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Abstract

Background: In today’s digital era, the internet plays a pervasive role in daily life, influencing everyday activities such as
communication, work, and leisure. This online engagement intertwines with offline experiences, shaping individuals’ overall
well-being. Despite its significance, existing research often falls short in capturing the relationship between internet use and
well-being, relying primarily on isolated studies and self-reported data. One major contributor to deteriorated well-being
is stress. While some research has examined the relationship between internet use and stress, both positive and negative
associations have been reported.

Objective: This study aimed to identify the associations between an individual’s internet use and their stress.

Methods: We conducted a 7-month longitudinal study. We combined fine-grained URL-level web browsing traces of 1490
German internet users with their sociodemographics and monthly measures of stress. Further, we developed a conceptual
framework that allows us to simultaneously explore different contextual dimensions, including how, where, when, and by
whom the internet is used. We applied linear mixed-effects models to examine these associations.

Results: Our analysis revealed several associations between internet use and stress, varying by context. Increased time spent
on social media, online shopping, and gaming platforms was associated with higher stress. For example, the time spent by
individuals on shopping-related internet use (aggregated over the 30 days before their stress was measured via questionnaires)
was positively associated with stress on both mobile (5=.04, 95% CI 0.00-0.08; P=.04) and desktop devices (5=.03, 95% CI
—-0.00 to 0.06; P=.09). In contrast, time spent on productivity or news websites was associated with lower stress. Specifically,
in the last 30 days of mobile usage, productivity-related use showed a negative association with stress (=—.03, 95% CI —-0.06
to —0.00; P=.04). In addition, in the last 2 days of data, news usage was negatively associated with stress on both mobile
(B=-.54,95% CI —1.08 to 0.00; P=.048) and desktop devices (f=—.50, 95% CI-0.90 to —0.11; P=.01). Further analysis showed
that total time spent online (5=.01, 95% CI 0.00-0.02; P<.001), social-media usage (8=.02, 95% CI 0.00-0.03; P=.02), and
gaming usage ($=.01, 95% CI 0.00-0.02; P=.02) were all positively associated with stress in high-stress Perceived Stress Scale
(PSS>26) individuals on mobile devices.

Conclusions: The findings indicate that internet use is associated with stress, and these associations differ across various
usage contexts. In the future, the behavioral markers we identified can pave the way for designing individualized tools for
people to self-monitor and self-moderate their online behaviors to enhance their well-being, reducing the burden on already
overburdened mental health services.
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Introduction

Stress is an unavoidable part of human life, arising from
the demands and challenges we face daily. It is a signifi-
cant factor in health issues such as cardiovascular disease,
weakened immune function, and mental health challenges
[1,2]. The internet, now an integral part of modern life,
has sparked debates about its impact on stress levels and
psychological well-being [3/4], as well as whether this
influence is predominantly positive or negative. As our
online and offline lives become increasingly interconnected,
understanding the relationship between internet use and stress
has gained considerable attention.

While the internet offers numerous advantages, such
as enhanced connectivity and easy access to information,
excessive or problematic use has been linked to various
stress-related factors [3,5,6]. For example, heavy internet use
has been associated with higher levels of anxiety [5], while
the amount of time spent online has been linked to sleep
loss and withdrawal [6]. On the other hand, past research
suggests that not all forms of internet use are detrimental;
certain online activities have been associated with reduced
stress and improved psychological well-being [7-9].

Despite the internet’s widespread influence, research
on psychological well-being, including stress, has primar-
ily focused on offline activities, leaving a critical gap
in understanding how online behaviors impact stress and
well-being [10]. For instance, a comprehensive review of
99 commonly used psychological well-being scales identi-
fied 196 dimensions, yet none explicitly addressed online
activities or behaviors [10]. Moreover, studies on online
engagement have often faced limitations, including short
study durations, small sample sizes, and an over-reliance
on questionnaires to capture internet use patterns. These
approaches can introduce biases and fail to provide a
complete picture of the connection between online and offline
experiences [11,12].

In this paper, we first review previous research on the
association between internet use and stress and examine the
methodologies used in these studies. We then outline our
longitudinal multimodal study design, which integrates actual
internet usage data with monthly questionnaires to measure
stress, and discuss our study’s potential impact.

Conflicting Findings on Associations
Between Stress and Internet Use

The relationship between internet use and stress is com-
plex, with previous research showing contrasting associations
depending on the type and context of digital engagement, as
well as individual characteristics. High levels of internet and
smartphone use have been linked to increased stress [13,14],
often due to digital overload (ie, the cognitive strain caused
by constant notifications and an endless stream of informa-
tion) [15,16]. In contrast, internet use through computers has
been associated with less burnout compared to smartphone
use [17]. However, these associations are not consistent. For
instance, age influences the impact of digital multitasking:
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younger users report higher stress than older adults when
handling multiple digital tasks, yet they appear less affec-
ted by communication overload [15]. Experimental evidence
shows that multitasking increases perceived stress levels in
both younger and older adults, with no significant differences
between the age groups [18]. Other studies have shown no
association [19] or even a negative association between time
spent online and stress, particularly in young adults [20].

Moreover, the type of online activity plays a crucial
role in stress outcomes. Social networking and entertainment-
related use have been associated with higher stress levels,
while internet use for work-related tasks has been linked to
greater life satisfaction in the middle-aged population [21].
Research also indicates that communication overload from
emails and messages is positively associated with perceived
stress in the age group of 50-85 years [15]. Studies on social
media show similarly nuanced findings. While Pew Research
found no association between social media use and stress in
men, a negative association was observed in women [22]. A
large-scale study also showed slightly higher perceived stress
among high social media users than nonusers [23]. Other
digital behaviors, such as problematic news consumption [24]
and adult content addiction [25], have also been linked to
heightened stress and emotional distress. Similarly, concerns
such as cyberbullying, online harassment [26], work-life
boundary erosion [27], and data privacy issues [28] have
been widely documented as stress-inducing. Further studies
have found positive associations between stress and various
digital behaviors, such as online shopping addiction in young
people [29], negative information seeking [30], interpersonal
communication in older adults [7], misinformation sharing
[31], and excessive gaming in adolescents [32,33].

Conversely, the internet can also act as a buffer against
stress [20], offering access to supportive communities [9],
relaxation tools, and leisure activities [7]. Online entertain-
ment and social interaction, in particular, have been shown
to reduce stress and enhance well-being among older adults
[7,8,34]. In addition, internet use has been recognized as a
coping mechanism. Several online activities, including social
media [35], entertainment [36,37], shopping [38], and gaming
[35,39], have been identified in previous studies as strategies
for managing stress.

User Characteristics Shape the
Relationship Between Online Activity and
Stress

Studies show that age, gender, income, and baseline stress
levels influence how online activities relate to stress [15,18,
22]. Social media use has been negatively associated with
stress among females [22], though females overall report
higher stress than males [40,41]. Older adults tend to report
lower stress than younger groups but experience stronger
associations between communication load, frequent messag-
ing, and stress [42,43]. Higher income is generally linked to
lower stress levels [44], though findings differ by context—
for instance, higher income was associated with fewer mental
health issues in Germany but with more issues in China
[45]. Social media use has also been linked to slower

J Med Internet Res 2026 | vol. 28 178775 | p. 2
(page number not for citation purposes)


https://www.jmir.org/2026/1/e78775

JOURNAL OF MEDICAL INTERNET RESEARCH

recovery from real-world stressors, suggesting possible stress
maintenance in already stressed individuals [46].

Methods for Identifying Connections
Between Internet Use and Stress

Past research on internet use and stress has used various
methodologies. Many studies rely on cross-sectional designs
and self-reported surveys [7,15,16,21,24,32]. These studies
often focus on specific populations, such as university or
medical students [13,14]. Some have used larger samples [23,
24 32] but still rely on questionnaires to capture internet use.
A smaller number of experimental studies are available [30,
46], and some have adopted alternative approaches, such as
analyzing social media data to infer psychological states [31].
Studies using actual web browsing data [20,47] are limited
and tend to capture general metrics, such as total time spent
online [20], and are based on relatively small samples (92 and
107 participants), indicating how difficult it is to conduct such
studies.

Contributions and Impact of Our Study

Previous research on the relationship between internet use
and stress has shown mixed findings, revealing both negative
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and positive associations depending on the type of internet
activity. However, much of this evidence remains fragmen-
ted, as previous studies have largely relied on self-reported
internet use data (which often lacks granularity) and have
focused on limited aspects of internet use.

To address these limitations and to provide a more
comprehensive understanding of how internet use relates
to stress, we conducted a longitudinal multimodal study
involving 1490 internet users in Germany over 7 months. Our
study integrates fine-grained, passively collected web trace
data from both desktop and mobile devices with partici-
pants’ monthly responses to a validated stress scale (refer to
Figure 1). Using objective behavioral data, we move beyond
subjective self-reports and introduce a data-driven framework
for revealing long-term usage patterns and identifying digital
markers of stress.

Figure 1. Overview of the study design and contextual dimensions. The top panel shows our longitudinal study design combining desktop and mobile
web-trace data with monthly stress questionnaires. The middle panel depicts the internet use and well-being features extracted from web browsing
traces and monthly questionnaires. The bottom panel shows the contextual dimensions we consider for examining associations between internet use

and stress.
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Building on existing research, we further identify 4 key
dimensions that shape the relationship between digital
behavior and stress:

1. How: the type and pattern of internet behaviors —
such as usage volume [14,48], temporal rhythms [49],
and content categories (eg, social media, productivity,
entertainment, or shopping) —may influence stress in
different ways [21,50-52].

2. Where: the device context plays a significant role.
Previous research suggests that desktop use is often
more goal-oriented and structured, whereas mobile use
tends to be more fragmented and reactive [53].

3. When: the timing of online behaviors in relation to
stress assessments is important, as short-term engage-
ment with digital content may have immediate effects
on stress responses [54,55].

4. By whom: individual differences—such as age, gender,
income, and baseline stress levels—can moderate the
impact of digital engagement on stress, with some
groups being more susceptible than others [40-44].

By adopting this multidimensional perspective, our study
seeks to bring coherence to the scattered evidence in existing
research and provide a more thorough understanding of
the link between digital behaviors and stress. In addition,
identifying behavioral markers of stress in internet use may
inform the design of future tools for real-time stress mon-
itoring, complementing traditional self-reported measures.
This approach contributes to a deeper understanding of
digital well-being and supports the development of targeted
interventions for healthier online behaviors.

Methods

In this section, we describe our study design, participants,
collected data, extracted features, and analysis models that
allowed us to overcome the challenges of previous work
described in the “Contributions and Impact of Our Study”
section.

Study Design

We conducted a longitudinal multimodal study over 7 months
that combined passively collected fine-grained web brows-
ing traces with repeated monthly online questionnaires (as
provided in Figure 1). The web browsing traces for desktop
users included URL-level traces, while for mobile users,
both URL-level and application-level traces were included
(throughout the paper, we will use “app” to mean mobile
app). We measured the perceived stress of our panelists using
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the validated Perceived Stress Scale (PSS)-10 in 6 monthly
waves. In the first wave, we also collected the sociodemo-
graphic characteristics of the panelists, including age, gender,
and income.

Participants

The study was conducted on a sample of German internet
users, recruited through a General Data Protection Regu-
lation—compliant panel company (Bilendi GmbH), which
provided access to participants who had already installed
tracking software on their devices to capture their internet
use. The company also managed survey coding and distribu-
tion, sending email notifications to relevant participants each
time a survey was launched. Participation was voluntary;
panelists were informed about the study and chose to take
part. Compensation ranged from €1-€3 (US $1.10-US $3.30)
US $3.30) per month, depending on the number of devices
tracked, plus an additional amount based on the company’s
standard rate (€6/h or US $6.60/h) for each survey comple-
tion. All currency values in this study are reported in euros.
The exchange rate at the time of the study was €1=US $1.10.
All panelists from the company were invited via email for
the first wave of questionnaires, yielding 1490 completed
responses. In the subsequent 5 waves, which were approxi-
mately 1 month apart, all these 1490 respondents were invited
via email to participate in each wave. Across all waves, the
average range between the earliest and latest survey comple-
tion dates was 15 days, and the average completion time for
the baseline survey was about 37 minutes (90% CI 32.7-42.3),
while for the remaining 5 waves, it was approximately 19.6
minutes (90% CI 17.8-21.5). Table 1 reports the number of
participants with completed responses for each wave that we
retained for further analysis. We excluded 1 panelist who
reported their gender as nonbinary and 52 panelists who
reported their income as “other,” because these categories
had too few respondents. The sample for Wave 1 is therefore
1437. We observe that about 23% of the panelists dropped out
by the sixth wave. In Table 1, we also depict the distribution
of the panelists across age, gender, and income for the 6
waves of questionnaires.

Next, we examined how closely our sample’s sociodemo-
graphic distributions match the German population margins
for gender, age, and income (provided in Table 2). We
observe that our sample’s gender distribution matches closely
with that of the German population (Destatis [56]). However,
for both age and income, the middle ranges are overrepresen-
ted in our sample, while the extremes are underrepresented.

Table 1. Descriptive characteristics of participants across 6 survey waves. The table presents the number of participants, gender distribution, age

groups, income categories, and mean perceived stress scores (with SDs) for each wave. Percentages are shown in parentheses for categorical

variables.
Wave 1 2 3 4 5 6
Participants (n) 1437 1314 1212 1198 1205 1107
Gender, n (%)

Male 738 (51.35) 688 (52.36) 639 (52.72) 635 (53.01) 628 (52.12) 593 (53.57)
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Wave 1 2 3 4 5 6
Female 699 (48.65) 626 (47.64) 573 (47.28) 563 (46.99) 577 (47.88) 514 (46.43)
Age group (years), n (%)
18-30 119 (8.28) 101 (7.67) 91 (7.51) 84 (7.01) 92 (7.63) 76 (6.67)
31-45 462 (32.15) 414 (31.51) 385 (31.77) 382 (31.89) 379 (31.45) 330 (29.81)
46-60 569 (39.60) 528 (40.18) 483 (39.85) 483 (40.32) 483 (40.08) 460 (41.55)
>60 287 (19.97) 271 (20.62) 253 (20.87) 249 (20.78) 251 (20.83) 241 (21.77)
Income (euros/month), n (%)
<1000 (Tier I) 126 (8.77) 119 (9.06) 116 (9.57) 110 (9.18) 103 (8.55) 94 (8.49)
1000-2000 (Tier II) 300 (20.88) 271 (20.62) 244 (20.13) 244 (20.37) 249 (20.66) 240 (21.68)
2001-3000 (Tier III) 364 (25.33) 339 (25.80) 319 (26.32) 310 (25.88) 309 (25.64) 281 (25.38)
3001-4000 (Tier IV) 294 (20.46) 271 (20.62) 243 (20.05) 245 (20.45) 251 (20.83) 229 (20.69)
>4000 (Tier V) 353 (24.57) 314 (23.90) 290 (23.93) 289 (24.12) 293 (24.32) 263 (23.76)
Perceived Stress Score, mean (SD)  16.19 (7.19) 15.83 (7.43) 15.76 (7.56) 15.65 (7.41) 15.54 (7.50) 14.89 (7.58)

Table 2. Distribution of the adult population in Germany (2023) by gender, age group, and monthly income level.

Category Adult population, n (%)
Sex
Male 41.2 (48.8)
Female 423 (51.2)
Age group (years)
18-30 142 (17)
31-45 19.2 (23)
46-60 21.7 (26)
>60 28.4 (34)
Monthly income level (euros)
<€1250 (<US $1375) 21.1(25.3)
€1250-€2080 (US $1375-US $2288) 13.7(164)
€2080-€2920 (US $2288-US $3212) 12.4 (14.8)
€2920-€4170 (US $3212-US $4587) 13.6 (16.3)
>€4170 (>US $4587) 22.6(27.1)

Data Collection

The panelists of the panel company had already consented to
install tracking software on their desktops or mobile devices.
Some participants consented to install it on both devi-
ces. Through this tracking software, the company provi-
ded fine-grained traces of visited URLs and mobile apps,
including the time of visit and duration of each visit. During
the 7 months, we recorded 47,100,701 URL visits from both
desktop and mobile users, covering 236,955 unique web
domains. For mobile apps, we captured 13,553,645 app visits
across 13,476 unique apps.

Data Cleaning and Preprocessing

First, we removed the bottom 20% of panelists in each wave,
ranked by total time spent browsing, since they did not have
sufficient data to extract meaningful internet use patterns.
Second, we identified a group of panelists who appeared to
be “professional survey takers,” spending more than 25%
of their online time on survey domains. To focus on users
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with more typical internet use, we excluded these individuals
from the sample. Notably, applying the above time threshold
to their nonsurvey activities would have led to the removal
of more than 29% of these panelists. Finally, to ensure that
our internet use measures accurately capture user behavior,
we only included panelists for whom we could categorize
at least 80% of their web visits (refer to the “Data Enrich-
ment” section for details). Table 3 summarizes the number of
participants excluded at each step, resulting in a set of distinct
panelists across waves comprising 656 mobile users and
526 desktop users. Table 4 presents the sociodemographic
characteristics of the remaining users included in the analysis.
In the mobile data, the proportion of users aged 31-45 years
increased compared to the baseline questionnaire, as provided
in Table 3. In the desktop data, the proportion of males and
users aged 46-60 years increased, while the proportion of
users aged 31-45 years decreased relative to the baseline
questionnaire.
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Table 3. Overview of panelists with matched passive web data from desktop and mobile devices across 6 survey waves. The table shows the number
of users before and after data cleaning for both device types. The final row indicates the total number of distinct users retained in the cleaned dataset.

Survey wave Number of panelists Desktop users Desktop users (cleaned) Mobile users Mobile users (cleaned)
1 1437 981 359 907 519
2 1314 848 321 806 470
3 1212 762 284 728 426
4 1198 717 257 717 418
5 1205 714 265 697 399
6 1107 656 227 649 368
Total distinct users —a — 526 — 656
2Not applicable.

Table 4. Sociodemographic characteristics of users included in the analysis after data cleaning for both mobile and desktop datasets.

Characteristic Mobile (n=656) Desktop (n=526)
Gender, n (%)
Male 334 (50.91) 289 (54.94)
Female 322 (49.09) 237 (45.06)
Age group (years), n (%)
18-30 53 (8.08) 38(7.22)
31-45 246 (37.5) 137 (26.05)
46-60 247 (37.65) 232 (44.11)
>60 110 (16.77) 119 (22.62)
Income (euros/month), n (%)
<1000 (Tier I) 60 (9.15) 59 (11.22)
1000-2000 (Tier II) 129 (19.66) 121 (23)
2001-3000 (Tier III) 166 (25.30) 128 (24.33)
3001-4000 (Tier IV) 137 (20.88) 87 (16.54)
>4000 (Tier V) 164 (25) 131 (24.9)
Data Enrichment mail.google.com was classified as “productivity.” Table

5 provides the complete list of semantic categories we
considered, along with some examples. Two researchers from
our team first independently annotated the categories for all
domains and apps that constituted around 85% of web visits
made by our panelists. Later, disagreements were resolved
collaboratively. We observed a substantial interannotator
agreement with a Cohen x agreement [57] score of 0.7, based
on annotations for a random subset of 200 domains. Follow-
ing this process, we classified 3777 domains and 989 apps
into semantic categories, capturing 85% of visits from mobile
devices and 84% from desktops.

To understand “how” the panelists are using the internet, we
categorized their online visits into semantic categories. The
goal was to group domains, subdomains, and apps based
on their primary function into categories such as “social
media” (eg, facebook.com [Meta Platforms, Inc] and TikTok
app [ByteDance]) and “productivity” (eg, Gmail [Google
LLC] and calendar.google.com [Google LLC]). We derived
the set of categories (provided in Table 5) by combining
categories used by app stores and web domain classification
services such as Webshrinker.com. For platform domains
such as google.com, we also categorized their subdomains.
For instance, google.com was categorized as “search,” while

Table 5. Categorization of web domains and mobile apps based on semantic usage type. The table lists representative examples of domains and apps
across various categories, grouped separately for desktop web domains and mobile apps.

Category Example of domains, subdomains, and apps in the category

Domains

Entertainment youtube.com, twitch.tv, disneyplus.com, and netflix.com
Shopping amazon.de, ebay.de, kleinanzeigen.de, and temu.com
Social media facebook.com, twitter.com, and instagram.com
Messaging whatsapp.com, knuddels.de, and fdating.com
Productivity mail.google.com, outlook.live.com, navigator.web.de, and docs.google.com
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Category Example of domains, subdomains, and apps in the category
Games gameduell.de, anocris.com, forgeofempires.com, and spielaffe.de
Adult pornhub.com, xvideos.com, xnxx.com, and romeo.com
News bild.de, focus.de, welt.de, and wunderweib.de

Apps

Entertainment

YouTube (Google LLC), Netflix (Netflix, Inc), and Spotify Music (Spotify Technology)

Shopping Amazon Shopping (Amazon.com, Inc), eBay (eBay, Inc), Vinted.fr (Vinted Group), and Lidl Plus (Schwarz Group)

Social media Facebook (Meta Platforms, Inc), Instagram (Meta Platforms, Inc), and Twitter (X Corp), TikTok — Make Your Day
(ByteDance)

Messaging WhatsApp (Meta Platforms, Inc), Facebook Messenger (Meta Platforms, Inc), and Telegram (Telegram FZ-LLC)

Productivity Gmail (Google LLC), GMX Mail (Global Mail eXchange), WEB.DE Mail (United Internet Group), and Google
Calendar (Google LLC)

Games Candy Crush Saga (King), Coin Master (Moon Active), Royal Match (Dream Games), and Pokémon GO (Niantic)

News n-tv Nachrichten (RTL Group), kicker online (Olympia -Verlag GmbH), AOL — News (AOL Media LLC), and BILD:
Immer aktuell informiert (Axel Springer SE)

Measures provided in Table 6. We captured overall web activity at

As described in the “Study Design” section, we combined
repeated monthly stress questionnaires with web brows-
ing data. Perceived stress was measured through PSS-10
questionnaire responses, and internet use features were
derived from passively collected web traces. For each panelist
in each survey wave, we calculated internet usage features
based on their activity during the period “T” preceding the
stress measurement (ie, the time of questionnaire response).
To address the question of “when” the internet is used, we
extracted features for either 30 or 2 days to examine both
long-term and short-term effects. The resulting measures were
then used to examine the associations between internet use
and stress.

Measures From Web Traces

To measure “how” individuals use the internet, we created
features that span from coarse- to fine-grained measures, as

the coarse-grained level, such as total time spent online. We
also accounted for the time of the day when panelists were
browsing the web by including the difference between the
time spent online during daytime (6 AM-6 PM) and nighttime
(6 PM-6 AM) hours. At a finer granularity, we analyzed how
panelists distributed their time across online activities such
as social media, entertainment, and news. For each survey
wave, if a participant completed the survey on a given date
(eg, July 31), we summed their time spent on each activity
over the period (T=30 or 2 days; eg, July 1-30 or July 29-30)
preceding the day of completing the survey. For instance,
time spent on news represents the aggregated time on news
domains (desktop) and news domains and apps (mobile)
during that period. Each participant had up to 6 time points, 1
per wave.

Table 6. Features and their descriptions. Time spent online is measured in hours in the period T (30 days or 2 days) before the measurement of stress.

These features are computed for online activity on each device (desktop or mobile) separately.

Features Description

Coarse-grained

* Total time spent online

* Daytime nighttime difference
Fine-grained

¢ Time spent on entertainment

* Time spent on social media

* Time spent on messaging

* Time spent on news

* Time spent on adult content

* Time spent on games

* Time spent on shopping

¢ Time spent on productivity
Control variables

¢ Gender

o Age

¢ Income

Total time spent online in period T

Difference of time spent online during daytime (6 AM-6 PM) and nighttime hours (6 PM-6 AM)

Time spent on different semantic classes of online activities. For instance, time spent on entertainment
domains or apps such as YouTube.com or Amazon Prime is classified as entertainment use.

Sociodemographic characteristics of individuals and seasonality
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Features Description

* Survey wave

Measures From Questionnaires

We used the PSS-10 [58] in our monthly questionnaires to
measure the stress levels of our panelists. The PSS-10 is a
widely used, validated scale designed to assess how stressed
individuals feel. It captures aspects such as the unpredictabil-
ity of life, perceived control over situations, and general stress
levels over the past month. Participants rate their responses
on a scale from O (never) to 4 (very often), producing a
total score between 0 and 40 across the 10 items. Higher
scores indicate greater perceived stress, with scores typically
grouped into 3 levels: 0-13 (low stress), 14-26 (moderate
stress), and 27-40 (high stress) [59,60]. In addition, we
collected each participant’s self-reported sociodemographics,
including age, gender, and income, in the first wave of the
questionnaires.

Statistical Analysis

We used linear mixed-effects models (LMMs) [61] to
examine the relationship between internet use and stress.
We chose LMMs for analyzing data from our longitudi-
nal study since they account for repeated measurements of
individuals and incorporate fixed and random effects. Fixed
effects included internet use features provided in Table 6.
Random intercepts were added to account for individual-spe-
cific differences in baseline stress levels across participants.

We formally describe the models as follows. For an
individual i at questionnaire wave je {1,2...6}, we denote
Y;; as the variable of interest, X as the covariate, and the
intercept for the random effect as u;. Therefore, we consider
the following LMM:

Yij = Bo+ Bixiji + BoXijg + oo + BuXijn + Uj + €

where:
Y;j is the perceived stress level of the individual i
measured at the questionnaire wave j.
By is the fixed intercept.

By ---» B, are the fixed effect coefficients for each
covariate X;j,.

X;j=(total time spent online, x;j,=daytime-nighttime
difference, x;j3=time spent on entertainment ... X;j,
=survey wave), where X;;, corresponds to each feature
provided in Table 6.

u; is the random effect for individual i, capturing
individual-level variability.

€;j is the residual error term for the individual i at wave
J

We conducted model diagnostics to validate the assumptions
of LMMs, including checks for multicollinearity (Variance
Inflation Factor (VIF) <2.0). All statistical analyses were
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implemented using Python’s statsmodels package (version
0.14.1; Python Software Foundation) [62].

To understand whether the granularity of the extracted
features affects model performance and the associations
identified, we developed 2 models. The first model (Model
1) focused on coarse-grained measures of internet use such as
total time spent online and daytime-nighttime difference. The
second model (Model 2) extended the first model and also
incorporated finer-grained measures of internet use across
semantic classes. For Model 2, we dropped the total time
spent online feature to avoid multicollinearity.

Previous work has shown that both sociodemographics
[40-44] and seasonal variations [63,64] can significantly
influence individuals’ stress levels. Accordingly, we included
the sociodemographics and seasonality measures as control
variables for both models, as provided in Table 6.

Ethical Considerations

Our study was approved by Aalto University’s Research
Ethics Committee (approval ID D/894/03.04/2023). Data
collection was conducted via a General Data Protection
Regulation—compliant European company, and informed
consent was obtained from participants for both the surveys
and web-trace datasets, with the option to withdraw consent
at any time during or after the study. To protect participants’
privacy, we implemented strict data privacy measures. The
web dataset was anonymized by the panel company by
removing personal information such as email addresses and
usernames to prevent participant identification. In addition,
the dataset was stored and analyzed solely on the university’s
secure server, with access restricted to the research team. We
will make the anonymized data and code available to support
the open-source community and to spur further research at the
intersection of internet use and well-being.

Results

Overview

Our study examined various internet use behaviors associated
with stress, and in this section, we present our results across
4 key contextual dimensions (as outlined in the “Contri-
butions and Impact of Our Study” section). We first ana-
lyzed “how” internet-based features relate to stress. We then
explored the remaining dimensions: device-based differences
(where) by comparing desktop and mobile usage, temporal
patterns (when) using internet activity from the 2 days before
the survey, and individual differences (by whom) through
subgroup analyses based on age, gender, income, and baseline
stress levels.

Behavioral Patterns (How)

To understand how internet usage is associated with stress,
we ran LMMs on 2 sets of features, progressing from
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coarse-grained (amount and timing of usage) to fine-grained
(also including semantic category usage) measures. An
ANOVA test was conducted to determine whether the
more complex model explained significantly more variance
than the simpler model. The results showed no statistically
significant improvement when using the more complex
model, although the more complex model provided important
information on the nuanced relationship between internet use
and stress.

Analysis of 30-day mobile data (number of panel-
ists, N=656) and observations, n=2600), as provided in

Belal et al

Table 7, revealed that Model 2—which includes both
timing and semantic category usage—identified significant
associations with stress. Specifically, shopping-related usage
was positively associated with stress ($=.04,, 95% CI
0.00-0.08; P=.04), while productivity usage showed a
negative association (f=-.03, 95% CI —-0.06 to —0.00; P=.04).
In contrast, Model 1, which included only total usage and
timing, did not show any significant associations.

Table 7. Results from linear mixed-effects models for all participants, based on 30-day mobile data. Model 1 includes coarse-grained features, while

Model 2 incorporates fine-grained usage categories (described in the “Statistical Analysis” section). Estimates, Cls, and P values are reported for

each predictor. Statistically significant P values are in bold.

Predictors

Model 12, estimate (95% CI)

P value Model 2P, estimate (95% CI) P value

Intercept 20.77° (19.09-22.44)

Survey wave -0.104 (=0.19 to —0.02)

Gender 1.79€ (0.80-2.77)
Age -1.62°(-2.20 to —1.04)
Income —-1.11¢ (-1.50 to —0.73)

Total time spent online 0.00 (-0.00 t0 0.01)
-0.01 (-0.02 to —0.00)

Time spent on entertainment —

Daytime nighttime difference

Time spent on social media —
Time spent on messaging —
Time spent on games —
Time spent on shopping —

Time spent on productivity —
Time spent on news —

<001 20.69 (19.01-22.37) <001
01 —0.119 (=0.19 to -0.02) ol

<001 1.68 (0.68-2.68) <001
<001 ~1.57¢ (=2.16 to —0.99) <001
<001 ~1.08 (—1.47 to =0.69) <001
39 —e -
12 -0.01 (~0.02 to 0.00) 18
- 0.01 (~0.01 to 0.02) 37
— 0.00 (-0.01 to 0.02) 71

— 0.00 (=0.02 to 0.02) 70
— 0.00 (=0.00 to 0.01) 30
- 0.049 (0.00-0.08) 04
- -0.034 (-0.06 to —0.00) 04
- -0.03 (~0.09 t0 0.03) 33

802=11.67; T00=36.54pig; ICC=0.76; N=656;q; Observations=2600.
bo2=11.65; To=36.48pid; ICC=0.76; N=656,;q; Observations=2600.
€P<.001.

dp<.0s.

®Not applicable.

In addition, sociodemographic factors such as age, gender,
and income consistently predicted stress across both models.
Age (p=-1.57,95% CI -2.16 to —0.99; P<.001) and income
(p=-1.08, 95% CI —1.47 to —0.69; P<.001) were negatively
associated with stress, while women reported higher stress
levels (f=1.68,95% CI 0.68-2.68; P=.001).

Device Matters (Where)

To observe device differences, we analyzed 30-day desktop
data. For desktop data (N=526 and n=1713), the results

are shown in Table 8. Model 2, which incorporates seman-
tic and temporal features, showed a weaker positive associ-
ation between shopping usage and stress ($=.03, 95% CI
-0.0 to 0.06; P=.09). As observed with mobile data, the
simpler Model 1 did not reveal any significant associations
with internet usage features. Similarly, the sociodemographic
results were consistent with those observed in the mobile
data.

Table 8. Results from linear mixed-effects models for all participants, based on 30-day desktop data. Model 1 includes coarse-grained features, while

Model 2 incorporates fine-grained usage categories (described in the “Statistical Analysis” section). Estimates, Cls, and P values are reported for

each predictor. Statistically significant P values are in bold. Random effects, intraclass correlation coefficient (ICC), number of participants (N), and

total observations are also provided.

Predictors Model 12, estimate (95% CI) P value Model 2°, estimate (95% CI) P value
Intercept 20.62° (18.70-22.55) <.001 20.49°¢ (18.58-22.41) <.001
Survey wave -0.149 (-0.24 t0 -0.03) 009 -0.154 (=026 to —0.04) 006
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Predictors Model 12, estimate (95% CI) P value Model 2°, estimate (95% CI) P value
Gender 1.839 (0.66-3.00) 002 1.734 (0.55-2.90) 004
Age —1.72¢ (-2.41 to —-1.04) <.001 —1.74¢ (-2.43 to —1.05) <.001
Income —-0.94¢ (-1.38 to —0.51) <.001 —0.92¢ (-1.36 to —0.48) <.001
Total time spent online —-0.00 (-0.01 to 0.00) 40 —¢ —
Daytime nighttime difference 0.00 (-0.01 t0 0.01) 46 0.00 (-0.01 t0 0.01) 46
Time spent on entertainment — — —-0.00 (-0.01 t0 0.01) 64
Time spent on adult content — — -0.01 (—0.03 to 0.00) A1
Time spent on social media — — 0.00 (-0.02 to0 0.02) 94
Time spent on messaging — — 0.01 (-0.04 to 0.06) 61
Time spent on games — — 0.00 (-0.03 t0 0.03) 84
Time spent on shopping — — 0.03 (-0.00 to 0.06) 09
Time spent on productivity — — —0.00 (-0.03 t0 0.02) .86
Time spent on news — — —0.02 (-0.06 to 0.02) 28

802=11.10; T9u=40 .62pid; ICC=0.79; N:526pid; Observations=1713.
b62=11.09; 19p=40 TTpia; ICC=0.79; N=526,i4; Observations=1713.
P<.001

dp<01.

®Not available.

Time Period of Data (When)

To investigate the relationship between short-term versus
long-term internet usage patterns and stress, we analyzed
associations between various online activities performed on
mobile and desktop devices in 2 time periods—30 days and 2
days—and individual stress levels. We used the same features
and models as in our previous 30-day data analyses. Here,
we specifically focused on web activity recorded during the 2
days immediately preceding the PSS-10 survey.

For both mobile and desktop data (as provided in Tables
S1 and S2 in Multimedia Appendix 1), news usage showed
a negative association with stress (f=-54, 95% CI —1.08
to 0.00; P=.048) and (f=-.50, 95% CI —-0.90 to -0.11;
P=01), respectively, in Model 2. In addition, in desktop data,
messaging usage demonstrated a weak negative association
with stress (f=-.59, 95% CI —1.24 to 0.06; P=.07) in model 2.

Individual Differences (By Whom)

To explore how internet usage varies by individual charac-
teristics, we conducted subgroup analyses, running models
separately for categories such as gender (male and female) to
understand how associations differ based on these character-
istics. In the following subsections, we first examined the
relationship between internet use and stress based on baseline
stress levels by analyzing high-stress and low-stress groups.
We then explored differences by gender, age, and income
categories.

Stress Levels

We identified 2 groups of panelists from our data—high-
stress and low-stress—based on their reported PSS-10 scores
in the online questionnaires. Panelists who scored more than
26 in any wave they participated in were included in the
high-stress group, and panelists who scored below 14 in any
wave were included in the low-stress group.

https://www.jmir.org/2026/1/e78775

For the high-stress population (PSS-10 score > 26), several
notable results were observed (as provided in Tables S3-S6
in Multimedia Appendix 1). In the 30-day mobile data, time
spent (f=.01, 95% CI 0.0-0.02; P<.001) in Model 1, and
social media usage (f=.02, 95% CI 0.0-0.03; P=.02), and
gaming usage (f=.01, 95% CI 0.0-0.02; P=.02) in Model
2 were positively associated with stress. In the 2 days
of data, the daytime-nighttime difference showed a weak
positive association (f=.11, 95% CI -0.01 to 0.23, P=.08) in
Model 1. For desktop data, no significant variables, including
sociodemographics, were found to be associated with stress in
the high-stress subgroup.

In the low-stress population (PSS-10 score <14 in the
baseline survey), as provided in Tables S7-S10 in Multimedia
Appendix 1, adult-content usage was negatively associated
with stress in 30-day desktop data (f=-.02, 95% CI -0.04
to 0.0; P=.07). Similarly, for the low-stress group, in the 2
days data, time spent (f=—07, 95% CI -0.14 to 0.0; P=.04)
was significant for desktop, while gaming usage was weakly
significant for mobile data ($=.08, 95% CI -0.01 to 0.17;
P=.1).

When analyzing the 30-day data for all participants,
sociodemographic factors were strongly associated with stress
in both mobile and desktop settings. However, within the
high-stress group, income was the only sociodemographic
variable that remained significant in mobile data, showing a
negative association with stress in both the general population
(B=-1.08, 95% CI -1.47 to -0.69; P<.001) and the high-
stress subgroup (f=-.52, 95% CI -0.91 to —0.12; P=.01). In
contrast, gender and age—which were significant predictors
in the overall population—did not show statistical signifi-
cance in the highly stressed subgroup for either mobile or
desktop data.
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Gender Differences

Subgroup analysis by gender revealed distinct patterns in
feature significance for both desktop and mobile data. In the
30-day mobile data (as provided in Table S11 in Multime-
dia Appendix 1), shopping usage (p=.07, 95% CI 0.01-0.14;
P=.02) and productivity features (f=-.05, 95% CI -0.09 to
—0.01; P=.02) were significant only for male users (N=334
panelists and n=1334 observations) in Model 2. In contrast,
these features were not significant for female users (N=322
panelists and n=1266 observations) as provided in Table S12
in Multimedia Appendix 1. No features were significant for
males and females in the 30-day desktop data.

In the 2-day data (as provided in Tables S15-S16 in
Multimedia Appendix 1), news consumption was negatively
associated with stress for males in both desktop (f=—52,
95% CI -1.02 to —0.01; P=.04) and mobile (=-.58, 95%
CI -1.23 to 0.07; P=.08) data. For females, in mobile data,
daytime-nighttime difference (f=.10, 95% CI -0.0 to 0.21;
P=.06) and messaging (f=.23, CI —-0.02 to 0.48; P=.08) were
weakly positively associated.

Age Differences

Subgroup analysis by age revealed distinct patterns in
web-based associations. For the 30-day mobile data (as
provided in Tables S19-S22 in Multimedia Appendix 1),
shopping was positively associated with stress in age groups
of 18-30 years ($=.12, 95% CI -0.02 to 0.25; P=.09) and
older than 60 years (f=.01, 95% CI 0.02-0.19; P=.02). In
the age group of 30-45 years, weak positive associations
were found for entertainment ($=.02, 95% CI —-0.00 to 0.04;
P=.08) and messaging (=.03, 95% CI —0.00 to 0.06; P=.07),
whereas productivity was negatively associated (f=—08,95%
CI -0.14 to -0.02; P=.007). In the older than 60 years
group, time spent (f=.01, 95% CI 0.00-0.03; P=.03) and
messaging (f=.05, CI —=0.00 to 0.09; P=.06) were positively
associated, while the daytime-nighttime difference ($=-.03,
95% CI -0.05 to —0.01; P=.01) and shopping (=.10, 95% CI
0.02-0.19; P=.02) were negatively associated.

In the 30-day desktop data (as provided in Tables S23-
S26 in Multimedia Appendix 1), adult content usage was
negatively associated in 18-30 years (B=—-.87, 95% CI —-1.77
to 0.03; P=.06) and older than 60 years (f=-.19, 95% CI
-0.38 to 0.00; P=.06) age groups. In addition, in the 18-
30 age group, the daytime-nighttime difference (f=.07, CI
—-0.00 to 0.14; P=.06) was positively associated, while news
usage (f=.026, CI -0.42 to —0.10; P=.002) was negatively
associated. Shopping was positively associated in the age
group of 45-60 years (f=.04, 95% CI —0.00 to 0.09; P=.06).

For the 2-day mobile data (as provided in Tables S27-S30
in Multimedia Appendix 1), news was negatively associ-
ated in both the 30-45 years (B=-1.01, 95% CI -2.22 to
0.19; P=.10) and 45-60 years (p=-.85, 95% CI -1.76 to
0.06; P=07) age groups. In addition, in the age group of
30-45 years, the daytime-nighttime difference (=.14, 95%
CI 0.02-0.25; P=.02) and entertainment usage (f=.22, 95%
CI 0.01-043; P=.04) were positively associated, whereas
shopping was negatively associated (f=-.54, 95% CI —1.08
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to —0.0; P=.05). In the older than 60 years of age group,
time spent on gaming (=26, 95% CI 0.01-0.50; P=.04) was
positively associated.

Similarly, for the 2-day desktop data (as provided in
Tables S31-S34 in Multimedia Appendix 1), messaging was
negatively associated in the 45-60 years age group (f=—.78,
95% CI —1.48 to —0.07; P=.03), but positively associated for
the older than 60 years age group (f=7.63, 95% CI 0.39-
14.87; P=.04). In the age group of 18-30 years, entertain-
ment (B=1.14, 95% CI —0.18 to 2.46; P=.09) was positively
associated, and social media (f=1.22, 95% CI 0.15-2.29;
P=.03) was positive for the 30-45 age group. In addition,
time spent (f=-.14, 95% CI 0.28-0.0; P=.06) and news
usage ($=.46, 95% CI —0.96 to 0.04; P=.07) were negatively
associated in the older than 60 years age group.

Income Differences

For the 30-day mobile data (as provided in Tables S35-S39 in
Multimedia Appendix 1), messaging (f=—.06, 95% CI -0.12
to —0.01; P=.03) was negatively associated with stress in
participants earning less than €1000 (US $ 1100) per month
(Tier I). In the €2001-€3000 (US $2201.10-US $3300)
income group (Tier II), productivity (f=-.05, 95% CI -0.10
to 0.0; P=.06) and news usage (f=-.10, 95% CI -0.20 to
0.01; P=.08) were both negatively associated. Time spent
(B=.01, CI 0.0-0.02; P=.02) and shopping ($=.08, 95% CI
0.01-0.16; P=.02) were positively associated with stress for
participants earning €3001-€4000 (US $3301.10-US $4400;
Tier IV). No other significant internet-based features were
observed for other income categories.

For the 30-day desktop data (as provided in Tables
S40-S44 in Multimedia Appendix 1), news usage was
positively associated with stress in Tier I income group
(p=28, 95 CI 0.05-0.50; P=.02), while productivity was
negatively associated (p=-07, 95% CI -0.13 to -0.01;
P=.03). For participants in Tier III income, news usage
(P=--13, 95% CI -0.25 to 0.0; P=.06) was negatively
associated. For participants in Tier IV income, shopping was
positively associated with stress (f=.08, 95% CI 0.02-0.15;
P=.02). For Tier V participants, social media use was
positively associated with stress (f=.06, 95% CI 0.01-0.12;
P=.03), while news use (f=-.16, 95% CI -0.25 to -0.07;
P<.001) and time spent were negatively associated (f=-.01,
95% CI -0.03 to 0.0; P=.03). No significant associations were
identified for other income categories.

For the 2-day mobile data (as provided in Tables S45-S49
in Multimedia Appendix 1), gaming (f=.21, 95% CI -0.02 to
0.43; P=.07) was positively associated in the Tier II income
group and negatively associated (f=-.19, 95% CI -0.37 to
0.0; P=.047) in the Tier V income group. News use was
negatively associated in the Tier III (B=—.75, 95% CI -1.58
to 0.09; P=.08) and Tier V (f=-.74, 95% CI —1.60 to 0.12;
P=.09) income groups. In addition, messaging (f=, 95% CI
0.14-0.82; P=.006) was positively associated in the Tier III
income group, and daytime-nighttime difference ($=.18, 95%
CI 0.0-0.36; P=.04) was positively associated in the Tier IV
income group.
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For the 2-day desktop data (as provided in Tables S50-
S54 in Multimedia Appendix 1), news usage was negatively
associated in the Tier III income group (B=-1.13, 95% CI
—2.33 to 0.06; P=.06) and the Tier V income group (f=—1.04,
95% CI —1.76 to —0.32; P=.005). In addition, in the Tier V
income group, productivity ($=.64,95% CI10.07-1.21; P=.03)
was positively associated with stress. In the Tier IV income
group, time spent ($=.23, 95% CI 0.04-0.42; P=.0192) and
daytime-nighttime difference (=23, 95% CI —-0.00 to 0.46;
P=.05) were positively associated.

Discussion

Principal Findings

Our results show that various internet usage behaviors are
associated with stress, both positively and negatively. These

Belal et al

associations differ across device type, time frame, and
sociodemographic groups. Figure 2 summarizes these patterns
and their variation across panelist subgroups. In the following
sections, we discuss the internet use features that have shown
positive (social media, entertainment, shopping, games, and
time of internet use), negative (adult content, productivity,
and news), and mixed (messaging and screen time) associa-
tions with stress.

Figure 2. Overview of significant internet usage behaviors across various contextual dimensions. The icons represent different internet use features.
The rows correspond to a combination of the time frame (30 days or 2 days) and device type (desktop or mobile), and the columns correspond
to factors pertaining to individual differences (stress levels, gender, age, and income). Red icons denote positive associations, blue icons indicate
negative associations, and empty cells show no significant internet features. The intensity of the color reflects the strength of the significance, with
lighter icons denoting weak significance (P=.05 to P<.10) and darker icons representing high significance (P<.05).
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Positive Associations

Social Media

People spend a substantial portion of their time online on
social media platforms [65]. In our dataset, social media

https://www .jmir.org/2026/1/e78775

accounted for approximately 23% of total usage in mobile
data and 15% in desktop data. Therefore, understanding social
media’s relationship with stress is increasingly important as
it continues to occupy a large share of individuals’ internet
activity.
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Previous research shows that social media can contribute
to stress, act as a resource, or function as a coping tool [50].
Factors such as fear of missing out [66], appearance-related
pressure [67], and communication overload [68] have been
linked to increased distress. At the same time, other studies
have highlighted its potential to buffer stress and offer social
support in specific contexts [22,35,69].

In our results, when significant, social media was
consistently positively associated with stress across subgroups
and device types. This association was significant for the
high-stress subgroup in the 30-day mobile data, the Tier I
income group in the 30-day desktop data, and the 30-45 age
group in the 2-day desktop data (Figure 2). Although we
cannot definitively determine whether social media contrib-
utes to or alleviates stress, these patterns suggest that it may
be used as a coping strategy for these groups.

Previous work has identified social media as a space
for various coping mechanisms [35]. Our findings in the
middle-aged group potentially reflect this pattern, aligning
with earlier research [70], possibly due to the support
accessed through these platforms. This is consistent with
studies linking social media use, particularly Facebook, to
support-seeking behavior [71].

Overall, our results highlight the role of social media
in shaping stress experiences. While our study, combin-
ing fine-grained web data with a longitudinal design and
contextual framework, strengthens this interpretation, further
research is needed to disentangle the causal directions of the
observed associations and social media’s role—whether as
stressor, resource, or coping tool.

Entertainment

According to a recent survey in Germany, people spend an
average of 203 minutes per day watching content online [65].
In our data, entertainment usage accounted for 9% of total
usage on mobile devices and 14% on desktop devices.

Previous studies have reported a positive correlation
between entertainment usage and stress [21,72-74]. Further,
activities such as watching content or listening to music
have also been identified as common coping strategies for
managing stress [36,37,75]. In our findings, entertainment
usage was positively associated with stress in both desktop
and mobile data. For mobile users, this association was
consistent across both the 30-day and 2-day periods for the
30-45 age group. In the 2-day desktop data, a weak positive
association was observed for the age group of 18-30 years.

These results suggest that entertainment usage (similar
to social media) may serve as a coping mechanism, espe-
cially among younger users in our data, compared with
older individuals. Previous research indicates that younger
individuals are more likely to engage in binge-watching as a
way to regulate emotions [36]. However, there is a lack of
detailed research on this association [74], and future studies
should further explore the types of content consumed and
their relationship to mental health.
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Online Shopping

Online shopping has grown substantially in recent years,
particularly with the rise of smartphones, which now account
for 80% of all retail visits [76]. Previous studies have linked
compulsive buying-shopping disorder to higher levels of
stress [29,38.,52,77-79]. At the same time, shopping has also
been identified as a way to relieve stress [80,81].

In our results, shopping was predominantly positively
associated with stress across mobile and desktop data, in
various time frames and subgroups (refer to Figure 2),
aligning with previous findings. A negative association was
observed only for the age group of 30-45 years in the 2-day
mobile data, suggesting that, for this group, shopping may
serve as a short-term stress reliever, or that individuals under
stress may avoid shopping. The latter behavior aligns with
previous research showing that, in middle-aged adults, stress
can lead to increased saving behavior [82].

This association was more pronounced in mobile data,
suggesting that people may use mobile phones to cope with
stress due to their easier accessibility. It was also consis-
tent across both mobile and desktop data for the Tier IV
income group, supporting earlier findings that higher-income
individuals may use shopping as a way to cope with stress
[38]. In the 30-day mobile data, this positive association was
observed among male participants but not among females.
Previous studies show that males are more likely to expe-
rience negative emotions related to shopping [83], while
some studies report no gender differences in online shopping
addiction tendencies [29].

These findings highlight how shopping has become
embedded in daily life and its potential influence on stress
levels. Future research should explore different types of
shopping (hedonic vs utilitarian) and their impact on mental
health. Another direction could be to examine the time
spent on shopping compared with actual purchases completed
after the payment process, and how these different shopping
behaviors are associated with stress levels.

Gaming

Gaming has become a widespread daily habit, with the global
market projected to reach US $522.46 billion by 2025 [84].
Previous research presents mixed findings: while gaming
has been positively linked to stress and lower psychosocial
well-being, with stress being a known precursor to pathologi-
cal gaming [32,33,85]. It has also been identified as a stress
reliever and coping mechanism [39,86-88].

In our results, gaming usage was positively associated with
stress in the 30-day mobile data for the high-stress subgroup.
In the 2-day mobile data, positive associations were observed
for the low-stress group, users aged older than 60 years, and
those in the Tier II income range. A negative association
was found for the Tier V income group. These findings
align with previous research suggesting that gaming may
intensify stress in already stressed individuals [89], whereas
older adults often use gaming as a way to relieve stress [90].
The contrasting patterns across income groups may reflect
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differences in usage intensity, as lower-income individuals
tend to engage more frequently in gaming than those with
higher incomes [91].

We did not find any significant associations in the desktop
data, which may be due to lower gaming activity on desktop
browsers compared with mobile apps—gaming accounted
for only 4.7% of desktop usage versus 16.8% in mobile
data. Future research should examine the type of gaming,
such as games that require active cognitive engagement (eg,
first-person shooter games) versus low cognitive requirement
arcade games, and how these different types of games relate
to stress.

Timing of Online Activity

Individuals tend to have preferences for the timing of
both online and offline activities throughout the day [92,
93]. Previous research has shown that increased nighttime
smartphone use is linked to higher perceived stress [49].
Nighttime use has also been associated with reduced sleep
duration [48,94] and poorer sleep quality [95,96], both of
which are shown to impact mental health negatively [97-99].

In our results, the daytime—nighttime difference feature
was mainly positively associated with perceived stress across
various groups. A negative association was observed only in
the age group of older than 60 years in the 30-day mobile
data. Positive associations were more common in the shorter
time frame, particularly in the 2-day mobile data, for groups
including high-stress individuals, females, those aged 30-45
years, and the Tier IV income group (refer to Figure 2).

Our results indicate that daytime internet use, compared
with nighttime use, is positively associated with stress,
contrasting with earlier studies that reported a stronger link
between nighttime use and stress in young adults [49].
Longitudinal research has shown that it is sleep loss due
to time spent online, rather than internet use itself, that is
associated with poorer mental health outcomes [6]. Internet
use patterns can also be influenced by individuals’ chrono-
types, which in turn will affect preferred active hours [100].
Moreover, future studies could investigate panelists’ bedtime
and examine postbedtime usage, as previous studies have
shown that postbedtime use—rather than nighttime use in
general —has the most harmful effects on sleep quality [95].
The negative association observed in the age group of older
than 60 years may suggest that older individuals are more
sensitive to late-night use and its link to stress. Further
research is needed to better understand how daily tempo-
ral patterns of internet use relate to stress, particularly by
considering users’ chronotype and bedtime.

Negative Associations
Adult Content

A recent study estimates that around 90 million people
may be affected by problematic adult content usage [101].
Research has shown that problematic adult content consump-
tion can impact mental health, including associations with
higher stress [102,103].
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In our results, however, adult content consumption
was negatively associated with stress levels. This negative
relationship was observed in the low-stress group (PSS score
< 14), and in the age groups of 18-30 years and older
than 60 years within the 30-day desktop data. Some studies
have reported no significant link between adult content use
and psychological health [104], while others suggest it is
often consumed as a form of leisure [105]. Our results may
suggest that adult content serves as a stress buffer for our
participants, as previous research has indicated stress and
stress relief as common motivations for its use [106,107].
Another possible explanation is that users with lower stress
levels might engage in this activity as a form of leisure
or a means to alleviate boredom [105]. Previous research
has identified boredom proneness and its positive association
with the frequency of pornography use [108]. However, the
positive associations observed in past studies were tied to
problematic adult content consumption or addiction. This
implies that while limited consumption may offer stress relief,
excessive use could have detrimental effects. Future research
should explore both the positive and negative impacts of adult
content consumption on mental health, particularly in relation
to the amount of consumption.

Productivity

Information and communication technology has become a
central part of daily work and study routines, particularly in
the 21st century. Most of the work we do on information
and communication technology devices is connected to the
internet, and their use for work and productivity has been
linked to improved workplace efficiency [109,110]. However,
the effects of internet use on psychological health and stress
are dual in nature. While it has been associated with increased
productivity, higher internet use for work-related tasks has
also been linked to higher stress levels [51,111-114]. Some
interventional studies report no significant effects [113],
while others suggest that using the internet for work and study
can have a positive impact on mental health [6].

In our results, increased use of productivity-related apps
and domains was generally associated with lower perceived
stress. In the 30-day mobile data, negative associations were
observed among all participants, as well as within the male
subgroup, the age group of 31-45 years, and the Tier III
income group. In the 30-day desktop data, a similar negative
association was found in the Tier I income group. A positive
association appeared only once —in the 2-day desktop data for
the Tier V income group.

Our findings suggest that stressed individuals may avoid
productivity-related tasks by shifting their focus to other
activities. This is supported by previous research showing a
positive relationship between perceived stress and avoidant
coping styles [115]. Previous research has reported a negative
relationship between work-related online tasks and stress
among middle-aged adults [21]. At the same time, communi-
cation overload from emails and messages has been linked
to higher perceived stress in adults aged 50-85 years [15]. In
our results, we found a similar negative association between
productivity-related use and stress in the age group of 31-45

J Med Internet Res 2026 | vol. 28 178775 | p. 14
(page number not for citation purposes)


https://www.jmir.org/2026/1/e78775

JOURNAL OF MEDICAL INTERNET RESEARCH

years, suggesting that increased productivity use may be
linked to lower stress in this group. However, no significant
association was observed in the older age group. For higher-
income groups, the observed positive association may reflect
greater work responsibilities that are more difficult to avoid,
contributing to increased stress.

Overall, our findings highlight the need for further
research into how productivity-related internet use influences
stress. As previous studies have shown, avoidance behaviors
can increase the risk of prolonged stress and other mental
health challenges [116]. Future studies should explore how
online interventions can effectively help users mitigate stress.

News

Informed citizens are a cornerstone of a well-functioning
democracy and good governance. However, recent studies
suggest that news, especially news with highly negative
content, can adversely affect mental health and increase stress
levels [24,117-119].

Our findings reveal a counterintuitive relationship between
news engagement and stress: participants who spent more
time-consuming news tended to report lower stress levels.
This association was more pronounced in the 2-day data for
both mobile and desktop users, and overall, it was stronger in
desktop data across both time periods. One possible explan-
ation is that individuals experiencing stress may avoid the
news altogether in the short term. Previous research supports
this, showing that people under stress often disengage from
news consumption [120-122]. Other studies have found no
significant link between news consumption and stress [123,
124], while some suggest that positive and soft news content
may improve mood [30] and well-being [125].

Since our news category includes a range of sources,
such as entertainment, sports, and politics, it is important to
consider how different types of news relate to stress in the
future. Future studies could examine the effects of specific
news genres, as well as the influence of low-quality news
sources and misinformation on mental health. Examining how
consistent exposure to different news categories, sources, and
misinformation influences stress responses over time could
provide insights into mental health risks and how media
consumption habits shape psychological well-being.

Mixed Associations

Messaging

In 2021, an estimated 3.09 billion mobile phone users
accessed the top messaging apps for communication, with
this number projected to reach 3.51 billion by 2025 [126].
The younger generation, in particular, remains connected
with friends and family through messaging apps such as
WhatsApp (Meta Platforms, Inc) and Telegram (Telegram
FZ-LLC). Research has shown that messaging apps can be
both positively associated with stress [7,127-130] and serve
as stress reducers [131-134].

In our results, messaging usage was mostly positively
associated with stress in mobile data. It was positively
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associated in the age groups of 30-45 years and older than
60 years and negatively associated in the Tier I income group
in the 30-day mobile data. In the 2-day mobile data, it was
positively associated with females and those in the Tier III
income group. In the 2-day desktop data, it was negatively
associated with all participants and the age group of 45-60
years, while it was positively associated with the age group of
older than 60 years.

The key finding is that messaging use was predominantly
positively associated with stress in mobile data and more
negatively associated in desktop data. Previous research
suggests that “checking behavior” (ie, brief and repeated
usage sessions) is more common in mobile use compared
to desktop devices [53], and perhaps this type of repeated
checking on mobile devices adds to the stress. We found
that in the age group of older than 60 years, messaging
was positively associated with stress in both mobile and
desktop data, which aligns with previous studies showing
that older individuals experience higher stress from interper-
sonal communication [7]. In the Tier I income group for
mobile data, messaging was negatively associated with stress.
Studies show that people in lower-income groups tend to send
more messages [135]. Previous research has also shown that
messaging can be an effective tool for reducing depression,
particularly among low-income individuals [136]. Finally,
in the 2-day mobile data, messaging was positively associ-
ated with stress in females but not males, reflecting previ-
ous research suggesting that frequent messaging is linked
to mental health symptoms (externalizing and inattention) in
females, but not in males [137].

Our results highlight how messaging can have a dual
impact on stress, depending on the device, time period,
and individual differences. Future work could examine how
messaging with friends and family, interactions with strangers
in chatrooms, and repeated checking behavior on mobile
devices relate to stress, loneliness, and overall well-being.

Screen Time

The internet plays a pervasive role in our daily lives, and
the amount of time we spend online may have a detrimental
impact on stress levels [48,138]. Research has shown that
smartphone addiction is significantly linked to higher stress
[139,140], and the amount of time spent online is positively
associated with stress [48] and other mental health issues
[141,142].

In our results, total time spent online was positively
associated with stress in the 30-day mobile data, aligning
with previous studies [48,139,140]. This association was
significant for the high-stress group, individuals older than 60
years, and those in income Tier IV. However, the relationship
was mainly negative in both the 2-day and 30-day desktop
data across different groups, with the exception of a positive
association for the Tier IV income group in the 2-day desktop
data, which mirrored the mobile data results.

Our findings suggest that increased time spent online
on mobile devices may amplify stress in different contexts.
For high-stress individuals, extended mobile phone usage is

J Med Internet Res 2026 | vol. 28 178775 | p. 15
(page number not for citation purposes)


https://www.jmir.org/2026/1/e78775

JOURNAL OF MEDICAL INTERNET RESEARCH

positively associated with stress, likely due to the constant
accessibility of smartphones, making it harder to disconnect
from them. Previous studies have also found that smart-
phone users tend to experience higher levels of digital
burnout compared to those using desktops or laptops [17].
In addition, older individuals in our study showed an increase
in stress with more time spent online, consistent with previous
research [141].

In contrast, desktop usage generally showed negative
associations with stress, which may be due to the differences
in accessibility of smartphones and desktop devices. Our data
show that time spent on desktop devices has higher variabil-
ity, as reflected by the higher SD (71.43 for desktop vs 66.86
for mobile) and coefficient of variation (desktop: 0.97, CI
0.93-1.02 vs mobile: 0.70, CI 0.67-0.73), compared to time
spent on mobile devices.

Future research should further investigate device differen-
ces and the role mobile devices play in predicting stress
levels.

User Characteristics and Stress

User characteristics such as gender, age, and income
influence both stress levels and their association with internet

Belal et al

use, as provided in Figure 3. In our results, female users
reported significantly higher stress than males across both
mobile and desktop data and for both the 30-day and 2-day
periods (refer to Figure 3). Age and income showed consis-
tent negative associations with stress across contexts. Similar
findings have been reported in earlier research on sociodemo-
graphics and stress [40-44]. Interestingly, in our analysis,
income was the only sociodemographic factor significantly
associated with stress in the high-stress group for mobile data,
while no other sociodemographic features were significant
across platforms or time frames. Previous research also
suggests that income, rather than age or gender, shows the
strongest association with stress [45]. This highlights the
need for further investigation into the role of income in
stress, as such insights can inform policies aimed at reducing
income-related health disparities. Future studies should also
incorporate measures to incorporate resilience of individuals
(trait stress measures) [143] and personality traits alongside
sociodemographics to better understand these associations.

Figure 3. Overview of significant sociodemographic associations across time frames (30 days vs 2 days) and device types (mobile vs desktop). Rows
distinguish model results between all participants and high-stress participants. Red icons indicate positive associations, blue icons indicate negative

associations, and empty cells denote no significant effects.
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Implications

Building on these findings, it is important to consider
the implications for various stakeholders, including digital
platform designers, health care professionals, and end-users.

For digital platform designers, these findings suggest
opportunities to promote healthier use patterns. Features such
as reminders to take breaks, tools to visualize usage hab-
its, and reduced notifications during evening/nights could
help users avoid stress-inducing behaviors. In addition,
adaptive designs that encourage daytime work engagement
over late-night use could be particularly effective. Finally,
different design considerations may be needed for mobile
versus desktop devices to encourage healthier internet use.

For health care professionals, understanding how digital
behaviors relate to stress could offer new ways to support
patients. For example, excessive gaming on mobile devi-
ces might indicate elevated stress. Health workers could
include questions about internet habits in assessments and
recommend tools that encourage healthier online behaviors.
Notably, the low cost and high availability of web data could
provide efficient tools to complement traditional monthly
surveys for monitoring stress, helping to alleviate the burden
on the already strained health care sector.

For individuals, these findings emphasize the importance
of timing and purpose in digital habits. Being mindful
of potentially stress-inducing activities, such as excessive
shopping or gaming, can foster a healthier balance. Tools
that track and suggest healthier patterns of internet use could
assist users in managing their habits.

Overall, the relationship between stress and internet use is
influenced by factors such as the type of activity, timing, and
individual circumstances. This suggests that small, intentional
changes in digital habits can help manage stress effectively.

Limitations

The panelists we collected data from are gig workers who
regularly participate in surveys, which may lead to behavioral
differences compared to the general population. To address
this issue, we used rigorous preprocessing steps, including
removing users who spent more than 25% of their time
on survey websites and excluding the bottom 20% of users
based on time spent. Moreover, browsing data from these
panels has been shown to prominently feature the most
visited domains in Germany [144]. Another limitation is that
users may change their online behavior when they are aware
of being tracked. However, previous work has demonstra-
ted that the privacy attitudes of web-tracked panelists are
comparable to those of nonweb-tracked panelists in Germany
[145], though they may vary across countries. These findings
support the reliability and suitability of the web-tracking
data for capturing individuals’ internet usage behavior. In
addition, due to budget constraints, all panelists were from
a single country, which may limit the generalizability of
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our findings because of cultural and behavioral differences.
Previous research has demonstrated differences in cultural,
social, and technological access contexts, variations in usage
patterns, and mental health prevalence across countries [146,
147]. Replicating this study in other countries or with a
larger and more diverse sample could help further improve
the generalizability and provide a broader cultural context.
Further, 23% of participants dropped out between the first
and final survey waves. To mitigate this attrition, we initially
used a larger sample and invited all panelists from the panel
company to participate in our baseline survey. Furthermore,
since our tracker only tracks browsing behavior through the
browser, we lack complete data on desktop usage through
desktop apps, which may limit our ability to fully capture
differences between mobile and desktop use. Finally, we used
a validated self-report measure to assess stress, as inviting
all participants to a lab setting was not feasible. Alternative
approaches, such as physiological or real-time assessments,
could provide more objective and detailed measures of stress.

Conclusion

Our study examines the relationship between internet use
and perceived stress through a novel contextual framework
that considers how, where, when, and by whom the internet
is used. The findings indicate that internet use is associ-
ated with stress, and these associations differ across various
usage contexts. Specifically, engagement with social media,
online shopping, entertainment, and gaming is positively
linked to higher stress levels. Notably, these activities have
been identified in previous research as common coping
mechanisms for stress, highlighting the need for future
studies to examine whether such coping strategies alleviate
stress or, possibly, exacerbate it over time. In contrast,
productivity-related activities, news consumption, and adult
content use are negatively associated with stress, suggest-
ing they may either function as stress buffers or indicate
avoidance behavior. Associations inferred from desktop data
across different contextual dimensions are weaker than those
inferred from mobile data, indicating that device type plays
an important role. In the short term, news consumption is
negatively associated with both mobile and desktop data. For
individuals already experiencing high stress, increased time
online on mobile phones—particularly on social media and
gaming—is correlated with higher stress levels. In addition,
sociodemographic factors, especially income, have signifi-
cant associations with stress. These findings have important
implications for the design of digital platforms, the devel-
opment of mental health interventions, and the formation
of healthier online habits. Future research should focus
more specifically on particular web-based behaviors, such
as news consumption and online shopping, and their effects
on psychological well-being. It should also aim to establish
causal links between internet use and stress and further
investigate the mechanisms underlying sociodemographic
differences in these associations.
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