Lee et al., 2017). Therefore, we
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state the first hypotheses as follows.

H1. Adolescents report shorter screen time and lower frequency of
phone-checking behavior as compared to digital trace, both in daily and
single-time self-reports.

Concerning convergent validity, only modest association between
the self-reports of digital media use and digital trace data were found in
the meta-analysis of the topic (Parry et al., 2021). Studies concerned
with the self-report measures of smartphone use reported weak (e.g.,
Jones-Jang et al., 2020) to moderate (e.g., Sewall et al., 2020) conver-
gent validity between the two types of measures.

2. Accuracy and validity in repeated measurement design

Intensive longitudinal studies enable the study of within-person ef-
fects, which is, for example, whether more smartphone use on a given
day than is typical for an adolescent is associated with later bedtime on
that same day (Tkaczyk et al., 2023). For such effects to be detected it is
crucial to capture day-to-day fluctuations in an observed behavior
accurately. Therefore, knowing within-person accuracy and validity is
important for drawing adequate conclusions about within-person media
effects. The only available study on the topic found that the
within-person convergent validity of momentary ESM estimates of time
spent on social media was considerably lower than the between-person
convergent validity (r = 0.30 versus 0.55), suggesting a very poor ability
to capture day-to-day fluctuations in social media use with self-reports
(Verbeij et al., 2021). There are good reasons to expect that the accu-
racy of self-reporting media use varies across measurement occasions
(Schwarz & Oyserman, 2001). For example, Verbeij et al. (2021) found
that the within-person convergent validity of ESM estimates decreased
over time, suggesting the so-called fatigue effect.

Importantly, however, repeated measurement designs, including
intensive longitudinal studies, allow for the decomposition of the
observed variance into between- and within-person components. With
this, it is possible to assess what proportion of variance in the inaccuracy
of the smartphone use measurement is related to stable trait-like dif-
ferences between people as opposed to variance related to the intra-
individual variability and change over time (e.g., from one day to the
next or on a school versus a non-school day; Curran & Bauer, 2011).

Because prior research is limited to a single study (Verbeij et al.,
2021), we do not formulate any hypotheses related to the accuracy and
validity of the self-report measurements of smartphone use in repeated
measurement design. Instead, we explore the within-person convergent
validity of the repeated self-report measures of smartphone use to
examine how well the self-reported smartphone use corresponds to the
day-to-day fluctuations in the digital trace for each participant.
Furthermore, we explore the intraindividual variability in the accuracy
of the self-report measures of smartphone use to investigate what pro-
portion of variance in the inaccuracy of those measures is associated
with time-varying factors as compared to the trait-like differences be-
tween people (Parry et al., 2022).

2.1. Differences in accuracy, bias, and convergent validity for different
types of measures and smartphone-related behaviors

The accuracy, directional bias, and convergent validity of self-report
measures of smartphone use may vary across their different character-
istics, such as the time span considered (Smit & Neijens, 2011), if a
measure captures typical versus past media use (Chang & Krosnick,
2003; Verbeij et al., 2021), and frequency versus duration (e.g., Sam-
kange-Zeeb et al., 2004; Timotijevic et al., 2009; Wonneberger & Ira-
zoqui, 2017). Studies that compared survey and repeated ESM measures
found that the estimates of media use in surveys were higher (Greenberg
et al., 2005; Naab et al., 2019). Because recall bias is assumed to be
smaller when respondents report more recent behavior (Degroote et al.,
2020), measures used in ESM or daily diary studies should yield more
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accurate estimates of actual media use as compared to single-time esti-
mates (e.g., Naab et al., 2019; Russell & Gajos, 2020).

Interestingly, against this theoretical expectation, the only available
study that compared the accuracy of those two types of measures found
that the accuracy of the retrospective survey measures of social media
use was higher than the momentary ESM estimates (Verbeij et al., 2021).
Nevertheless, in line with what stems from the theoretical knowledge,
we hypothesize that.

H2. The degree of discrepancy between self-reported smartphone use
and its digital trace is smaller for daily end-of-day than for single-time
estimates.

H3. Convergent validity is higher for daily end-of-day reports than for
single-time estimates of smartphone use.

Despite the properties of the measure, recall accuracy may also vary
depending on the characteristics of the reported behavior. In particular,
daily activities that are frequent, regular, and short (e.g., phone-
checking behavior), are more difficult to accurately recall as
compared to less frequent media-related behaviors and they are often
omitted in self-reports (Burnell et al., 2021; Schwarz & Oyserman, 2001;
Vandewater & Lee, 2009; also see Prior, 2009). Therefore, we hypoth-
esize that.

H4. The convergent validity of self-report measures of screen time will
be higher than self-report measures of phone-checking behavior.

3. Methods
3.1. Participants

We analyzed data from 137 participants collected over 14 consecu-
tive days. The mean age of the participants in the final sample was 14.95
years (SD = 1.48 years), and 41% (n = 56) of the participants were girls.
The distribution between girls and boys did not differ across age cate-
gories, y%(4) = 1.63, p = 0.803. Czech ethnicity was declared by 99% (n
= 136), with one Ukrainian.

3.2. Data collection procedure

The study participants were recruited in the Czech Republic with the
help of a professional social science research and marketing company as
part of a larger multiple burst study. The non-probabilistic convenience
sample of participants was recruited during April and May 2021 (the
details were previously reported by Elavsky et al., 2022). The sample
size was based on a pragmatic recommendation to recruit as many
participants as possible for the available resources (Albers & Lakens,
2018). Analyzed data were collected exclusively during the third mea-
surement burst in January 2022. The burst of intensive data collection
consisted of 14 days (10 school days and 4 non-school days) and on 15th
day it was followed by the post-burst questionnaire.

Only adolescents who had a smartphone with Android OS (5 or later)
and access to the internet (either via Wi-Fi or a data plan) were eligible
to participate. Participants did not receive any monetary compensation;
however, lottery prizes were included as incentives and gamification
features were utilized to enhance compliance with the daily surveys. All
of the study procedures were approved by the Masaryk University
Research Ethics Committee. Both the child and their parent provided
written consent prior to the study.

Data, self-reports, and the digital trace of smartphone use were
collected through a custom-built Android mobile app that was installed
on the participants’ own smartphones. As part of the study protocol, the
app administered short surveys four times a day. In this study, we only
analyzed data from the end-of-day survey (semi-randomized time win-
dow between 8 p.m. and 12 a.m.), which contained the relevant items.
After the burst (i.e., on the 15th day), a summary single-time survey was
administered. It contained items related to smartphone use over the past
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14 days. The compliance rate for the end-of-day self-report was 62.1% of
the notified questionnaires. For the survey, the rate was 90.5%.

3.3. Measures of smartphone use

3.3.1. Screen time on a typical day (single-time self-report estimate)

A retrospective survey was delivered to participants in the tracking
app on the day after the end of the 14-day intensive measurement burst.
Participants were asked to enter the hours and minutes to indicate how
long they used their smartphone in the preceding 14 days on a typical
school day and on a typical non-school day. This is a common approach
to assess the duration of smartphone use (e.g., Felisoni & Godoi, 2018;
Lee et al., 2017). The item wording provided exemplary activities, like
phone calls, being online, playing games, and listening to music. The
reason for distinguishing between school and non-school days is that, in
adolescence, the media consumption patterns differ between school and
non-school days (Devis-Devis et al., 2009). However, in the analysis we
use the aggregated estimate for school and non-school days. To obtain it,
we computed a weighted mean given by this relationship:

Smartphone use = (5*SU_school + 2*SU_non-school) / 7

where SU_school refers to smartphone use on school days and SU_non-
school to smartphone use on non-school days.

3.3.2. Frequency of phone-checking behavior on a typical day (single-time
self-report)

Participants were asked to estimate the daily frequency of their
phone-checking behavior on a typical school day and a typical non-
school day during the preceding 14 days. Participants were asked to
write down the number of times they had checked their smartphone.
This assessment has been used in other studies to measure phone-
checking behavior (e.g., Andrews et al., 2015; Toh et al., 2021). The
time frame of 14 days corresponds to the length of the objective data
collection period.

3.3.3. Screen time during on the past day (daily end-of-day self-report)

Screen time on a given day was assessed each day as part of the
evening questionnaire. Participants were asked to enter hours and mi-
nutes to indicate how long they used their smartphones, including phone
calls, being online, playing games, and listening to music, during the
past day up until the time of the questionnaire.

3.3.4. Frequency of phone-checking behavior on the past day (daily end-of-
day self-report)

Participants were asked in one item to estimate the number of times
they checked their smartphone during the past day up until the ques-
tionnaire. Participants were asked to enter the number of times they had
done it.

3.3.4.1. Digital trace of smartphone use. The tracking app ran continu-
ously in the background on participants’ smartphones and tracked the
screen status (i.e., on/off) every second. Collected data were stored in
the device’s local database and synchronized regularly with a database
on a dedicated secured server. More details on how we collected and pre-
processed the digital trace data of smartphone use can be found in Ap-
pendix A.

We operationalized screen time as screen-on time. The screen-on
session is the length of time between screen-on and subsequent screen-
off (Pan et al., 2019). We operationalized phone-checking behavior as a
screen-on session that lasts no longer than 15 s. The 15- second period
was based on prior studies (Andrews et al., 2015; Wilcockson et al.,
2018).

For purposes of comparison between the digital trace and single-time
self-report, estimates of the digital trace were averaged across of all days
in the burst from which data were available. For purposes of comparison
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between digital trace and daily end-of-day report, the digital trace
included data for a given day from 4 a.m. until the time of the end-of-day
questionnaire.

3.4. Data missingness

On average, the ratio of missing digital trace data for each partici-
pant was 25.78% of the so-called typical waking day (8 a.m. — midnight).
Findings of the analysis of the missing data showed that the vast ma-
jority of instances of screen-NA sessions (96.16%) were shorter than 10
min and were most-likely due to optimization processes on a device
initiated by the Android OS. Eleven (8%) participants dropped out from
the study, mostly on the 12th or 13th day of study (see Appendix E). The
average number of days participants stayed in the study is 13.7 days (SD
= 1.5 days).

In order to examine the extent to which data missingness affected the
results of the analysis, we drew three subsamples based on those
different thresholds. Results from all three subsamples are reported in
Appendix B. In most effects, we find only negligible differences. There
were two cases, where we find small differences in the effects: (1)
between-person convergent validity of daily screen time (see Appendix
B; Table B7) and (2) between-person differences in daily phone-checking
behavior (see Appendix B; Table B8). However, these effects did not
change interpretation of our results, thus, we reported only the statistics
from the sample with the greatest statistical power (40% NA threshold).
Results from all three subsamples are reported in Appendix B.

In order to achieve sufficiently representative mean estimates of the
smartphone use (for the 14-day time frame) we excluded from the
analysis participants who had less than two valid observations (out of
10) on school days and no valid observations (out of 4) on non-school
days. Missing data were handled with pairwise deletion to maximize
the use of the available data.

3.5. Data analysis

Analyses of variables’ distribution showed the presence of extreme
outliers for all variables considered. We winsorized the most extreme
values using approach proposed by Verbeij et al. (2021). However, the
post-hoc comparisons between results based on winsorized and
non-winsorized variables showed only negligible differences in effect
sizes. Therefore, results based on non-winsorized variables were re-
ported. Phone-checking behavior variables were log transformed due to
its skewed distribution.

In order to assess the accuracy of the self-report measures we con-
ducted a series of paired t-tests to compare self-reported records of
smartphone use to digital trace data. We computed Cohen’s d to evaluate
the effect sizes for all differences between two means. Additionally, to
address H1, we followed the approach proposed by Verbeij et al. (2021)
and created three types of indices for each self-report measure of SU: (1)
discrepancy statistics — by subtracting the participants’ respective values
of digital trace smartphone use from their self-report smartphone use;
(2) overestimation statistics — where discrepancy statistics from the par-
ticipants who underestimated their smartphone use were set to zero; and
(3) underestimation statistics — where the discrepancy statistics from
participants who overestimated their smartphone use were set to zero.

To address H2, we conducted paired t-test to compare discrepancy
scores between daily end-of-day and single-time estimations.

In order to examine the differences in convergent validity estimates
between different types of measures (H3) and smartphone-related be-
haviors (H4) we calculated the Pearson correlation coefficient between
self-report estimates and digital trace data, and then conducted tests of
the dependent groups with nonoverlapping correlations using function
cocor.dep.groups.nonoverlap from package cocor (Diedenhofen & Musch,
2015). We used Dunn and Clark’s (1969) test statistic z and Zou’s (2007)
approach to calculate confidence intervals.

Within-person convergent validity was examined only for daily end-
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of-day reports. It was represented by the within-person correlations of
daily self-reports and daily digital trace data, pairing the observations
for each timepoint and taking into account that the observations were
nested within participants. For that purpose, we used the function rmcorr
from the R (R Core Team, 2023) package rmcorr (Bakdash & Marusich,
2023).

To assess the intra-individual variability in the discrepancy of daily
self-reports across days, we computed the intraclass correlation coeffi-
cient (ICC). We obtained the coefficient from multilevel linear models
with random intercept terms across participants with the Imer function
from R package Ime4 (Bates et al., 2015). The distribution of the ICC
estimates was obtained from 10,000 simulations using bootMer function
from the same package for parametric bootstrap.

4. Results
4.1. Descriptive statistics

Table 1 presents the descriptive statistics for participants’ person-
mean values for self-reported and digital trace screen time and phone-
checking behavior. In the case of phone-checking behavior, the log-
transformed values were showed in Table 1 along with raw values.
Due to skewed distribution and the presence of extreme outliers, log-
transformed values and median are a better indicator of actual differ-
ences and should be used for interpretation in this case. The statistics for
winsorized and log-transformed variants are summarized in Appendix B.

4.2. Accuracy of self-report measures of smartphone use

In H1, we expected that adolescents would report shorter screen time
and lower frequency of phone-checking behavior as compared to digital
trace, both in daily and single-time self-reports. On average, the screen
time self-reported in daily end-of-day reports was 32.2 min (14%)
shorter as compared to the digital trace records. The discrepancy was
significant (t(107) = —2.99, p = 0.003), with a relatively small effect size
(d =-0.32,95% CI [—0.53, —0.10]). Large individual differences in the
discrepancy between self-reports and digital trace data (SD = 131.2 min)
were found, as plotted in Fig. 1a.

Table 2 shows the discrepancy and the directional bias. We found
that, when self-reporting their screen time in end-of-day reports, 66% of
the participants (n = 71) tended to report lower values as compared to
the digital trace data, which contrasted with 34% (n = 37) of the par-
ticipants reporting higher values. Mean underestimation of end-of-day
reports was 158.0 min (SD = 124.4 min) and mean overestimation
was 52.5 min (SD = 91.9 min). These findings support H1.

Single-time self-reported estimates of the screen time on a typical
day were, on average, 55.2 min (18%) shorter than the average digital
trace. This discrepancy was also significant (t(98) = —3.62, p < 0.001),
with a medium size effect (d = —0.43, 95% CI [-0.67, —0.18]). Large
individual differences in the discrepancy of responses were found (SD =
186.6 min), as can be seen in Fig. 1b. Prevailing underestimation as
compared to digital trace was the case for 64% (n = 71) of the partici-
pants. On average, participants underestimated by 96.6 min (SD =
125.4 min) and mean overestimation was 41.5 min (SD = 104.8 min).
These findings also support H1.

The discrepancy between self-reported screen time and its digital
trace was not significantly different between daily and global self-
reported estimations (£(89) = 1.41, p = 0.162, d = 0.11, 95% CI
[—0.05, 0.27]). Therefore, H2 was not supported.

Regarding phone-checking behavior, in daily estimates, participants
reported a lower frequency than the digital trace by 0.39 on a loga-
rithmic scale, which was a statistically significant difference (t(107) =
—2.99, p = 0.003). However, the effect size was relatively small (d =
—0.36, 95% CI [-0.61, —0.12]). Fig. 2a demonstrates inter-individual
variability in this discrepancy (SD = 1.49), like the other statistics in
Table 2. Additionally, we found that 65% of the participants (n = 70)
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Table 1
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Descriptive statistics for person mean aggregated daily, end-of-day, and single-time reports of smartphone use.

Smartphone- related Measurement Estimated time n Self-report Digital Trace
Behavi fre iod -
ehavior equency perio M SD Mdn  ICC M D Mdn  IcC
Screen Time (min.) daily the past day 108 199.85 121.39 180.00 0.54 232.00 114.73 216.50 0.56
single-time a typical day 99 256.55 155.97  231.43 - 311.72 155.29  281.66 -
Phone-checking (freq.) daily the past day 108 log 2.56 1.30 2.56 0.79 2.94 1.01 3.13 0.69
raw 32.72 75.89 12.88 0.58 27.76 21.88 22.90 0.62
single-time a typical day 98 log 2.76 1.38 2.69 - 2.86 1.05 3.05 -
raw 42.83 93.37 14.79 26.21 21.69 21.21

Notes. Digital trace compared to daily end-of-day reports of the past day smartphone use was captured daily from 4 a.m. until the end-of-day report. Digital trace
compared to single-time estimates of a typical daily smartphone use was captured 24 h per day and averaged across all 14 days.
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Fig. 1. Histograms with the distributions of individual differences in discrepancies between person mean (a) single-time estimates and digital trace, and (b) daily

estimates and digital trace for screen time.

Table 2
The discrepancy, overestimation, and underestimation statistics for person mean daily, end-of-day, and single-time reports of smartphone use.
Smartphone-related Measurement Estimated Time n Discrepancy Overestimation Underestimation
Behavi F Period
ehavior requency ero M SD Mdn M SD Mdn M SD Mdn
Screen Time (min.) daily the past day 108 -32.15 131.22 —-37.57 52.47 91.86 1.73 —158.03 124.44 —123.61
single-time a typical day 99 —55.17 186.55 —56.09 41.45 104.78 0.00 —96.62 125.42 —56.09
Phone-checking (freq.) daily the past day 108 -0.39 1.49 —0.47 0.63 0.85 0.31 —0.98 0.83 —0.94
single-time a typical day 98 —0.10 1.47 —0.41 0.53 0.88 0.00 —0.62 0.85 —0.05

Notes. Phone-checking behavior frequency was log-transformed before computing the statistics. Positive values of the mean and median statistics indicate that the self-
reports were higher than the digital-trace reports. Negative values indicate that they were lower.

tended to report less phone-checking behavior in daily reports as
compared to digital trace. The mean underestimation was 0.98 (SD =
0.83) on a logarithmic scale. For overestimation, the mean was 0.63 (SD
= 0.85). These findings support H1.

The self-reported single-time estimates of phone-checking behavior
on a typical day were lower than the corresponding digital trace. But just
by 0.10 on a logarithmic scale. This difference was not significant, t(97)
= —0.68, p = 0.496, and it had a negligible effect size (d = —0.08, 95%
CI [-0.32, 0.16]). Moreover, the difference statistics show that half of
the sample mostly underestimated (50%, n = 49) and the other half

overestimated as compared to digital trace. On the logarithmic scale,
participants underestimated, on average, by 0.62 (SD = 0.85) and
overestimated by 0.53 (SD = 0.88). Therefore, we do not support H1 in
this case.

4.3. Convergent validity of self-report and digital trace measures
In H3, we expected that the convergent validity of the daily reports of

smartphone use would be higher than single-time estimates.
Concerning screen time, the between-person convergent validity for
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daily reports was r(106) = 0.40, p < 0.001, 95% CI [0.22, 0.54], and for
single-time estimates it was r(97) = 0.31, p < 0.001, 95% CI [0.12,
0.48]. The difference in the between-person convergent validity be-
tween those two measures was not significant (Ar = 0.09, z = 0.97,p =
0.331, 95% CI [—0.09, 0.26]). Therefore, our data did not support H3.
Correlations used to estimate this difference of nonoverlapping corre-
lations are shown in Appendix C.

Concerning phone-checking behavior, convergent validity was even
weaker. For daily reports it was r(106) = 0.20, p = 0.043, 95% CI [0.01,
0.37] and for single-time estimates it was r(96) = 0.29, p = 0.004, 95%
CI [0.10, 0.46]. These correlations were also not significantly different
from each other (Ar = —0.09, z = —1.59, p = 0.113, 95% CI [-0.21,
0.02]). Therefore, our data do not support H3.

In H4, we expected that the convergent validity of the self-report
measures of screen time would be higher than phone-checking
behavior. We did not find a significant difference between the conver-
gent validity for daily reports of screen time and phone-checking
behavior (Ar = 0.20, z = 1.63, p = 0.104, 95% CI [—0.04, 0.44]). We
reached the same findings in relation to the single-time estimates (Ar =
0.02,z=0.15, p = 0.880, 95% CI [—0.23, 0.27]). Therefore, our data do
not support H4.

4.4. Intraindividual variability in accuracy and convergent validity

We observed that 44% of the variance in the discrepancy between
self-reported screen time and its digital trace was attributed to intra-
individual day-to-day fluctuations (ICC = 0.56, 95% CI [0.46, 0.63]). In
the case of phone-checking behavior, the identified level of intra-
individual variability was notably lower, specifically accounting for
28% (ICC = 0.72, 95% CI [0.65, 0.78]). The remaining proportion of the
variability in the discrepancy of self-report and digital trace variables is
ascribed to interindividual differences between participants. Fig. 3 il-
lustrates the interindividual differences in the patterns of discrepancy
across days.

Our findings also showed that 50% (n = 54) of the adolescents in our
sample underestimated their screen time in every self-report and 5% (n
= 6) always overestimated it as compared to digital trace. Concerning
the phone-checking behavior, 43% (n = 46) of the participants always
underestimated it and 19% (n = 20) overestimated it in every self-
report.

The within-person convergent validity for daily reports of screen
time was r(648) = 0.29, p < 0.001, 95% CI [0.22, 0.36]. In case of
phone-checking behavior, it was r(648) = 0.11, p = 0.005, 95% CI
[0.03, 0.18]. The within-person convergent validity of screen time was
significantly better as compared to the phone-checking behavior (Ar =
0.18, z = 3.65, p < 0.001, 95% CI [0.08, 0.28]).

5. Discussion

The current study had three objectives: a) to examine the accuracy,
directional bias, and convergent validity of self-reported measures of
smartphone use; b) to examine whether and how these are different for
daily end-of-day and single-time self-reports of smartphone use, and for
measures of screen time and phone-checking behavior; and c) to
investigate how accurate and valid the daily reports of smartphone use
were in capturing the day-to-day fluctuations in smartphone use.
Overall, the findings of this study corroborate previously published
research that suggests that self-reports are poor measures of digital
media use (Parry et al., 2021).

5.1. Accuracy, directional bias, and convergent validity of self-reported
measures of smartphone use among adolescents

In general, and in line with some prior studies (e.g., Andrews et al.,
2015; Jones-Jang et al., 2020), our findings suggested low accuracy and
poor convergent validity for all of the self-reported measures of smart-
phone use considered in this study. The average discrepancy for
single-time estimation of screen time on a typical day was approximately
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55 min, which corresponds to 18% of average daily screen time. For
daily end-of-day estimations it was approximately 32 min, which cor-
responds to 14% of the average logged screen time for the person. If we
consider a discrepancy larger than 5% as indicative of an inaccurate
measurement (see Parry et al., 2021), we found a considerable degree of
inaccuracy that is indicative of a substantial measurement error. Such
findings provide further support for the conclusions made by prior
studies that self-reported estimations of media use should be taken with
caution and should not be used as evidence to draw wide-reaching
conclusions about media use and its effects (Jones-Jang et al., 2020;
Parry et al., 2021).

A similar degree of inaccuracy was found by other studies conducted
on relatively small samples of young adults (Felisoni & Godoi, 2018; Lee
et al., 2017). However, there are also studies that found discrepancies as
short as 6 or 7 min for single-time estimates of smartphone use on a
typical day (Ellis et al., 2019; Sewall et al., 2020). There are at least two
possible explanations for the discrepancies in the findings between in-
dividual studies that assess the accuracy and validity of the self-reports
of smartphone use. First, the discrepancies may be the consequence of
the convenience sampling technique, which is the most common sam-
pling strategy for this type of study. While pitfalls of this sampling
strategy, such as a risk of biased estimates, are well known, in some
research settings, particularly when sensitive objective data from users’
devices are being collected, it is difficult to avoid (De Vries et al., 2021).
Future studies should consider the usage of the homogenous, instead of
conventional, convenience sampling to limit the disadvantages of con-
venience samples (see Jager et al., 2017).

Second, discrepancies may be associated with the different charac-
teristics of the measures. The considerable variability in the measures
across individual studies makes meaningful comparisons limited. For
example, an item used by Sewall et al. (2020) to measure overall iPhone
usage on a typical day used a 7-day reference window, included all uses
of smartphone “except listening to audio (e.g., music, podcasts) in the
background”, and provided response items ranging from “0 h” to “12 or
more hours” with half-hour intervals. The item used by Felisoni and
Godoi (2018) asked respondents to estimate how much time they spent
on their cell phone on a typical day. Lee et al. (2017) asked how many
hours participants used smartphones in a day, and used separate items
for weekdays and weekends. Future studies should compare self-report
measures with different question-wording and answer categories in
order to contribute to the further improvement and refinement of
self-report measures of smartphone use (de Vreese & Neijens, 2016).

Also, the findings on convergent validity provided evidence that
suggests poor measurement qualities for all of the self-reported mea-
sures of smartphone use considered for the current study. The between-
person convergent validity ranged between 0.17 and 0.40, which is in
line with the findings from similar studies (Andrews et al., 2015;
Jones-Jang et al., 2020). Such low levels of convergent validity have
important implications for how one should make sense of research
findings in the field because it means that self-report measures and
digital trace “may be tapping into different constructs” (Sewall et al.,
2020). Carlson and Herdman (2012) recommend that the convergent
validity should optimally exceed r = 0.70. On the contrary, tools with
convergent validity below r = 0.50 should be avoided because even
modest departures from perfect convergent validity can result in
divergence, ambiguities, and the reduced generalizability of research
findings (Carlson & Herdman, 2012).

In line with H1, we expected that adolescents would underestimate
their smartphone use in self-reports. Our findings supported this
expectation. The tendency was to report lower smartphone use as
compared to digital trace data. This finding is in line with several other
studies on the self-reported measures of smartphone use (Felisoni &
Godoi, 2018; Jones-Jang et al., 2020; Lee et al., 2017). Interestingly,
studies on self-reported measures of TV, desktop PC, and mobile phones
mostly reported an overestimation of media use in self-reports (e.g.,
Boase & Ling, 2013; Kobayashi & Boase, 2012). This difference in
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directional bias may be indicative of a systematic measurement bias
associated with specific patterns of usage that is typical for smartphones.
Fragmented, ubiquitous, task-switching and habitual usage typical for
smartphones (Araujo et al., 2017; Oulasvirta et al., 2012) may be
associated with lower awareness and subsequent lower recall, as
opposed to longer and more isolated patterns of usage that are typical for
media such as a desktop PC or a mobile phone. Other researchers
interpret the tendency to underestimate media use as typical for digital
natives, for whom smartphone use has become habitual (Hodes &
Thomas, 2021). Importantly, the tendency to underestimate smartphone
use may have serious implications for research findings in the field. For
example, underestimation when reporting behavior may result in the
underestimation of its effects (Jones-Jang et al., 2020; Kobayashi &
Boase, 2012).

Importantly, more detailed insight into our data revealed large dif-
ferences in the accuracy of the self-reports across observations, both in
terms of the magnitude of discrepancy from digital trace data and in
terms of directional bias. Except for people who typically underestimate
their smartphone use, our sample included a considerable proportion of
people (34%) who tended to over-report it as compared to digital trace
data. In the analyzed sample, the average inaccuracy that resulted from
the underestimation of screen time was larger than the inaccuracy that
resulted from its overestimation. Importantly, in both cases, average
discrepancy values were larger than for the whole sample. For example,
the average underestimation for end-of-day reports of screen time was
approximately 158 min, which is about five times more compared to the
average discrepancy for the whole sample (i.e., 32 min).

Given that higher error variance is associated with higher impreci-
sion in effects estimates, the large variability in the inaccuracy of self-
reports found in our sample may have important implications for our
understanding of research findings in the field (Vandewater & Lee,
2009). Future studies should examine the sources of this variability to
find out what proportion of it could be attributed either to systematic
error or to random error. This is important because, while random
measurement errors typically result in smaller effect sizes and the
increased possibility of Type II errors (Jones-Jang et al., 2020), for
non-random error, under- and over-reporting scenarios are possible. The
effects may be inflated, too conservative, or, when close to zero, even
have the opposite direction (de Reuver & Bouwman, 2015; Scharkow,
2016).

5.2. Differences across different types of self-report measures and
smartphone-related behaviors

Contrary to the theoretical expectation that daily diary measures are
associated to smaller recall bias (Shiffman et al., 2008) we found sta-
tistically significant differences neither in discrepancy (H2) nor in
convergent validity (H3) between daily and single-time reports. There-
fore, while daily mobile diary self-reports offer some important affor-
dances (e.g., enable the capture of intraindividual variability), the
current study did not provide evidence that they might compromise a
remedy for recall bias associated with self-reports of media use. The only
study that compared the accuracy of repeated self-reported measures of
media use with single-time estimates arrived at similar findings (Verbeij
et al., 2021). Its authors found that the momentary ESM of social media
use were less accurate than the retrospective survey estimates. One
possible explanation for these findings is that, due to its fragmented,
ubiquitous character and low levels of awareness associated with
smartphone use (Araujo et al., 2017; Oulasvirta et al., 2012), the
reduction of the time interval between estimated behavior and estima-
tion does not necessarily lead to a significant decrease in recall bias.
Another explanation can be a fatigue effect when the accuracy and
convergent validity decrease over time as respondents repeatedly
respond to the same question. This effect was confirmed for momentary
ESM measures in a study conducted by Verbeij et al. (2021). Especially
in the later stages of the study, a measurement design with many
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repeated assessments of the same items may result in low motivation to
comply with the instructions and careless responding (Jaso et al., 2022).
However, the supplemental analysis on our sample did not show a sig-
nificant difference in the compliance between the first and the second
week of the study (b = —0.17, p = 0.274, OR = 0.85). Nevertheless,
future studies that apply an intensive repeated measurement design
should always consider the employment of incentivization strategies
(Russell & Gajos, 2020), and an analysis aimed at the identification of
careless responses and responders, either post-hoc or through real-time
monitoring (Jaso et al., 2022).

In H4, we expected that the self-report measures of phone-checking
behavior would be characterized by lower convergent validity than the
measures of screen time. Contrary to this expectation, we did not find
statistically significant differences between the measures of those two
smartphone-related behaviors that would mean that both measures
performed equally badly. On the other hand, such far reaching conclu-
sions are not entitled because, despite being statistically insignificant,
the difference between the convergent validity for daily mobile diary
measures of screen time and phone-checking behavior was considerable
(Ar = 0.19). An earlier study conducted on a sample of 23 young adults
found that, while the estimated daily duration of use may have
reasonable validity, there was no relationship between the estimated
and actual frequency of phone-checking behavior, and participants were
underestimating it, which suggests that the measure phone-checking
behavior were performing worse than the measure of screen time
(Andrews et al., 2015).

5.3. Accuracy and validity in intensive longitudinal studies

Repeated measurement is used when researchers are interested in
within-person media effects, that is, effects associated with intra-
individual variability and changes in media use. Overall, the daily re-
cords of smartphone use reported by adolescents in our sample varied
across days. Importantly, however, this variability only poorly corre-
sponded to actual day-to-day fluctuations in actual smartphone use as
indicated by digital trace (i.e., r = 0.29 for screen time, r = 0.11 for
phone-checking behavior). The degree to which adolescents were able to
accurately self-report day-to-day fluctuation in smartphone use varied
(see Fig. 3), which suggests that it may be associated with some trait-like
characteristics that should be investigated by future studies. The find-
ings of low within-person convergent validity support the so far scarce
findings for the self-report daily diary measures of media use, which
suggests their poor ability to capture day-to-day variability in media use
(e.g., Verbeij et al., 2021). Therefore, researchers interested in
within-person media effects, should opt for digital trace measures of
media use, if possible.

The current study was one of the first studies that decomposed the
variance in the inaccuracy of the self-report measures of media use into
both a variance associated with time-varying factors and a variance
associated with trait-like differences between people. The analysis
revealed that a considerable proportion (43%) of variance in the
discrepancy between self-reported screen time and digital trace data was
ascribed to intraindividual variability in time. In the case of phone-
checking behavior the proportion was lower, but also non-trivial (ac-
counting for 28%). Given that accuracy of self-reporting varies from day
to day, as indicated by the considerable intraindividual variability in the
accuracy of daily reports, then also single-time estimates of smartphone
use may be contingent on the daily dispositions of a respondent and
perhaps also on other events and processes that constitute the everyday
context of media use, and therefore characterized by the low reliability
and the low stability. However, it is important to note that, despite the
considerable intraindividual variability in reporting accuracy, the ma-
jority of adolescents in our sample demonstrated relative consistency in
directional bias, which means that they either always under- or over-
reported their smartphone use as compared to digital trace.

The considerable level of day-to-day variability in the accuracy of
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screen time self-reported in daily end-of-day reports that was found in
the current study may also have implications for further research con-
cerned with the factors associated with the accuracy of self-reporting.
While prior studies focused on trait-like characteristics — such as
trait-like cognitive capabilities of the respondent (de Reuver & Bouw-
man, 2015), psychosocial well-being, the typical usage amount (Sewall
et al., 2020), and demographic factors (Kobayashi & Boase, 2012), like
gender (Scharkow, 2016) — the findings of the current study suggest
that future research should account for predictors that influence mea-
surement accuracy at both between- and within-person, levels.

5.4. Limitations

Any inferences made from the current study should be made with
caution and only when taking into account the following limits. In
particular, generalizations to larger populations are not warranted due
to the fact that the results of the current study were drawn from a
convenience sample.

Furthermore, the current study has several limitations that are
typical for passive data collection studies. First, because the participants
were aware that their smartphone use was being monitored, their
smartphone-related behavior could have been influenced and result in a
response bias (Ryding & Kuss, 2020). Differences between participants
and a population of interest could result in the sample selection bias (Pak
et al., 2022). In particular, because it was found that intensive users of
mobile media devices are more likely to participate in passive mobile
data collection (Keusch et al., 2019; Revilla et al., 2017), we may expect
that this type of user was overrepresented in our sample. Second, small
sample size and considerable data missingness is a problem when
objective data are collected. Insufficient statistical power due to the
relatively small sample size may be a valid explanation for some sta-
tistically insignificant findings, like the nonsignificant difference in
convergent validity of screen time and phone-checking behavior (H4).
Future studies would benefit from larger samples.

Sample size was further reduced due to drop-outs by individual
participants across the days. In line with some prior research, smart-
phone usage collected for a minimum of five days is needed to reflect
typical weekly usage, but habitual checking behaviors can be reliably
inferred within two days (Wilcockson et al., 2018). However, due to a
small number of participants and in order to meet the five-day condition
for both self-reported and digital trace data (n = 77 out of initial sample
of 137), we applied a threshold of three instead of five days to increase
the statistical power at the expense of the capability to accurately reflect
typical weekly usage.

Finally, it is important to note that, even though digital traces are
much better than self-reports in recording actual smartphone use (Parry
etal., 2021), they provide neither an exact nor an objective record of the
actual smartphone use (Bosch & Revilla, 2022). First, the logged data are
only an indirect indicator of actual usage. One reason is that screen-on
time is not always bounded to attention paid to the device by user,
which may lead to the overestimation of actual use. Second, due to
missing data or due to inaccuracies in the digital trace data, some actual
usage may not be recorded, which may impact the relations between the
log and self-reported measures, for example result in bigger discrepancy
between the two. Finally, contrary to the alleged objectivity of digital
trace data, the processing of raw data includes various deliberate de-
cisions made by the researcher that impact the accuracy and validity of
digital trace data. Future studies should focus on assessing the quality of
digital trace data collected with tracking apps, their limitations and bias
which they introduce.

6. Conclusions
Overall, the findings of the current study suggest that all self-report

measures of smartphone use considered for the study were characterized
by a considerable degree of inaccuracy and showed poor convergent
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validity. Such findings suggest that the self-reports of smartphone use
should be avoided, if possible, and, if used, the findings based on self-
reports should be taken with caution due to the high degree of error
associated with the shared self-report variance. When self-reporting
their smartphone use, adolescents in our sample typically reported less
smartphone use as compared to digital trace, which might result in the
underestimation of the effects of smartphone use. Yet, the adolescents in
our sample differed from each other in their ability to accurately self-
report their smartphone use, and their ability to self-report accurately
varied across days. The current study contributed to prior research by
examining the accuracy and convergent validity of the understudied
measurements of smartphone use, including daily reports of phone-
checking behavior. However, it did not find significant differences in
accuracy and convergent validity across different types of measures and
smartphone-related behaviors, which suggests that all of the self-report
measures concerned for this study turned out to be equally poor mea-
sures of actual smartphone use. The findings of the current study added
to the scarce evidence on the accuracy and validity of the self-reported
measures of media use in intensive longitudinal studies, suggesting the
poor ability of daily mobile diary measures of smartphone use to capture
the actual day-to-day fluctuations in smartphone use. Finally, the cur-
rent study contributed to existing knowledge by showing that both
person and situational levels contribute to explaining the discrepancy
between digital trace and self-report data among adolescents.
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