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Abstract:

Introduction: Clarifying the behavioral mechanisms linking lifestyle factors to movement patterns is essential for
advancing health promotion and preventing chronic disease. Although smartphone use has been linked to
sedentary behavior (SB), evidence remains limited when both variables are assessed objectively, particularly
among physically active populations. Objective: This study investigated the association between device-derived
smartphone metrics and accelerometer-based movement behaviors in physically active university students, while
also examining their potential utility as markers of sedentary patterns relevant to cardiometabolic health.
Material and methods: A cross-sectional study was conducted in 44 Physical Education students (75.0% men;
21.8 £ 2.1 years) who met the World Health Organization PA recommendations. Screen time and unlock
frequency were recorded over seven days using built-in smartphone applications, while SB, light-intensity PA
(LPA), and moderate-to-vigorous PA were assessed with hip-worn triaxial accelerometers. Anthropometric and
cardiovascular parameters were also measured. Correlation and exploratory moderation analyses were
performed. Results: Participants averaged 349 + 101 min/day of screen time and 122 + 50 unlocks/day. Screen
time was not associated with SB or PA. In contrast, unlock frequency was positively associated with SB (r =
311, p = .040), LPA (r = 311, p = .040), and combined SB + LPA (r = 421, p = .004), but not with
anthropometric or cardiovascular indicators. Moderation analysis suggested that the association between unlock
frequency and SB was significant only at higher waist-to-height ratio values (WtHR > 0.505). Discussion: The
absence of associations with screen time may reflect the portable and multifunctional nature of smartphones,
which allows their use in both sedentary and active contexts, so that total usage aggregates heterogeneous
behaviors. In contrast, unlock frequency captures how often ongoing activities are interrupted to engage with the
device, which may be more closely linked to the accumulation of low-intensity movement patterns. Conclusions:
Unlock frequency may be a more informative digital indicator of sedentary patterns than screen time in active
young adults. These preliminary findings support incorporating digital behavior metrics into future research and
health-promotion strategies targeting SB.

Keywords: Accelerometry; Sedentary time; Screen Time; Cardiometabolic Risk; Young adults

Introduction

Regular physical activity (PA) has consistently been considered a key strategy for health promotion and
the prevention of chronic non-communicable diseases (Ekelund et al., 2019). However, despite these
recommendations, the prevalence of insufficient PA has increased globally in recent decades (Strain et al., 2024).
In parallel, sedentary behavior (SB), characterized by low energy expenditure, occupies a substantial portion of
daily time, reaching up to 8.2 hours per day (Bauman et al., 2018). Prolonged SB is independently associated
with increased risk of all-cause mortality and adverse cardiometabolic outcomes, particularly when not offset by
adequate moderate-to-vigorous-intensity physical activity (MVPA) (Ekelund et al., 2019).

SB is defined as any waking behavior characterized by an energy expenditure <1.5 metabolic
equivalents while in a sitting, reclining, or lying posture (Tremblay et al., 2017); therefore, it represents a distinct
construct rather than merely the absence of MVPA. Importantly, relatively high volumes of moderate-intensity
PA (approximately 60—75 min/day) appear to be required to attenuate the increased mortality risk associated
with prolonged sitting (Ekelund et al., 2016). Consequently, individuals who meet current PA recommendations
may still accumulate large amounts of sedentary time, a pattern that may partially offset the health benefits of
being active. Beyond total volume, the way sedentary time and light-intensity physical activity (LPA) are
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accumulated throughout the day also appears to be relevant for cardiometabolic health (Amagasa et al., 2018;
Sjoros et al., 2020).

Young adults (18-39 years) tend to spend more time engaged in sedentary activities than middle-aged
adults (Silva et al., 2023). Within this group, university students represent a population at increased risk of
sedentary lifestyles, accumulating between 9 and 10 hours of SB per day (Castro et al., 2018). This scenario is
particularly relevant in Chile, where approximately three out of four adults present overweight or obesity
(Ministerio de Salud de Chile, 2017), and where abdominal adiposity tends to increase during university years,
contributing to long-term cardiometabolic risk (Castro et al., 2018; Cossio-Bolaiios et al., 2016). In this context,
the waist-to-height ratio (WtHR) has emerged as a simple and sensitive indicator of early cardiometabolic risk
(Ashwell & Gibson, 2016). Physical Education students deserve special attention, as they will be responsible for
promoting active lifestyles in school settings and act as role models for future generations. Although these
students generally exhibit higher PA levels, they still accumulate considerable daily SB (Souza et al., 2021), and
unhealthy lifestyle behaviors may coexist with high PA levels in this population (Corvalan-Luengo et al., 2023;
Garrido-Méndez et al., 2024). This paradox highlights the need to better understand the behavioral patterns that
coexist with active lifestyles and may attenuate their health benefits.

In this context, smartphone use has emerged as a potential behavioral factor influencing movement
patterns. University students report extensive daily use of electronic devices, particularly smartphones
(Corvalan-Luengo et al., 2023), and approximately half exhibit problematic or excessive smartphone use
(Candussi et al., 2023). Factors contributing to problematic use include social media engagement, video games,
internet browsing, screen time, and frequent phone unlocking (Prasad et al., 2018; Ryding & Kuss, 2020;
Tomczyk & Selmanagic Lizde, 2023). Such behaviors have been associated with adverse mental health
outcomes (Wacks & Weinstein, 2021), disrupted sleep quality (Yang et al., 2020), eating disorders (Wang et al.,
2023), and increased risk of overweight and obesity (Andersen et al., 2024; Brodersen et al., 2023).

Previous studies examining the relationship between smartphone use, PA, and SB have reported
inconsistent findings. While some evidence suggests that excessive smartphone use is associated with lower PA
levels and prolonged sitting time (Grimaldi-Puyana et al., 2020), another study found no clear associations
between screen time and PA (Fennell et al., 2019). Conversely, smartphone-based interventions have shown
potential to promote PA and reduce SB (Laranjo et al., 2021), highlighting the dual role of these devices as both
risk and protective factors.

One possible explanation for these inconsistencies is that most studies have characterized smartphone
use exclusively through total screen time. However, smartphone use typically occurs in brief and frequent
sessions, often triggered by notifications or habitual checking (Oulasvirta et al., 2012; Ryding & Kuss, 2020).
Moreover, because smartphones are portable, screen time can accumulate while standing, walking, or
commuting. A recent study that temporally aligned passive smartphone sensing with accelerometry showed that
a substantial and highly variable proportion of screen use occurs during non-sedentary behavior (Culverhouse et
al., 2026). Similarly, among university students, associations between smartphone use and accelerometer-
measured PA and SB appear to differ according to the type of application used (Shi et al., 2025). Together, these
findings suggest that total screen time may be an imprecise indicator of movement-related behavior. In contrast,
unlock frequency reflects how often individuals interrupt their ongoing activities to engage with the device, a
dimension that may be more closely related to how movement is patterned throughout the day, but which has
rarely been examined in relation to device-measured SB and PA.

A major limitation of the current literature is the reliance on self-reported measures, which tend to
underestimate SB and overestimate PA (Meh et al., 2023; Prince et al., 2020). Furthermore, studies using
objective methods to assess smartphone use remain limited (Christensen et al., 2016; Grimaldi-Puyana et al.,
2020). To address these gaps, we combined seven days of device-derived smartphone metrics obtained from
built-in applications with hip-worn accelerometry in a sample of Physical Education students who met the World
Health Organization PA recommendations. This population provides a unique context in which to examine
whether digital behaviors relate to low-intensity movement patterns when MVPA is not a limiting factor.
Identifying simple, low-cost digital indicators of sedentary patterns could inform health-promotion strategies in
university settings and teacher-training programs. Therefore, the aim of this study was to examine the
associations of screen time and unlock frequency with accelerometer-derived SB, LPA, and MVPA in physically
active university students, and to explore whether abdominal adiposity, assessed by WtHR, moderated these
associations. We hypothesized that unlock frequency, rather than total screen time, would be positively
associated with SB.

Material & methods
Participants

This observational cross-sectional study followed the STROBE guidelines. The study population
comprised young adults enrolled in a Physical Education program at a university in Santiago, Chile. Participants
were considered physically active if they met the current World Health Organization recommendations for
aerobic physical activity in adults, namely engaging in at least 150 min/week of moderate-intensity physical
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activity, 75 min/week of vigorous-intensity physical activity, or an equivalent combination of both (Bull et al.,
2020). We objectively assessed compliance with these recommendations using accelerometry.

Given the exploratory nature of the study and the limited evidence from studies concurrently assessing
smartphone use and accelerometer-derived movement behaviors, we adopted a convenience sampling strategy to
enable an initial examination of these associations in a physically active university population. This approach
was appropriate for generating preliminary evidence and informing future studies with larger, more
representative samples.

A total of 172 students were invited to participate. Of these, 47 agreed to participate, and 3 were
excluded due to incomplete device data or failure to meet the predefined minimum accelerometer wear-time
criteria, resulting in a final analytical sample of 44 participants (Fig. 1). Eligibility criteria included being
actively enrolled in the Physical Education program during the 2022-2023 academic year. Participants with
medical conditions affecting physical activity or mobility, including musculoskeletal injuries, mobility
impairments, or chronic diseases, were excluded. Recruitment and data collection were conducted between
August 2022 and April 2023.

Fig. 1. Flow diagram illustrating participant inclusion in the sample.
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The Ethics Committee of Universidad Autéonoma de Chile approved the study (CEC 33-22), and it was
conducted in accordance with the Declaration of Helsinki. All participants provided written informed consent
before participation.

Procedure

Participants attended two morning laboratory visits between 8:00 and 11:00 a.m., scheduled without
disrupting their regular academic activities. During the first visit, participants completed questionnaires on
sociodemographic characteristics and lifestyle habits. Accelerometers were then provided for seven consecutive
days of monitoring. The availability of the built-in smartphone applications required to retrieve smartphone-use
metrics was verified, and participants received a logbook to record daily screen time and smartphone unlock
frequency.

During the second visit, participants returned the accelerometers and their completed logbooks. Prior to
this visit, they were instructed to avoid caffeine and refrain from eating for at least two hours before the
assessment. Anthropometric and cardiovascular measurements were subsequently performed under standardized
laboratory conditions.
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Measures and instruments
Sociodemographic characterization

Following procedures previously described, a 17-item questionnaire was used to collect demographic
and lifestyle information, including sex, age, place of residence, socioeconomic status, tobacco use, and alcohol
consumption (Corvalan-Luengo et al., 2023).

Device-based assessment of smartphone use

Following previously described procedures (Christensen et al., 2016), participants recorded screen time
(min/day) and smartphone unlock frequency (unlocks/day) over seven days using built-in smartphone
monitoring applications (Digital Wellbeing for Android and Screen Time for iOS). Participants manually
recorded these metrics in a daily logbook. For statistical analyses, the mean daily value over the seven-day
monitoring period was calculated separately for each smartphone-use metric and used as an indicator of habitual
smartphone use. To improve data completeness and minimize recording errors, the research team provided
instructions and support throughout the monitoring period. Participants with incomplete smartphone-use data
were excluded from analyses involving the corresponding variable.

Objective assessment of SB and PA

Both SB and PA were objectively assessed using wGT3X-BT triaxial accelerometers (ActiGraph,
Pensacola, USA). Participants wore the accelerometers on the right hip for seven consecutive days during usual
activities and waking hours, except during bathing, aquatic activities, and nighttime sleep (Migueles et al., 2017).
Hip placement was selected to ensure comparability with established accelerometer cut-points and to minimize
potential interference associated with smartphone use.

Raw acceleration data were collected at a sampling frequency of 30 Hz with a dynamic range of £8 G
and subsequently aggregated into 60-s epochs for analysis. Non-wear time was defined as >60 min of zero
counts, allowing interruptions of up to 2 min with values between 0 and 100 counts/min. A valid day required
>600 min of wear time, and participants were required to accumulate at least four valid days, including one
weekend day (Migueles et al., 2017). Activity intensity was classified using established cut-points as SB (< 100
counts/min), light-intensity physical activity (LPA: 100-2019 counts/min), and MVPA (> 2020 counts/min)
(Troiano et al., 2008). Step count was also estimated. Data were processed using ActiLife Pro 6 software
(ActiGraph LLC, Pensacola, FL, USA).

Anthropometric parameters and abdominal obesity

Body mass and body fat percentage were measured using an electronic scale, BC-568 InnerScan
Segmental Body Composition Monitor (Tanita Corp., Tokyo, Japan), with a maximum capacity of 150 kg and an
accuracy of 0.1 kg. Height was measured using a stadiometer (Health o meter® 402KL ROD) with an accuracy
of 0.1 cm. Waist circumference (WC) was assessed twice at the midpoint between the iliac crest and the lower
rib using a measuring tape (SECA® 201) with an accuracy of 0.1 cm.

Body mass index (BMI) was calculated as body mass (kg) divided by height squared (m?). Participants
with a BMI of 25.0-29.9 kg/m? were classified as overweight, and those with a BMI >30.0 kg/m? were classified
as obese. Waist-to-height ratio (WtHR) was calculated as waist circumference divided by height, with values
>0.500 indicating increased abdominal adiposity (Ashwell & Gibson, 2016).

Cardiovascular outcomes

Systolic blood pressure (SBP), diastolic blood pressure (DBP), and resting heart rate (RHR) were
measured using an Omron® Hem 7120 monitor (Kyoto, Japan). Participants remained seated for 10 min before
assessment. Two measurements were obtained at 5-min intervals, and the lowest value was recorded.

Data collection and statistical analyses

Statistical analyses were performed using the Statistical Package for the Social Sciences (SPSS),
version 26.0. The normality of continuous variables was assessed using the Shapiro—Wilk test. Descriptive
statistics were expressed as mean + standard deviation (SD) for normally distributed variables and median
(interquartile range [IQR]) for non-normally distributed variables. Categorical variables were reported as
frequencies and percentages. Between-sex comparisons were performed using the independent-samples Student's
t-test or the Mann—Whitney U test, as appropriate according to the distribution of the data. Associations between
continuous variables were examined using Pearson's or Spearman's correlation coefficients, as appropriate.
Given the potential influence of sex-related physiological differences on the outcomes, sex was included as a
covariate in analyses where such differences could confound the associations of interest. Statistical significance
was set at p < .05. Moderation analyses were conducted using the PROCESS macro for SPSS, version 2.16
(Model 1), following an approach previously described (Hayes & Rockwood, 2017). Ordinary least squares
regression with bias-corrected bootstrap resampling based on 5,000 samples was used. The WtHR was selected
as the moderator because it is a simple indicator of abdominal adiposity associated with early cardiometabolic
risk (Ashwell & Gibson, 2016), and because both excessive smartphone use and SB have been independently
linked to adiposity (Andersen et al., 2024; Brodersen et al., 2023; Sjdros et al., 2020). Statistically significant
interaction effects were further examined using simple slopes analysis and the Johnson—Neyman technique to
determine the range of moderator values for which the association between the predictor and outcome was
statistically significant (p <.05).
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Results

Among participants, 25.0% (n = 11) were women and 75.0% (n = 33) were men. Most resided in urban
areas (97.7%, n = 43), and 65.9% (n = 29) reported a medium-to-low socioeconomic status. Regarding
nutritional status, 70.5% (n = 31) were classified as overweight or obese, while 43.2% (n = 19) exhibited
abdominal obesity (WtHR > 0.500). Tobacco and alcohol consumption prevalence were 9.1% (n = 4) and 61.4%
(n = 27), respectively. The average age was 21.82 + 2.06 years (Tables 1 and 2).
Table 1. Description of categorical variables.

Variable Frequency (n) %
Sex

Men 33 75.0
Women 11 25.0
Sociodemographic location

Urban 43 97.7
Rural 1 2.3
Socioeconomic level

Medium-high 15 34.1
Medium-low 29 65.9
Nutritional status (BMI)

Underweight 1 2.3
Normal 12 273
Overweight 21 47.7
Obesity 10 22.7
Abdominal obesity

Low (WtHR < 0.500) 25 56.8
High (WtHR > 0.500) 19 432
Tobacco consumption

No 40 90.9
Yes 4 9.1
Alcohol consumption

No 17 38.6
Yes 27 61.4

Note: Data are presented as sample frequencies (n) and percentages (%).

Significant sex-based differences were observed for height (p < .001), body mass (p = .014), body fat
percentage (p < .001), systolic blood pressure (p = .005), and resting heart rate (p = .015). No significant
differences were found for BMI, waist circumference, WtHR, PA, SB, or smartphone-use variables. Participants
accumulated an average of 313.70 £ 66.02 min/day of LPA and 70.37 £ 36.85 min/day of MVPA. Mean daily
screen time was 349.46 + 101.20 min/day, with an average of 121.57 + 49.95 smartphone unlocks/day (Table 2).
Table 2. Description of numerical variables by sex.

Variables Total (n = 44) Women (n=11) Men (n = 33) p-value
Mean = SD Mean £ SD Mean = SD

General features

Age (years) 21.82+2.06 22.00£1.41 21.76 £2.25 740

Height (cm) 169.06 + 8.74 158.53 £6.57 172.56 + 6.20%** <.001

Body mass (kg) 75.65 +£13.01 67.42 £10.33 78.39 £ 12.77* 014

Overweight and abdominal

obesity outcomes

BMI (kg/m?) 2643 £3.78 26.83 £3.84 26.30 +3.82 .690

Body fat (%) 23.58 £9.02 33.52 £ 8.11%** 20.26 £6.59 <.001

WC (cm) 83.59 +8.94 79.11 £ 8.05 85.09 +8.83 .054

WtHR 0.495 +£0.049 0.500 £ 0.052 0.493 +0.049 715

Cardiovascular outcomes

SBP (mm Hg) * 117.25+17.25 102.50 £ 17.00 118.50 £ 11.25%* .005

DBP (mm Hg) 72.33 £8.09 69.59 £ 6.69 73.24 £8.40 .198

RHR (beats/min) 69.76 £ 10.30 76.18 £9.19* 67.62 £9.86 015

Physical activity and sedentary

behavior

SB (min/day) 302.68 +98.39 31148 +£111.25 299.75 +95.43 736

LPA (min/day) 313.70 £ 66.02 337.14 £67.19 305.89 +£64.77 177

SB + LPA (min/day) 616.38 £ 121.54 648.62 +122.59 605.64 £121.14 327

MVPA (min/day) * 70.37 £ 36.85 68.53 £33.11 75.28 £41.60 196

Steps (steps/day) * 12540.60 +3653.19 12375.80 + 1222.75 12817.00 + 444498 789

Smartphone use

Screen time (min/day) 349.46 £101.20 339.31+99.13 352.84 +£103.16 706

Unlocks (unlocks/day) 121.57 £ 49.95 124.73 £37.92 120.52 +53.84 812
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Note: BMI (body mass index), WC (waist circumference), WtHR (waist-to-height ratio), SBP (systolic blood
pressure), DBP (diastolic blood pressure), RHR (resting heart rate), SB (sedentary behavior), LPA (light-
intensity physical activity), and MVPA (moderate to vigorous-intensity physical activity). * Indicates non-
parametric variables. For parametric data, the t-Student’s test was applied. For non-parametric data, the U-Mann
Whitney test was applied. Data are expressed as mean + standard deviation for parametric data and median +
interquartile range for non-parametric data. * p <.05; ** p <.01; *** p <.001.

Correlation analyses (Table 3) showed no significant associations between screen time and study
variables. In contrast, smartphone unlock frequency was positively associated with SB (r = .311, 95% CI [0.02,
0.56], p =.040), LPA (r = .311, 95% CI [0.02, 0.56], p = .040), and the combined SB + LPA variable (r = .421,
95% CI [0.14, 0.64], p = .004). No associations were observed between unlock frequency and anthropometric
indicators.

Table 3. Correlations between smartphone use and study outcomes.

Variables Screen time (min/day) Unlocks (unlocks/day)

r [95% CI] p-value r [95% CI] p-value
Overweight and abdominal obesity outcomes
BMI (kg/m?) .036 [-.263; .330] 815 .051 [-.249; .343] 740
Fat mass (%) ® -.002 [-.217; .224] 992 -.038 [-.310; .248]  .810
WC (cm) 113 [-.191; 396]  .466 .084 [-.219; .371] .590
WtHR 130[-.174; 411] 401 106 [-.197; .391] 493
Cardiovascular outcomes
SBP (mm Hg) *° -211[-.453;.123] .175 -.066 [-.363; .228]  .676
DBP (mm Hg) -.159 [-.436; .144] .301 -.143 [-.422; .161] 355
RHR (beats/min) ° .048 [-.266; 374] .762 -.036 [-.304; .248]  .821
Physical activity and sedentary behavior
SB (min/day) -.198 [-.467; .106] .199 311 [.015; .557]* .040
LPA (min/day) -.019[-.314; .280] .904 311 [.015; .556]* .040
SB + LPA (min/day) -.170 [-.445; .134] 270 421 [.141; .638]** .004
MVPA (min/day) * .010 [-.222; 369]  .947 -218 [-.467;.150]  .155
Steps (steps/day) * .065 [-.143; .437]  .677 -.095[-.331;.262]  .541

Note: BMI (body mass index), WC (waist circumference), WtHR (waist-to-height ratio), SBP (systolic blood
pressure), DBP (diastolic blood pressure), RHR (resting heart rate), SB (sedentary behavior), LPA (light-
intensity physical activity), and MVPA (moderate to vigorous-intensity physical activity). * Indicates non-
parametric variables. ® Indicates partial correlations, adjusted by sex. Data are presented as correlation
coefficients and p-values. For parametric data, the Pearson test was applied. For non-parametric data, the
Spearman test was applied. * p <.05; ** p <.01.

Moderation analysis revealed a significant interaction between smartphone unlock frequency and WtHR on
SB (b = 15.008, t = 2.474, p = .017). Johnson—Neyman analysis indicated that the association appeared to be
significant only above WtHR values of 0.505 (b = 0.562, SE = 0.278, 95% CI [0.000, 1.124]; Fig. 2). No
significant interaction effects were observed when LPA (p = .321) or the combined SB + LPA variable (p =
.156) were included as dependent variables.

Fig. 2. Abdominal obesity moderates the association between smartphone unlocks and sedentary behavior.

3.00 4 . 95% Cl upper limit

200
Point of estimation

1o0
- 85% Cl lower limit

0.004

-1.00 =

-2.00—

Moderated effect of smartphone unlocks on sedentary
behavior

-3.00

T T T T T T T
0.35 0.40 0.45 0.50 055 os0 0.65

Waist-to-height ratio

Note: Johnson—Neyman plot exhibiting the conditional effects of smartphone unlocks on sedentary behavior at
values of the moderator waist-to-height ratio. Data are point estimates with upper and lower 95% confidence
intervals (CI). The plot shows the zone of significance in a bold line.
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Discussion

The present study examined the association between device-based smartphone metrics and
accelerometer-derived movement behaviors in physically active university students. The main findings suggest
that smartphone unlock frequency, rather than total screen time, was associated with SB, LPA, and their
combined duration. Additionally, abdominal obesity moderated the relationship between smartphone unlock
frequency and SB, suggesting stronger associations in individuals with higher cardiometabolic risk.

Among participants, 75.0% were male, reflecting sex-based disparities previously reported in Physical
Education programs (Corvalan-Luengo et al., 2023). Although overweight/obesity prevalence (70.5%) was
slightly lower than national Chilean estimates (Ministerio de Salud de Chile, 2017), 43.2% exhibited abdominal
obesity (WtHR > 0.500), a threshold associated with elevated cardiometabolic risk (Ashwell & Gibson, 2016).
Despite generally higher PA levels among Physical Education students (Souza et al., 2021), unhealthy lifestyle
behaviors such as poor dietary habits may still coexist within this population (Garrido-Méndez et al., 2024).
Participants showed high smartphone use, with an average screen time of 349.5 min/day and 122 unlocks/day,
exceeding previously reported values (Grimaldi-Puyana et al., 2020). These differences may reflect greater
familiarity with digital technologies among younger adults and increased smartphone reliance following the
COVID-19 pandemic (Corvalan-Luengo et al., 2023).

Previous evidence has suggested that excessive smartphone use is associated with increased SB and
reduced PA (Grimaldi-Puyana et al., 2020). However, even when smartphone use has been objectively recorded,
movement behaviors have frequently been assessed through questionnaires, which tend to underestimate SB and
overestimate PA (Prince et al., 2020). In the present study, no associations were observed between screen time
and SB or PA when both variables were assessed with devices, a finding consistent with previous reports
showing no clear associations between smartphone use and PA (Fennell et al., 2019). A plausible explanation is
that, because of their portability and multifunctionality, smartphones can be used across both sedentary and
active contexts (Laranjo et al., 2021). Supporting this interpretation, a recent study that temporally aligned
passive smartphone sensing with accelerometry found that approximately one quarter of smartphone screen time
occurred during non-sedentary behavior, with marked variability across individuals and applications
(Culverhouse et al., 2026). Likewise, in university students, associations between smartphone use and
accelerometer-measured SB appear to depend on the type of application used rather than on total usage (Shi et
al., 2025). Taken together, these findings suggest that total screen time aggregates heterogeneous behaviors that
may have opposite relationships with movement, which could mask associations at the individual level.
Therefore, screen time alone may not adequately capture movement-related behavioral patterns, and
complementary metrics reflecting how, when, and in what context the device is used may be more informative.
In contrast, smartphone unlock frequency was significantly associated with SB and LPA. Frequent checking
behavior may reflect repeated micro-interruptions that fragment habitual movement patterns and facilitate
transitions toward lower-intensity or sedentary states. This interpretation aligns with evidence showing that
smartphone use may induce cognitive—motor interference, affecting attention, gait performance, and movement
coordination during walking (Haga et al., 2015; Lee & Shin, 2024). Furthermore, unlock frequency has been
proposed as a behavioral marker of problematic smartphone use (Ryding & Kuss, 2020), supporting its relevance
as an indicator of habitual digital engagement.

Excessive smartphone use has also been linked to overweight and obesity (Andersen et al., 2024;
Brodersen et al., 2023), while SB has been associated with increased adiposity and cardiometabolic risk (Sjoros
et al., 2020). Although no direct associations emerged between smartphone metrics and anthropometric
indicators, abdominal obesity moderated the relationship between unlock frequency and SB, with the association
appearing significant only above a WtHR value of 0.505. While these findings should be interpreted cautiously
because of the modest sample size, they suggest that individuals with greater abdominal adiposity may be more
susceptible to the behavioral correlates of frequent smartphone checking. Therefore, these results should be
considered preliminary and hypothesis-generating.

Interestingly, no associations were observed between abdominal obesity and PA levels. The relatively
high baseline PA levels of this population may have attenuated these relationships. Previous evidence indicates
that MVPA may mitigate the adverse effects of SB (Ekelund et al., 2019; Koemel et al., 2025), and reduce
abdominal obesity independently of body mass changes (Ekelund et al., 2011). In addition, LPA has been
associated with lower cardiometabolic risk (Amagasa et al., 2018). Although LPA correlated with smartphone
unlock frequency, abdominal obesity did not moderate this relationship.

Several limitations should be acknowledged. First, the relatively small sample size and convenience
sampling from a single Physical Education program may limit the generalizability of the findings and increase
the risk of selection bias, particularly because all participants were physically active university students. Second,
the cross-sectional design prevents causal inference or determination of the directionality of the observed
associations. Although movement behaviors were objectively assessed using accelerometry, smartphone metrics
were extracted from device-based applications and manually recorded by participants, which may have
introduced measurement errors. Furthermore, these applications did not provide contextual information
regarding the timing or distribution of smartphone interactions throughout the day. Multiple correlation analyses
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were performed without correction for multiple comparisons, increasing the risk of type I error. Likewise, the
moderation analysis should be considered exploratory, as interaction models are particularly sensitive to limited
sample sizes and may yield unstable estimates. Future studies should include larger and more diverse samples,
longitudinal designs, automated passive logging of smartphone use, and appropriate adjustments for multiple
testing.

Conclusion

This study shows that, among physically active university students, smartphone unlock frequency is
more closely related to accelerometer-derived SB and LPA than total screen time. Importantly, meeting
international physical activity recommendations does not preclude the accumulation of substantial sedentary
time, highlighting the need to consider how individuals interact with their smartphones rather than focusing
exclusively on cumulative screen exposure.

These findings contribute to the field in several ways. First, they provide preliminary evidence
supporting the potential value of interaction-based digital behavior metrics for understanding lifestyle patterns
associated with health and suggest that research should move beyond screen time as the default indicator of
smartphone use. Second, they demonstrate the feasibility of combining built-in smartphone applications with
accelerometry in a simple and low-cost assessment protocol. Third, they extend this line of research to a
physically active university population, in which high levels of physical activity may coexist with substantial SB
and LPA.

From a practical perspective, unlock frequency is readily available through built-in features on most
smartphones and requires no additional monitoring equipment, making it a potentially feasible complementary
indicator for university health services, Physical Education programs, and health professionals. Health-
promotion strategies could address frequent smartphone checking by encouraging notification management,
device-free periods during study or leisure time, and brief standing or walking breaks associated with
smartphone use. Such approaches may be particularly relevant in Physical Education teacher training, where
students are preparing for professional roles related to the promotion of active lifestyles. Furthermore, the
exploratory finding that the association between unlock frequency and SB varied according to WtHR suggests
that individual cardiometabolic characteristics may be relevant when examining the relationship between digital
behavior and movement patterns.

Future longitudinal and experimental studies are needed to determine whether reducing smartphone
checking frequency leads to measurable reductions in sedentary time, to establish reference values for unlock
frequency in young adults, and to examine whether similar associations are observed in populations with
different physical activity levels. Further research should also clarify the potential relevance of these digital
behavior metrics for interventions aimed at reducing SB. Until these relationships are confirmed, the present
findings should be interpreted as preliminary evidence and as a first step toward integrating interaction-based
smartphone metrics into the assessment and promotion of active lifestyles.
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