
Original Paper

Social Media Use and Its Concurrent and Subsequent Relation
to a Biological Marker of Inflammation: Short-Term Longitudinal
Study

David Lee1, PhD; Tao Jiang2, PhD; Jennifer Crocker3, PhD; Baldwin Way3, PhD
1Department of Communication, University at Buffalo, The State University of New York, Buffalo, NY, United States
2Institute for Policy Research, Northwestern University, Evanston, IL, United States
3Department of Psychology, The Ohio State University, Columbus, OH, United States

Corresponding Author:
David Lee, PhD
Department of Communication
University at Buffalo, The State University of New York
327 Baldy Hall
Buffalo, NY, 14260
United States
Phone: 1 716 645 1167
Email: dslee9@buffalo.edu

Abstract

Background: Although many studies have examined the impact of social media use (SMU) on mental health, very few studies
have examined the association of SMU with health-relevant biomarkers.

Objective: Addressing this gap, we conducted a short-term longitudinal study examining the link between SMU and C-reactive
protein (CRP), a biological marker of systemic inflammation predictive of major depression, chronic diseases, and mortality.

Methods: We measured college students’ weekly amount of SMU for 5 consecutive weeks objectively via the Screen Time
app and collected blood samples at baseline and 5 weeks later.

Results: In separate cross-sectional analyses conducted at phase 1 (baseline) and at phase 2 (5 weeks after baseline), objective
SMU had a positive, concurrent association with CRP at both time points. Critically, in a longitudinal analysis, more SMU
between phase 1 and phase 2 predicted increased CRP between these time points, suggesting that increased SMU led to heightened
inflammation during that period.

Conclusions: Although more research is needed to understand why SMU led to higher inflammation, the association between
objective SMU and a marker of a biological process critical to physical health presents an intriguing opportunity for future research
on social media effects.

(J Med Internet Res 2023;25:e46309) doi: 10.2196/46309
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Introduction

Background
The past decade has witnessed a plethora of studies examining
the impact of social media use (SMU) on daily lives [1,2]. For
example, more than 80 meta-analyses and reviews have
examined the impact of SMU on psychological well-being and
mental health [3]. By comparison, however, much less work
has investigated the impact of SMU on health-relevant biology.
This is surprising given the importance of physical health and

the recent public dialog on the potentially harmful effects of
SMU [4]. The goal of this research is to begin addressing this
knowledge gap. Specifically, we examine how SMU is
associated with a biological process that influences physical
health, namely, systemic inflammation—a potent driver of
chronic illnesses such as cardiovascular diseases, type 2
diabetes, and multiple cancers [5].
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Physical Health Implications of Inflammation
Inflammation, a form of activation of the immune system, is a
key biological process that affects physical health [6]. While
acute, local inflammation promotes healing by facilitating the
elimination of viruses and pathogens, chronic, systemic, and
low-grade inflammation may have detrimental health
consequences by affecting many health-relevant systems in the
body [7], including the brain [8]. While multiple biomarkers in
the blood have been used to assess inflammation, one of the
most commonly used biomarkers is C-reactive protein (CRP).
Elevated CRP is associated with an increased risk of
cardiovascular disease [9] and can predict multiple forms of
cancer, including lung, breast, and prostate cancers [10]; type
2 diabetes [11]; and earlier mortality [12]. Thus, the broad health
consequences of inflammation suggest that it is an important
biological pathway that can influence physical health.

SMU and Inflammation
How might SMU influence inflammation? Several perspectives
suggest a potential link. One possibility is that SMU may
influence health-related behaviors. For instance, some studies
show that excessive SMU or screen time may undermine the
quality and quantity of sleep [13,14]. Poor quality or insufficient
amount of sleep is linked to higher inflammation [15,16].
Similarly, prolonged SMU may contribute to sedentary lifestyles
and physical inactivity [17,18], which can increase inflammation
levels [19,20]. This perspective is consistent with the
displacement hypothesis, which argues that SMU may have a
negative impact on individuals if the time spent using it
displaces health-promoting activities [21,22].

Another possibility is that SMU may increase stress, which can
elevate inflammation [5,23,24]. For example, scholars have
argued that hyperconnectivity—the permanent availability of
and connectivity to other people and various media contents on
social media—can heighten stress [14,25,26]. Moreover, on
social media, people may encounter information that can
contribute to stress. For example, people may be exposed to
offensive or hateful content and experience hate on the web
[27,28]. Other times, they may come across other people’s
achievements and positive news on social media [2]; constant
exposure to such information about others can trigger upward
social comparisons and feelings of envy [29]. Such experience
of stress, whether real or imagined, can trigger proinflammatory
responses [30].

Consistent with the above perspectives, recent cross-sectional
studies have provided initial evidence for the link between the
amount of SMU and inflammation. For example, in one of the
first studies on the relation between a biological marker of
inflammation and technology use, Afifi et al [23] discovered a
positive correlation between adolescent’s self-reported Facebook
use and salivary interleukin-6 (an inflammatory biomarker that
triggers CRP synthesis [31]). In another cross-sectional study,
college students’ self-reported SMU across 4 platforms (ie,
Snapchat, Instagram, Facebook, and Twitter) was positively
associated with CRP in the blood [32].

Although these initial studies begin to suggest an impact of
SMU on inflammation, they also have some limitations. First,

these studies measured the amount of SMU by asking
participants to retrospectively recall their amount of use over
several days, a methodological approach that has been shown
to provide imprecise estimates [33]. For instance, one study of
approximately 50,000 people found that various survey measures
of Facebook behavior correlated only moderately (0.23<r<0.42)
with people’s actual Facebook use [34]. Thus, it is unclear how
precisely the amount of SMU is associated with inflammation.
Second, these studies’ reliance on cross-sectional data limits
the ability to draw strong temporal or causal interpretations,
which has been noted as a “major weakness” in social media
research [3,35]. Thus, this research sought to address these
issues by measuring SMU objectively via the Screen Time app
and using a short-term longitudinal design. Specifically, we
tested the following hypotheses:

• H1: Higher SMU, measured objectively, will be associated
with higher levels of inflammation (CRP) concurrently.

• H2: Higher SMU, measured objectively, will be associated
with increased levels of inflammation (CRP) over time.

Methods

Participants and Procedure
Data collection for this study occurred between September 2021
and May 2022. We recruited 171 undergraduate students from
a large Midwestern university in the United States. This
longitudinal study consisted of 2 parts: a baseline laboratory
session (phase 1) and a follow-up laboratory session after
approximately 5 weeks (mean 38.69, SD 7.08 days; phase 2;
n=140). Between phase 1 and phase 2, participants were sent 4
weekly surveys that prompted them to report their weekly SMU
recorded by their iPhone’s iOS Screen Time app. Because the
Screen Time app was only offered on the iOS operating system,
our analyses were limited to 138 iPhone users for phase 1 (n=87,
63% female; n=48, 34.8% male; n=2, 1.4% others; n=1, 0.7%
unreported; age: mean 19.13, SD 2.67; range 18-44 years;
African American: n=16, 11.6%; Asian or Pacific Islander:
n=34, 24.6%; Hispanic or Latin American: n=8, 5.8%; White:
n=89, 64.5%; others: n=9, 6.5%) and 114 iPhone users for phase
2 (n=72, 63.2% female; n=40, 35.1% male; n=1, 0.9% other;
n=1, 0.9% unreported; age: mean 19.10, SD 2.86; range 18-44
years; African American: n=14, 12.3%; Asian or Pacific
Islander: n=23, 20.2%; Hispanic or Latin American: n=7, 6.1%;
White: n=76, 66.7%; others: n=8, 7%).

During phase 1, participants completed several background
questionnaires assessing factors such as sociodemographic
information, SMU, health behaviors, and other measures not
relevant to this investigation. Once participants completed the
questionnaires, a trained research assistant collected their blood
samples in a separate room. Participants could choose not to
provide their blood and continue the study without losing
compensation. In phase 1, a total of 14 (8.2%) out of 171
participants opted out of the blood sample collection procedure,
and another 4 (2.3%) participants provided insufficient amount
of blood to assay. Among these 18 participants, only 13
participants were removed from the total sample because the
other 5 participants had already been removed for being
non-iPhone users. Approximately 5 weeks after completing
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phase 1, participants returned to the laboratory for phase 2. We
decided on a 5-week window between phase 1 and phase 2
because CRP has been shown to vary over comparable time
periods [36-38]. Samples were collected throughout the day
due to a lack of diurnal variability in CRP [39,40]. Similar to
phase 1, in phase 2, participants completed various
questionnaires and provided blood samples for CRP. In phase
2, a total of 14 (10%) out of 140 participants opted out of the
blood collection procedure, and another 36 (25.7%) participants
did not provide their blood samples because their data collection
occurred when we had paused the collection of blood samples
due to an institutional review board related issue. Among these
50 participants, only 40 participants were removed from the
total sample because the other 10 participants had already been
removed for being non-iPhone users. Finally, an additional 10
participants from phase 1 and 8 participants from phase 2 were
removed from the analysis because they did not have the Screen
Time app enabled over the course of data collection and
therefore did not have reliable screen time information available.
Thus, the final sample available for analyses for this study
involved 115 participants for phase 1 and 66 participants for
phase 2.

Measures

Phases 1 and 2 CRP
CRP was assayed from dried blood spots following an
established protocol from prior work [41]. First, we swabbed
participants’ fingers with alcohol and pricked them with an
18-gauge needle (Unistick 3; Owen Mumford). The blood drops
were collected on a 903 Protein Saver Card (Whatman) and
kept for 24 hours to dry at room temperature. Next, we punched
the samples with a 3-mm punch and stored them in
microcentrifuge tubes at –80 °C. To assay for CRP, we thawed
a single 3-mm punch and added 200 µL of buffer (phosphate
buffered saline with 0.1% Tween 20; ThermoFisher Scientific)
overnight incubation at 4 °C while shaking at 60 rpm. We
diluted this eluate 1:10 and assayed CRP the following morning
using Vplex Plus kits (K151STG; Meso Scale Delivery). All
samples were successfully measured (ie, within the linear range
of the standard curve). The intraassay coefficient of variation
was 3.8%, while the interassay coefficient of variation was
11.04% (phase 1: mean 0.99, SD 1.75 mg/L and phase 2: mean
0.98, SD 1.48 mg/L).

SMU Measurement
Participants reported the amount of time they spent using each
of the 4 social media platforms (ie, Snapchat, Instagram, Twitter,
and Facebook) every week between the weeks of phase 1 and
phase 2 (across 5 weeks). At the phase 1 session, participants
were instructed on how to retrieve this information from the
iOS Screen Time app on their iPhone (see Multimedia Appendix
1 for details).

We measured SMU across 4 platforms for the following reasons.
First, at the time of our study design, Snapchat, Instagram,
Twitter, and Facebook were the most commonly used social
media platforms among college students [42]. Second, recent
work suggests collecting SMU across multiple platforms because
most people use multiple platforms in varying amounts [43].

Third, this approach is consistent with our prior work using
self-reported SMU [32].

To examine the cross-sectional (ie, concurrent) relations between
SMU and CRP, 2 separate predictors were created for SMU (ie,
phase 1 SMU and phase 2 SMU). For phase 1 SMU, we summed
participants’SMU across the 4 platforms during the week when
participants visited our laboratory initially to provide their blood
samples (mean 579.05, SD 436.70 min). More specifically, the
Screen Time app records SMU for the entire week from one
Sunday to the next Sunday. The blood samples were collected
on weekdays. To obtain overlap between the SMU measure and
the blood measure, we used the SMU value from the first SMU
survey sent to participants on the first Monday after the blood
draw, which actually reflects SMU over the week in which the
blood was sampled. For phase 2 SMU, because the phase 2
laboratory session marked the last day of study participation
for each participant, SMU data over the week in which the phase
2 blood was drawn were not available. Thus, we collected the
amount of SMU for the week preceding the week when
participants visited our laboratory the second time to provide
blood (mean 615.84, SD 395.87 min). Although this variable
does not precisely overlap with phase 2 CRP measurement, on
average, phase 2 SMU preceded phase 2 CRP by 2.9 (SD 1.46)
days.

Finally, to examine the potential longitudinal impact of SMU
on CRP, we created another predictor by computing the weekly
average of the total amount of time spent on social media from
phase 1 to phase 2, which spanned 5 weeks (mean 587.58, SD
387.04 min). This variable (ie, phase 1 to 2 SMU) allowed us
to test whether SMU from phase 1 to phase 2 predicted changes
in CRP between phase 1 and phase 2.

Covariates
Consistent with recent recommendations [44] and prior work
[32], we controlled for additional variables that can influence
inflammation. Specifically, sociodemographic covariates were
included (ie, sex, age, household income, and the highest level
of education completed by mother and father; 1=some high
school and 5=graduate school). We also controlled for
health-related behaviors such as BMI, cigarette smoking (ie,
number of days participants smoked cigarettes in the past 30
days; 1=0 day, 2=1 or 2 days, 3=3 to 5 days...7=20 to 29 days,
and 8=all 30 days), frequency of alcohol consumption (1=never,
2=several times a year, 3=monthly, 4=2-4 times a month, 5=2-3
times a week, and 6=4 or more times a week), and amount of
time spent sitting in the past month (1=none, 2=a little, 3=a
moderate amount, 4=a lot, and 5=a great deal). Additional
covariates included depressive symptoms (Center for
Epidemiological Studies Depression Scale [45]) and the use of
birth control pills (0=no and 1=yes; n=42) because they can
influence inflammation [44].

Ethical Considerations
The institutional review board at the Ohio State University
(protocol 2018H0452) approved this study. Informed consent
was obtained from all participants. Data from this study were
deidentified prior to analyses. Participants received partial
course credit as compensation.
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Results

Data Cleaning and Exclusions
Consistent with conventional approaches of analyzing CRP, 1
participant whose CRP value was greater than 10 µg/mL was

removed from analyses because such values are likely to indicate
an acute infection rather than heightened inflammation due to
psychosocial factors such as SMU [46]. Including this
participant in the analyses did not change any results
substantively. Table 1 includes zero-order correlations for all
key variables.
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Table 1. Zero-order correlations among key variables.

Depressive symptomsBMIAgeSexfCRP (P2)eCRP (P1)dAvg SMU (P1-P2)cSMU (P2)bSMU (P1)aVariables

SMU (P1)

–0.01–0.07–0.190.140.360.230.910.75—gr

.95.51.06.17.005.02<.001<.001—P value

1041041031035910410490104nh

SMU (P2)

–0.14–0.01–0.190.080.370.250.88—0.75r

.19.90.07.44.004.02<.001—<.001P value

919291916192929290n

Avg SMU (P1-P2)

–0.01–0.01–0.200.180.370.21—0.880.91r

.99.90.04.07.003.03—<.001<.001P value

1071091081086110910992104n

CRP (P1)

0.110.370.020.100.77—0.210.250.23r

.27<.001.87.30<.001—.03.02.02P value

1081131131136211410992104n

CRP (P2)

–0.010.350.020.27—0.770.370.370.36r

.96.005.88.03—<.001.003.004.005P value

616261616262616159n

Sex

0.15–0.05–0.08—0.270.100.180.080.14r

.14.61.41—.03.30.07.44.17P value

107112113616111310891103n

Age

–0.050.03—–0.080.020.02–0.20–0.19–0.19r

.63.75—.41.88.87.04.07.06P value

1071121131136111310891103n

BMI

0.04—0.03–0.050.350.37–0.01–0.01–0.07r

.69—.75.61.005<.001.90.90.51P value

1081131121126211310992104n

Depressive symptoms

—0.04–0.050.15–0.010.11–0.01–0.14–0.01r

—.69.63.14.96.27.99.19.95P value

1081081071076110810791104n

aSMU (P1): social media use at phase 1.
bSMU (P2): social media use at phase 2.
cAvg SMU (P1-P2): average weekly social media use from phase 1 to phase 2.
dCRP (P1): logged C-reactive protein at phase 1.
eCRP (P2): logged C-reactive protein at phase 2.
fSex: coded with 1 (male) and 2 (female).
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gNot available.
hn values vary due to missing values.

Testing H1: Is SMU Positively Associated With CRP
Concurrently?
We conducted 2 sets of multiple regression analyses to test the
cross-sectional relations between SMU and CRP (phases 1 and
2). Consistent with the approach taken in our prior work on
SMU and CRP [32], the models sequentially controlled for an
increasing number of covariates to provide details on how the
association between SMU and CRP is influenced by the
covariates: (1) sociodemographic factors, (2) health-related
behaviors, (3) depressive symptoms, and (4) the use of birth
control. Consistent with our hypothesis, SMU at phase 1 was

positively associated with CRP levels at phase 1 in model 1
(β=.25; P=.02), model 2 (β=.22; P=.02), model 3 (β=.23;
P=.03), and model 4 (β=.24; P=.01). Similarly, SMU at phase
2 was positively associated with CRP levels at phase 2 in model
1 (β=.36; P=.01), model 2 (β=.41; P=.005), model 3 (β=.39;
P=.007), and model 4 (β=.37; P=.01). Thus, H1 was supported.
The results of these analyses are summarized in Tables 2 and
3, where we report unstandardized coefficients to supplement
the standardized coefficients reported here in the text. Figure 1
depicts scatterplots of the correlation between SMU and CRP
at phase 1 (left panel) as well as the correlation between SMU
and CRP at phase 2 (right panel) without any covariates.
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Table 2. Coefficients from linear regression models predicting C-reactive protein at phase 1 (n=102 due to missing values).

Model 4Model 3Model 2Model 1Predictor

P valuet test
(df)

SEβP valuet test
(df)

SEβP valuet test
(df)

SEβP valuet test
(df)

SEβa

.84–0.20
(90)

0.12–.02.111.61
(91)

0.11.17.101.66
(92)

0.11.18.271.11
(96)

0.11.12Sexb

.340.95
(90)

0.02.02.171.37
(91)

0.02.02.221.23
(92)

0.02.02.261.13
(96)

0.02.02Age

.75–0.32
(90)

0.06–.02.860.18
(91)

0.06.01.97–0.04
(92)

0.06–.01.33–0.99
(96)

0.06–.06Edu (M)c

.380.88
(90)

0.04.04.700.38
(91)

0.05.02.690.41
(92)

0.05.02.420.81
(96)

0.05.04Edu (F)d

.390.86
(90)

0.02.02.181.35
(91)

0.02.03.181.36
(92)

0.02.03.211.27
(96)

0.02.03Incomee

<.0014.73
(90)

0.01.05<.0014.63
(91)

0.01.05<.0014.67
(92)

0.01.05N/AN/AN/AN/AfBMI

.57–0.57
(90)

0.04–.02.47–0.73
(91)

0.04–.03.45–0.75
(92)

0.04–.03N/AN/AN/AN/ASmokingg

.151.44
(90)

0.03.05.081.76
(91)

0.03.06.071.83
(92)

0.03.06N/AN/AN/AN/AAlcoholh

.46–0.74
(90)

0.06–.05.21–1.26
(91)

0.06–.08.40–0.84
(92)

0.06–.05N/AN/AN/AN/ASiti

.291.06
(90)

0.09.09.181.36
(91)

0.09.12N/AN/AN/AN/AN/AN/AN/AN/ADepressive
symptoms

.004–2.93
(90)

0.11.33N/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/ABirthConj

.012.59
(90)

0.01.01.032.28
(91)

0.01.01.022.32
(92)

0.01.01.022.41
(96)

0.01.01SMU P1k

0.360.300.290.09R 2 l

aβ values reflect unstandardized coefficients.
bSex: coded with 1 (male) and 2 (female).
cEdu (M): highest degree obtained by mother.
dEdu (F): highest degree obtained by father.
eIncome: family annual income.
fN/A: not applicable.
gSmoking: cigarettes smoked per day in the last 30 days.
hAlcohol: frequency of alcohol consumption.
iSit: amount of time spent sitting in the past month.
jBirthCon: consumption of birth control medication. BirthCon was coded with 0 (not currently taking birth control medication) and 1 (currently taking
birth control medication).
kSMU P1: social media use at phase 1.
lR2 values reflect those with social media use in the models.
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Table 3. Coefficients from linear regression models predicting C-reactive protein at phase 2 (n=51 due to missing values).

Model 4Model 3Model 2Model 1Predictor

P valuet test
(df)

SEβP valuet test
(df)

SEβP valuet test
(df)

SEβP valuet test
(df)

SEβa

.930.09
(39)

0.18.02.171.39
(40)

0.14.19.161.42
(41)

0.14.20.091.73
(45)

0.15.25Sexb

.081.80
(39)

0.02.03.042.11
(40)

0.02.04.052.00
(41)

0.02.04.061.94
(45)

0.02.04Age

.16–1.44
(39)

0.08–.12.18–1.36
(40)

0.08–.11.13–1.54
(41)

0.08–.13.04–2.12
(45)

0.08–.16Edu (M)c

.470.73
(39)

0.07.05.570.57
(40)

0.07.04.700.39
(41)

0.07.03.50.69
(45)

0.07.05Edu (F)d

.131.56
(39)

0.03.05.081.80
(40)

0.03.06.061.97
(41)

0.03.06.061.95
(45)

0.03.06Incomee

.012.66
(39)

0.01.03.022.40
(40)

0.01.03.022.34
(41)

0.01.03N/AN/AN/AN/AfBMI

.76–0.31
(39)

0.08–.03.60–0.53
(40)

0.09–.05.59–0.55
(41)

0.09–.05N/AN/AN/AN/ASmokingg

.151.46
(39)

0.05.07.081.82
(40)

0.05.08.071.87
(41)

0.05.09N/AN/AN/AN/AAlcoholh

.830.22
(39)

0.08.02.870.16
(40)

0.08.01.650.45
(41)

0.08.04N/AN/AN/AN/ASiti

.231.23
(39)

0.10.13.261.15
(40)

0.10.12N/AN/AN/AN/AN/AN/AN/AN/ADepressive
symptoms

.14–1.49
(39)

0.17–.26N/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/ABirthConj

.012.68
(39)

0.01.01.0072.82
(40)

0.01.01.0052.97
(41)

0.01.01.012.56
(45)

0.01.01SMU P2k

0.460.430.410.26R 2 l

aβ values reflect unstandardized coefficients.
bSex: coded with 1 (male) and 2 (female).
cEdu (M): highest degree obtained by mother.
dEdu (F): highest degree obtained by father.
eIncome: family annual income.
fN/A: not applicable.
gSmoking: cigarettes smoked per day in the last 30 days.
hAlcohol: frequency of alcohol consumption.
iSit: amount of time spent sitting in the past month.
jBirthCon: consumption of birth control medication. BirthCon was coded with 0 (not currently taking birth control medication) and 1 (currently taking
birth control medication).
kSMU P2: social media use at phase 2.
lR2 values reflect those with social media use in the models.
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Figure 1. Scatterplots of the cross-sectional relation between SMU and CRP. CRP: C-reactive protein; SMU: social media use.

Testing H2: Does SMU Over 5 weeks Predict Increased
CRP?
We conducted a series of multiple regression analyses with the
amount of SMU between phase 1 and phase 2 as the independent
variable while controlling for CRP at phase 1. The amount of
SMU between phase 1 and phase 2 predicted changes in CRP
from phase 1 to phase 2 in model 1 (β=.22; P=.04), model 2
(β=.28; P=.02), model 3 (β=.28; P=.02), and model 4 (β=.28;
P=.02), suggesting that the impact of SMU on CRP may occur

over time. Thus, H2 was also supported. The results of these
analyses are detailed in Table 4. Figure 2 depicts a scatterplot
of the correlation between weekly average SMU from phase 1
to phase 2 and CRP (phase 2) with no covariates. Supplementing
these results, the amount of SMU at phase 1 also predicted CRP
at phase 2 (controlling for CRP at phase 1) in model 1 (β=.28;
P=.007), model 2 (β=.30; P=.005), model 3 (β=.31; P=.006),
and model 4 (β=.30; P=.008). See Multimedia Appendix 1 for
details of these results.
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Table 4. Coefficients from the longitudinal linear regression model predicting C-reactive protein at phase 2 (n=53 due to missing values).

Model 4Model 3Model 2Model 1Predictor

P valuet test
(df)

SEβP valuet test
(df)

SEβP valuet test
(df)

SEβP valuet test
(df)

SEβa

.770.29
(39)

0.14.04.700.39
(40)

0.11.04.680.20
(41)

0.11.05.790.28
(45)

0.11.03Sexb

.151.48
(39)

0.01.02.141.51
(40)

0.01.02.121.61
(41)

0.01.02.131.56
(45)

0.01.02Age

.21–1.27
(39)

0.06–.08.20–1.30
(40)

0.06–.08.20–1.31
(41)

0.06–.08.19–1.32
(45)

0.05–.07Edu (M)c

.610.52
(39)

0.05.03.600.53
(40)

0.05.03.580.56
(41)

0.05.03.490.69
(45)

0.05.03Edu (F)d

.410.83
(39)

0.02.02.410.84
(40)

0.02.02.390.86
(41)

0.02.02.500.67
(45)

0.02.02Incomee

<.0014.38
(39)

0.14.63<.0014.59
(40)

0.14.63<.0014.84
(41)

0.13.62<.0016.58
(45)

0.11.71CRP P1f

.301.05
(39)

0.01.01.291.07
(40)

0.01.01.291.11
(41)

0.01.01.500.68
(45)

0.01.01Timeg

.510.66
(39)

0.01.01.500.68
(40)

0.01.01.470.73
(41)

0.01.01N/AN/AN/AN/AhBMI

.930.09
(39)

0.06.01.930.09
(40)

0.06.01.930.09
(41)

0.06.01N/AN/AN/AN/ASmokingi

.340.96
(39)

0.04.04.330.99
(40)

0.04.04.321.01
(41)

0.04.04N/AN/AN/AN/AAlcoholj

.331.00
(39)

0.07.07.321.00
(40)

0.07.07.330.99
(41)

0.06.06N/AN/AN/AN/ASitk

.82–0.23
(39)

0.09–.02.80–0.25
(40)

0.08–.02N/AN/AN/AN/AN/AN/AN/AN/ADepressive
symptoms

.98–0.03
(39)

0.14–.01N/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/AN/ABirthConl

.022.42
(39)

0.01.01.022.50
(40)

0.01.01.022.52
(41)

0.01.01.042.15
(45)

0.01.01Avg SMUm

0.670.670.670.65R 2 n

aβ values reflect unstandardized coefficients.
bSex: coded with 1 (male) and 2 (female).
cEdu (M): highest degree obtained by mother.
dEdu (F): highest degree obtained by father.
eIncome: family annual income.
fCRP P1: C-reactive protein at phase 1.
gTime: days between C-reactive protein at phase 1 and C-reactive protein at phase 2.
hN/A: not applicable.
iSmoking: cigarettes smoked per day in the last 30 days.
jAlcohol: frequency of alcohol consumption.
kSit: amount of time spent sitting in the past month.
lBirthCon: consumption of birth control medication. BirthCon was coded with 0 (not currently taking birth control medication) and 1 (currently taking
birth control medication).
mAvg SMU: weekly average social media use from phase 1 to phase 2 over 5 weeks.
nR2 values reflect those with social media use in the models.
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Figure 2. Scatterplot of the relation between weekly average SMU (from phase 1 to phase 2) and CRP (phase 2). CRP: C-reactive protein; SMU: social
media use.

Discussion

Principal Findings
This research investigated how SMU is associated with CRP—a
biological marker of inflammation linked with chronic illnesses
such as cardiovascular disease and cancers. The results showed
that the amount of SMU—assessed objectively via the Screen
Time app—was not only associated with higher inflammation
cross-sectionally but also an increase in inflammation 5 weeks
later. The findings were consistent across different models
adjusting for various covariates.

To our knowledge, this is one of the first studies to demonstrate
a link between objective SMU across several platforms and
CRP, a biomarker of inflammation. Building on prior work that
found a positive correlation between self-reported SMU and
inflammation [23,32], our longitudinal findings provide initial
temporal evidence that SMU can lead to heightened
inflammation. Importantly, that SMU predicted increased
inflammation even after controlling for depressive symptoms
is noteworthy because it suggests that the impact of SMU may
extend beyond psychological well-being and that our results
are not solely due to the depressogenic effects of inflammation
[47].

Critically, the use of a health-relevant biomarker and the
collection of objective SMU data across multiple platforms are
key methodological strengths of this study. Compared with most
prior studies that relied exclusively on self-report measures, our
methodological approach is robust against survey response
biases. Given these strengths, we encourage future research to
use biological markers related to health or well-being and
objective SMU data when applicable.

Caveats and Limitations
There are some limitations of this study. First, this study tested
an aggregate association between the amount of SMU across
different platforms and inflammation. As an initial attempt to
understand the potential link between SMU and inflammation,
our goal was necessarily broad, focusing on the general metric
of SMU amount—one of the most commonly measured and
discussed variables in SMU research. Although this approach
allowed us to better connect to extant research and public
discourse (eg, SMU and well-being), fully understanding social
media effects requires measuring processes much more nuanced
and complex. Given that people use social media for different
purposes (eg, entertainment, following the news, browsing, and
supporting friends), future research should examine the different
ways of using social media to illuminate what aspects of SMU
are associated with inflammation. Relatedly, this research did
not collect any data on the types of content people viewed on
social media. Because these contents can drastically influence
users' psychological experience [48], we cannot ascertain the
extent to which the contents people interacted with contributed
to our findings. Thus, future research should aim to collect data
on the contents people view on social media to better capture
their experience [49,50]. Moreover, future research should seek
to understand specific mediating mechanisms (eg, sleep quality
and stress) for our findings.

Another limitation of this work is that CRP was only measured
twice over 5 weeks with a relatively small sample size.
Although, to our knowledge, we have provided the first
short-term longitudinal evidence for the impact of SMU on
inflammation, our design does not allow for more sophisticated
statistical models (eg, random intercept cross-lagged panel
model) that can capture stability and intraindividual variability
over time, for instance. Thus, future research should consider
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using high-powered intensive longitudinal designs with more
frequent measurements of key variables and longer intervals.
Alternatively, future research may consider manipulating
people’s SMU and examine the potential causal effect of SMU
on systemic inflammation. In addition, it is important to
acknowledge that our sample did not include social media users
who access social media through smartphones other than the
iPhone or devices such as tablets and PCs. Thus, our SMU
measure may not provide a comprehensive representation of
SMU via different devices or operating systems. Future research
should seek to replicate our findings with a larger sample from
more diverse populations and contexts (eg, Android users and
tablet users) to provide more confidence in the generalizability
of the results. Relatedly, because social media effects are likely
to vary at the individual level [3,48,51], future research may
explore individual difference variables (eg, personality and
loneliness) that may moderate our findings.

Finally, we note that the effect sizes observed in this study may
be considered small to medium in size (from β=.19 to β=.41),
which are comparable to (or even larger than) those typically

found in studies on SMU and mental health (from r=–0.05 to
r=–0.15). As several scholars have argued, small effect sizes
can still have a meaningful impact [52-54], especially when
considered at scale and over time [53,55]. We believe that this
is especially likely to be the case for examining the potential
biological impact of SMU among millions of young adults who
are using social media for multiple hours every day for many
years.

Conclusions
This research discovered that objective SMU is positively
associated with inflammation cross-sectionally and increased
inflammation over time. The relation between SMU and
inflammation presents an intriguing opportunity for future
research that integrates social media effects and biological
processes. Given the prevalence of SMU in the daily lives of
adolescents and young adults and the societal importance of
good physical health, more research investigating the potential
physical health effects of SMU using diverse methodologies is
needed.

Acknowledgments
This work was supported in part by funding from the National Institutes of Mental Health (MH135501 to DL and BW), The Ohio
State University, and  award  UM1TR004548 from the National Center for Advancing Translational Sciences. The content is
solely the responsibility of the authors and does not necessarily represent the official views of the funders.

Data Availability
The data sets generated during and analyzed during this study are not publicly available due to sensitive health information content
but are available from the corresponding author on reasonable request.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Social media use data collection using the iOS Screen Time app.
[DOCX File , 1608 KB-Multimedia Appendix 1]

References

1. Boyd DM, Ellison NB. Social network sites: definition, history, and scholarship. J Comput-Mediat Commun.
2007;13(1):210-230 [FREE Full text] [doi: 10.1111/j.1083-6101.2007.00393.x]

2. Kross E, Verduyn P, Demiralp E, Park J, Lee DS, Lin N, et al. Facebook use predicts declines in subjective well-being in
young adults. PLoS One. 2013;8(8):e69841 [FREE Full text] [doi: 10.1371/journal.pone.0069841] [Medline: 23967061]

3. Orben A. Teenagers, screens and social media: a narrative review of reviews and key studies. Soc Psychiatry Psychiatr
Epidemiol. 2020;55(4):407-414 [FREE Full text] [doi: 10.1007/s00127-019-01825-4] [Medline: 31925481]

4. Paul K, Milmo D. Congress grills Facebook exec on Instagram's harmful effect on children. The Guardian. 2021. URL:
https://www.theguardian.com/technology/2021/sep/30/facebook-hearing-testimony-instagram-impact [accessed 2023-11-07]

5. Kiecolt-Glaser JK, Gouin JP, Hantsoo L. Close relationships, inflammation, and health. Neurosci Biobehav Rev.
2010;35(1):33-38 [FREE Full text] [doi: 10.1016/j.neubiorev.2009.09.003] [Medline: 19751761]

6. Fagundes CP, Way B. Early-life stress and adult inflammation. Curr Dir Psychol Sci. 2014;23(4):277-283 [doi:
10.1177/0963721414535603]

7. Bennett JM, Reeves G, Billman GE, Sturmberg JP. Inflammation-nature's way to efficiently respond to all types of challenges:
implications for understanding and managing "the epidemic" of chronic diseases. Front Med (Lausanne). 2018;5:316 [FREE
Full text] [doi: 10.3389/fmed.2018.00316] [Medline: 30538987]

8. Couzin-Frankel J. Inflammation bares a dark side. Science. 2010;330(6011):1621 [doi: 10.1126/science.330.6011.1621]
[Medline: 21163993]

J Med Internet Res 2023 | vol. 25 | e46309 | p. 12https://www.jmir.org/2023/1/e46309
(page number not for citation purposes)

Lee et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=jmir_v25i1e46309_app1.docx&filename=fcda753f7eff6afc70689a062df06751.docx
https://jmir.org/api/download?alt_name=jmir_v25i1e46309_app1.docx&filename=fcda753f7eff6afc70689a062df06751.docx
https://watermark.silverchair.com/jjcmcom0210.pdf?token=AQECAHi208BE49Ooan9kkhW_Ercy7Dm3ZL_9Cf3qfKAc485ysgAAA2AwggNcBgkqhkiG9w0BBwagggNNMIIDSQIBADCCA0IGCSqGSIb3DQEHATAeBglghkgBZQMEAS4wEQQM8b7sdNT3VacQGE0SAgEQgIIDE-9klFx7VbnFnJ2O-z0nssx0HEIgQxjRxTLN4hOz4LMs54nyqFnONs1ggW9YCGvkTRAOmEF8MEDFlRvmobKze3XDWjl_UQN0MAfcEf5RRViHk-9cbY6NQKqkAl0_uOupMcDBqsCmgMWGvWmhXPgrMjl8L9bwrNlBjFH_D5lE0isvpTjCVPXpd7ODSjcvbcAvbxtwXIoEjY0QyQT4CoVSXnysFVGgiSZmQHLzY1pAdWSyWG8dw7o9BKpZ7LkABm51BpBJNIo_sBcH0095Q-f9n7OlTgrFQTzP48ue8CZuna2V0mHtBK3kRIy4zvgx4QQKq9_smizxDuQb7TjAbVdrJV6t3z5uucJsP4yl4ld4WQW17sdT5vIJIzvmW2ccOsumjkJVQf06FIb3TcN91beY_FmJNW5OB8L9t5IGEIjtaiMVCUNXQNQ2ZWP9eVMyQvOza3q1OpJgNbk4r_or7SKUjNL5mXHGOwSnMpgddijc4ODaJ3wV0YL-VeQNV0FvKDiDtizU_X_oq9A2VktyUJs6Ex9PmwD1gwNDWNL_bwHV0fGLHnnwl8I7OqMhGl3DL-nVqmVIz2ZxJkplcOMUkAWAIBUeoPQB76ImSn3C1l6zUE-jGnc3_qd2QPw7Um_PNcCuDVuSALAftEiT5S53vbVjtEWtr8dYtAHV3wuEYKm-O1IKURz1rejob7-qXNDy9FND3foyjmLrGP6zsufw5vrC1LdCdeH2rzD69PPCpQaQ2TB8BF26nmG6w_lgexcGv3LFLf-IW3FQ705Hym50wqkMLhFkJt2vNh_H1yOoDfL1PfwNUytyvVdasBVdurOkYDCXspQScH1siDE6y3M1H62Z4elo79xWAtNC2BVNzPCqynLqLgRYEVNaCXhgPb_7wmSE3PmlusdoAt8kcGSDOx0MUGyad8I40o0bsscgZftq_rc1X9B9qV6kKJvPpneHsIS8J8nhoWMuOy5Y-spxBYK6u_Z3UwNdmWw3nzZJsXxsU48gM-8dKksCtVcyVUOa_od2ucKi_Ue22ICYZd194j-3KBcnrlU
http://dx.doi.org/10.1111/j.1083-6101.2007.00393.x
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0069841
http://dx.doi.org/10.1371/journal.pone.0069841
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23967061&dopt=Abstract
https://link.springer.com/article/10.1007/s00127-019-01825-4
http://dx.doi.org/10.1007/s00127-019-01825-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31925481&dopt=Abstract
https://www.theguardian.com/technology/2021/sep/30/facebook-hearing-testimony-instagram-impact
https://europepmc.org/abstract/MED/19751761
http://dx.doi.org/10.1016/j.neubiorev.2009.09.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19751761&dopt=Abstract
http://dx.doi.org/10.1177/0963721414535603
https://europepmc.org/abstract/MED/30538987
https://europepmc.org/abstract/MED/30538987
http://dx.doi.org/10.3389/fmed.2018.00316
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30538987&dopt=Abstract
http://dx.doi.org/10.1126/science.330.6011.1621
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21163993&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


9. The Emerging Risk Factors Collaboration. C-reactive protein concentration and risk of coronary heart disease, stroke, and
mortality: an individual participant meta-analysis. Lancet. 2010;375(9709):132-140 [FREE Full text] [doi:
10.1016/S0140-6736(09)61717-7] [Medline: 20031199]

10. Michels N, van Aart C, Morisse J, Mullee A, Huybrechts I. Chronic inflammation towards cancer incidence: a systematic
review and meta-analysis of epidemiological studies. Crit Rev Oncol Hematol. 2021;157:103177 [doi:
10.1016/j.critrevonc.2020.103177] [Medline: 33264718]

11. Pradhan AD, Manson JE, Rifai N, Buring JE, Ridker PM. C-reactive protein, interleukin 6, and risk of developing type 2
diabetes mellitus. JAMA. 2001;286(3):327-334 [FREE Full text] [doi: 10.1001/jama.286.3.327] [Medline: 11466099]

12. Ni P, Yu M, Zhang R, Cheng C, He M, Wang H, et al. Dose-response association between C-reactive protein and risk of
all-cause and cause-specific mortality: a systematic review and meta-analysis of cohort studies. Ann Epidemiol.
2020;51:20-27.e11 [doi: 10.1016/j.annepidem.2020.07.005] [Medline: 32702432]

13. Cain N, Gradisar M. Electronic media use and sleep in school-aged children and adolescents: a review. Sleep Med.
2010;11(8):735-742 [doi: 10.1016/j.sleep.2010.02.006] [Medline: 20673649]

14. Thomée S, Härenstam A, Hagberg M. Mobile phone use and stress, sleep disturbances, and symptoms of depression among
young adults—a prospective cohort study. BMC Public Health. 2011;11:66 [FREE Full text] [doi: 10.1186/1471-2458-11-66]
[Medline: 21281471]

15. Irwin MR, Olmstead R, Carroll JE. Sleep disturbance, sleep duration, and inflammation: a systematic review and meta-analysis
of cohort studies and experimental sleep deprivation. Biol Psychiatry. 2016;80(1):40-52 [FREE Full text] [doi:
10.1016/j.biopsych.2015.05.014] [Medline: 26140821]

16. Mullington JM, Simpson NS, Meier-Ewert HK, Haack M. Sleep loss and inflammation. Best Pract Res Clin Endocrinol
Metab. 2010;24(5):775-784 [FREE Full text] [doi: 10.1016/j.beem.2010.08.014] [Medline: 21112025]

17. Allen MS, Walter EE, McDermott MS. Personality and sedentary behavior: a systematic review and meta-analysis. Health
Psychol. 2017;36(3):255-263 [doi: 10.1037/hea0000429] [Medline: 27736151]

18. Odiaga JA, Doucette J. Technological media and sedentary behavior in pediatrics. J Nurse Pract. 2017;13(1):72-78 [doi:
10.1016/j.nurpra.2016.09.005]

19. Henson J, Yates T, Edwardson CL, Khunti K, Talbot D, Gray LJ, et al. Sedentary time and markers of chronic low-grade
inflammation in a high risk population. PLoS One. 2013;8(10):e78350 [FREE Full text] [doi: 10.1371/journal.pone.0078350]
[Medline: 24205208]

20. Yates T, Khunti K, Wilmot EG, Brady E, Webb D, Srinivasan B, et al. Self-reported sitting time and markers of inflammation,
insulin resistance, and adiposity. Am J Prev Med. 2012;42(1):1-7 [doi: 10.1016/j.amepre.2011.09.022] [Medline: 22176839]

21. Kushlev K, Leitao MR. The effects of smartphones on well-being: theoretical integration and research agenda. Curr Opin
Psychol. 2020;36:77-82 [doi: 10.1016/j.copsyc.2020.05.001] [Medline: 32563707]

22. Liu D, Baumeister RF, Yang CC, Hu B. Digital communication media use and psychological well-being: a meta-analysis.
J Comput-Mediat Commun. 2019;24(5):273 [FREE Full text] [doi: 10.1093/jcmc/zmz013]

23. Afifi TD, Zamanzadeh N, Harrison K, Acevedo Callejas M. WIRED: the impact of media and technology use on stress
(cortisol) and inflammation (interleukin IL-6) in fast paced families. Comput Hum Behav. 2018;81:265-273 [doi:
10.1016/j.chb.2017.12.010]

24. Slavich GM, Irwin MR. From stress to inflammation and major depressive disorder: a social signal transduction theory of
depression. Psychol Bull. 2014;140(3):774-815 [FREE Full text] [doi: 10.1037/a0035302] [Medline: 24417575]

25. Freytag A, Knop-Huelss K, Meier A, Reinecke L, Hefner D, Klimmt C, et al. Permanently online—always stressed out?
the effects of permanent connectedness on stress experiences. Hum Commun Res. 2021;47(2):132-165 [doi:
10.1093/hcr/hqaa014]

26. Reinecke L, Aufenanger S, Beutel ME, Dreier M, Quiring O, Stark B, et al. Digital stress over the life span: the effects of
communication load and internet multitasking on perceived stress and psychological health impairments in a German
probability sample. Media Psychol. 2016;20(1):90-115 [doi: 10.1080/15213269.2015.1121832]

27. Rieger D, Kümpel AS, Wich M, Kiening T, Groh G. Assessing the extent and types of hate speech in fringe communities:
a case study of alt-right communities on 8chan, 4chan, and Reddit. Soc Media Soc. 2021;7(4):1-14 [FREE Full text]

28. Quandt T, Klapproth J, Frischlich L. Dark social media participation and well-being. Curr Opin Psychol. 2022;45:101284
[doi: 10.1016/j.copsyc.2021.11.004] [Medline: 35016088]

29. Verduyn P, Lee DS, Park J, Shablack H, Orvell A, Bayer J, et al. Passive Facebook usage undermines affective well-being:
experimental and longitudinal evidence. J Exp Psychol Gen. 2015;144(2):480-488 [doi: 10.1037/xge0000057] [Medline:
25706656]

30. Eisenberger NI, Moieni M, Inagaki TK, Muscatell KA, Irwin MR. In sickness and in health: the co-regulation of inflammation
and social behavior. Neuropsychopharmacology. 2017;42(1):242-253 [FREE Full text] [doi: 10.1038/npp.2016.141]
[Medline: 27480575]

31. Sproston NR, Ashworth JJ. Role of C-reactive protein at sites of inflammation and infection. Front Immunol. 2018;9:754
[FREE Full text] [doi: 10.3389/fimmu.2018.00754] [Medline: 29706967]

32. Lee DS, Jiang T, Crocker J, Way BM. Social media use and its link to physical health indicators. Cyberpsychol Behav Soc
Netw. 2022;25(2):87-93 [FREE Full text] [doi: 10.1089/cyber.2021.0188] [Medline: 35021894]

J Med Internet Res 2023 | vol. 25 | e46309 | p. 13https://www.jmir.org/2023/1/e46309
(page number not for citation purposes)

Lee et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://linkinghub.elsevier.com/retrieve/pii/S0140-6736(09)61717-7
http://dx.doi.org/10.1016/S0140-6736(09)61717-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20031199&dopt=Abstract
http://dx.doi.org/10.1016/j.critrevonc.2020.103177
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33264718&dopt=Abstract
https://jamanetwork.com/journals/jama/fullarticle/1150732
http://dx.doi.org/10.1001/jama.286.3.327
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11466099&dopt=Abstract
http://dx.doi.org/10.1016/j.annepidem.2020.07.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32702432&dopt=Abstract
http://dx.doi.org/10.1016/j.sleep.2010.02.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20673649&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-11-66
http://dx.doi.org/10.1186/1471-2458-11-66
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21281471&dopt=Abstract
https://europepmc.org/abstract/MED/26140821
http://dx.doi.org/10.1016/j.biopsych.2015.05.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26140821&dopt=Abstract
https://europepmc.org/abstract/MED/21112025
http://dx.doi.org/10.1016/j.beem.2010.08.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21112025&dopt=Abstract
http://dx.doi.org/10.1037/hea0000429
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27736151&dopt=Abstract
http://dx.doi.org/10.1016/j.nurpra.2016.09.005
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0078350
http://dx.doi.org/10.1371/journal.pone.0078350
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24205208&dopt=Abstract
http://dx.doi.org/10.1016/j.amepre.2011.09.022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22176839&dopt=Abstract
http://dx.doi.org/10.1016/j.copsyc.2020.05.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32563707&dopt=Abstract
https://academic.oup.com/jcmc/article/24/5/259/5583692?login=false
http://dx.doi.org/10.1093/jcmc/zmz013
http://dx.doi.org/10.1016/j.chb.2017.12.010
https://europepmc.org/abstract/MED/24417575
http://dx.doi.org/10.1037/a0035302
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24417575&dopt=Abstract
http://dx.doi.org/10.1093/hcr/hqaa014
http://dx.doi.org/10.1080/15213269.2015.1121832
https://journals.sagepub.com/doi/full/10.1177/20563051211052906
http://dx.doi.org/10.1016/j.copsyc.2021.11.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35016088&dopt=Abstract
http://dx.doi.org/10.1037/xge0000057
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25706656&dopt=Abstract
https://europepmc.org/abstract/MED/27480575
http://dx.doi.org/10.1038/npp.2016.141
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27480575&dopt=Abstract
https://europepmc.org/abstract/MED/29706967
http://dx.doi.org/10.3389/fimmu.2018.00754
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29706967&dopt=Abstract
https://europepmc.org/abstract/MED/35021894
http://dx.doi.org/10.1089/cyber.2021.0188
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35021894&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


33. Parry DA, Davidson BI, Sewall CJR, Fisher JT, Mieczkowski H, Quintana DS. A systematic review and meta-analysis of
discrepancies between logged and self-reported digital media use. Nat Hum Behav. 2021;5(11):1535-1547 [doi:
10.1038/s41562-021-01117-5] [Medline: 34002052]

34. Ernala SK, Burke M, Leavitt A, Ellison NB. How well do people report time spent on Facebook?: an evaluation of established
survey questions with recommendations. 2020 Presented at: Proceedings of the 2020 CHI Conference on Human Factors
in Computing Systems; April 25-30, 2020; Honolulu, HI, USA p. 1-14 [doi: 10.1145/3313831.3376435]

35. Kross E, Verduyn P, Sheppes G, Costello CK, Jonides J, Ybarra O. Social media and well-being: pitfalls, progress, and
next steps. Trends Cogn Sci. 2021;25(1):55-66 [FREE Full text] [doi: 10.1016/j.tics.2020.10.005] [Medline: 33187873]

36. Jolink TA, Way BM, Younge A, Oveis C, Algoe SB. Everyday co-presence with a romantic partner is associated with
lower C-reactive protein. Brain Behav Immun. 2023;107:132-139 [doi: 10.1016/j.bbi.2022.09.007] [Medline: 36126852]

37. Bogaty P, Brophy JM, Boyer L, Simard S, Joseph L, Bertrand F, et al. Fluctuating inflammatory markers in patients with
stable ischemic heart disease. Arch Intern Med. 2005;165(2):221-226 [FREE Full text] [doi: 10.1001/archinte.165.2.221]
[Medline: 15668370]

38. Clark GH, Fraser CG. Biological variation of acute phase proteins. Ann Clin Biochem. 1993;30(Pt 4):373-376 [doi:
10.1177/000456329303000404] [Medline: 7691039]

39. Meier-Ewert HK, Ridker PM, Rifai N, Price N, Dinges DF, Mullington JM. Absence of diurnal variation of C-reactive
protein concentrations in healthy human subjects. Clin Chem. 2001;47(3):426-430 [FREE Full text] [doi:
10.1093/clinchem/47.3.426]

40. Mills PJ, Natarajan L, von Känel R, Ancoli-Israel S, Dimsdale JE. Diurnal variability of C-reactive protein in obstructive
sleep apnea. Sleep Breath. 2009;13(4):415-420 [FREE Full text] [doi: 10.1007/s11325-009-0268-0] [Medline: 19533192]

41. McDade TW, Burhop J, Dohnal J. High-sensitivity enzyme immunoassay for C-reactive protein in dried blood spots. Clin
Chem. 2004;50(3):652-654 [FREE Full text] [doi: 10.1373/clinchem.2003.029488] [Medline: 14981035]

42. Perrin A, Anderson M. Share of US adults using social media, including Facebook, is mostly unchanged since 2018. Pew
Research Center. 2018. URL: https://www.pewresearch.org/fact-tank/2019/04/10/
share-of-u-s-adults-using-social-media-including-facebook-is-mostly-unchanged-since-2018/ [accessed 2023-11-07]

43. Bayer JB, Tri u P, Ellison NB. Social media elements, ecologies, and effects. Annu Rev Psychol. 2020;71:471-497 [FREE
Full text] [doi: 10.1146/annurev-psych-010419-050944] [Medline: 31518525]

44. Horn SR, Long MM, Nelson BW, Allen NB, Fisher PA, Byrne ML. Replication and reproducibility issues in the relationship
between C-reactive protein and depression: a systematic review and focused meta-analysis. Brain Behav Immun.
2018;73:85-114 [FREE Full text] [doi: 10.1016/j.bbi.2018.06.016] [Medline: 29928963]

45. Radloff LS. The CES-D scale: a self-report depression scale for research in the general population. Appl Psychol Meas.
1977;1(3):385-401 [doi: 10.1177/014662167700100306]

46. Pearson TA, Mensah GA, Alexander RW, Anderson JL, Cannon RO, Criqui M, et al. Markers of inflammation and
cardiovascular disease: application to clinical and public health practice: a statement for healthcare professionals from the
Centers for Disease Control and Prevention and the American Heart Association. Circulation. 2003;107(3):499-511 [FREE
Full text] [doi: 10.1161/01.cir.0000052939.59093.45]

47. Bullmore E. The Inflamed Mind: A Radical New Approach to Depression. New York. Picador; 2018.
48. Valkenburg PM. Social media use and well-being: what we know and what we need to know. Curr Opin Psychol.

2022;45:101294 [FREE Full text] [doi: 10.1016/j.copsyc.2021.12.006] [Medline: 35016087]
49. Ram N, Yang X, Cho MJ, Brinberg M, Muirhead F, Reeves B, et al. Screenomics: a new approach for observing and

studying individuals' digital lives. J Adolesc Res. 2020;35(1):16-50 [FREE Full text] [doi: 10.1177/0743558419883362]
[Medline: 32161431]

50. Reeves B, Ram N, Robinson TN, Cummings JJ, Giles CL, Pan J, et al. Screenomics: a framework to capture and analyze
personal life experiences and the ways that technology shapes them. Hum Comput Interact. 2021;36(2):150-201 [FREE
Full text] [doi: 10.1080/07370024.2019.1578652] [Medline: 33867652]

51. Lee DS, Way BM. Social media use and systemic inflammation: the moderating role of self-esteem. Brain Behav Immun
Health. 2021;16:100300 [FREE Full text] [doi: 10.1016/j.bbih.2021.100300] [Medline: 34589792]

52. Funder DC, Ozer DJ. Evaluating effect size in psychological research: sense and nonsense. Adv Methods Pract Psychol
Sci. 2019;2(2):156-168 [FREE Full text] [doi: 10.1177/2515245919847202]

53. Götz FM, Gosling SD, Rentfrow PJ. Small effects: the indispensable foundation for a cumulative psychological science.
Perspect Psychol Sci. 2022;17(1):205-215 [FREE Full text] [doi: 10.1177/1745691620984483] [Medline: 34213378]

54. Prentice DA, Miller DT. When small effects are impressive. Psychol Bull. 1992;112(1):160-164 [doi:
10.1037/0033-2909.112.1.160]

55. Haidt J, Rausch Z, Twenge J. Social media and mental health: a collaborative review. Google Docs. URL: https://docs.
google.com/document/d/1w-HOfseF2wF9YIpXwUUtP65-olnkPyWcgF5BiAtBEy0/edit [accessed 2023-07-27]

Abbreviations
CRP: C-reactive protein

J Med Internet Res 2023 | vol. 25 | e46309 | p. 14https://www.jmir.org/2023/1/e46309
(page number not for citation purposes)

Lee et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1038/s41562-021-01117-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34002052&dopt=Abstract
http://dx.doi.org/10.1145/3313831.3376435
https://linkinghub.elsevier.com/retrieve/pii/S1364-6613(20)30251-5
http://dx.doi.org/10.1016/j.tics.2020.10.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33187873&dopt=Abstract
http://dx.doi.org/10.1016/j.bbi.2022.09.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36126852&dopt=Abstract
https://jamanetwork.com/journals/jamainternalmedicine/fullarticle/486370
http://dx.doi.org/10.1001/archinte.165.2.221
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15668370&dopt=Abstract
http://dx.doi.org/10.1177/000456329303000404
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7691039&dopt=Abstract
https://academic.oup.com/clinchem/article/47/3/426/5639504?login=false
http://dx.doi.org/10.1093/clinchem/47.3.426
https://boris.unibe.ch/id/eprint/33456
http://dx.doi.org/10.1007/s11325-009-0268-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19533192&dopt=Abstract
https://academic.oup.com/clinchem/article/50/3/652/5639807?login=false
http://dx.doi.org/10.1373/clinchem.2003.029488
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14981035&dopt=Abstract
https://www.pewresearch.org/fact-tank/2019/04/10/share-of-u-s-adults-using-social-media-including-facebook-is-mostly-unchanged-since-2018/
https://www.pewresearch.org/fact-tank/2019/04/10/share-of-u-s-adults-using-social-media-including-facebook-is-mostly-unchanged-since-2018/
https://www.annualreviews.org/doi/10.1146/annurev-psych-010419-050944
https://www.annualreviews.org/doi/10.1146/annurev-psych-010419-050944
http://dx.doi.org/10.1146/annurev-psych-010419-050944
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31518525&dopt=Abstract
https://europepmc.org/abstract/MED/29928963
http://dx.doi.org/10.1016/j.bbi.2018.06.016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29928963&dopt=Abstract
http://dx.doi.org/10.1177/014662167700100306
https://www.ahajournals.org/doi/10.1161/01.CIR.0000052939.59093.45
https://www.ahajournals.org/doi/10.1161/01.CIR.0000052939.59093.45
http://dx.doi.org/10.1161/01.cir.0000052939.59093.45
https://linkinghub.elsevier.com/retrieve/pii/S2352-250X(21)00246-3
http://dx.doi.org/10.1016/j.copsyc.2021.12.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35016087&dopt=Abstract
https://europepmc.org/abstract/MED/32161431
http://dx.doi.org/10.1177/0743558419883362
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32161431&dopt=Abstract
https://europepmc.org/abstract/MED/33867652
https://europepmc.org/abstract/MED/33867652
http://dx.doi.org/10.1080/07370024.2019.1578652
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33867652&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2666-3546(21)00103-4
http://dx.doi.org/10.1016/j.bbih.2021.100300
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34589792&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/2515245919847202
http://dx.doi.org/10.1177/2515245919847202
https://journals.sagepub.com/doi/10.1177/1745691620984483
http://dx.doi.org/10.1177/1745691620984483
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34213378&dopt=Abstract
http://dx.doi.org/10.1037/0033-2909.112.1.160
https://docs.google.com/document/d/1w-HOfseF2wF9YIpXwUUtP65-olnkPyWcgF5BiAtBEy0/edit
https://docs.google.com/document/d/1w-HOfseF2wF9YIpXwUUtP65-olnkPyWcgF5BiAtBEy0/edit
http://www.w3.org/Style/XSL
http://www.renderx.com/


SMU: social media use

Edited by A Mavragani; submitted 06.02.23; peer-reviewed by J Abbas, J Chen, A AL-Asadi; comments to author 27.06.23; revised
version received 03.08.23; accepted 27.09.23; published 08.12.23

Please cite as:
Lee D, Jiang T, Crocker J, Way B
Social Media Use and Its Concurrent and Subsequent Relation to a Biological Marker of Inflammation: Short-Term Longitudinal
Study
J Med Internet Res 2023;25:e46309
URL: https://www.jmir.org/2023/1/e46309
doi: 10.2196/46309
PMID: 38064253

©David Lee, Tao Jiang, Jennifer Crocker, Baldwin Way. Originally published in the Journal of Medical Internet Research
(https://www.jmir.org), 08.12.2023. This is an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete
bibliographic information, a link to the original publication on https://www.jmir.org/, as well as this copyright and license
information must be included.

J Med Internet Res 2023 | vol. 25 | e46309 | p. 15https://www.jmir.org/2023/1/e46309
(page number not for citation purposes)

Lee et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.jmir.org/2023/1/e46309
http://dx.doi.org/10.2196/46309
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38064253&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

