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Social interactions increasingly take place online. Friendships and other
offline social ties have been repeatedly associated with human
longevity, but online interactions might have different properties. Here,
we reference 12 million social media profiles against California De-
partment of Public Health vital records and use longitudinal statistical
models to assess whether social media use is associated with longer life.
The results show that receiving requests to connect as friends online is
associated with reduced mortality but initiating friendships is not. Ad-
ditionally, online behaviors that indicate face-to-face social activ-
ity (like posting photos) are associated with reduced mortality,
but online-only behaviors (like sending messages) have a nonlin-
ear relationship, where moderate use is associated with the lowest
mortality. These results suggest that online social integration is linked
to lower risk for a wide variety of critical health problems. Although
this is an associational study, it may be an important step in under-
standing how, on a global scale, online social networks might be
adapted to improve modern populations’ social and physical health.
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eople with more friends and more social ties in their com-

munity tend to live longer (1-4). Many researchers interpret
this association as evidence that greater social support and social
network integration lead to better health outcomes (4). For ex-
ample, social integration is thought to improve health by
motivating engagement in healthy behaviors (5, 6), improving
immunity (7), and reducing inflammation (8). However, nearly
all of this work has been conducted in the context of real-world,
face-to-face social interactions. As more and more people use
online social media to maintain friendships (as of June 2016,
about 1.1 billion people use Facebook daily), an open question is
whether or not this new context can be used to measure real
world social activity and, distinctly, whether online social inter-
actions are similarly associated with better health and increased
human longevity.

Many researchers have shown that online access to friends pro-
motes real world social activities (9). This finding suggests that online
social media may increase the amount of overall social integration.
To the extent that people use social media to coordinate and engage
in healthy face-to-face social behavior, we might therefore expect a
positive relationship between online use and health. However, it may
also be the case that spending time on social media reduces the
amount of time available for offline socializing. If so, then social
media use might be more like watching television, which tends to
crowd out social activity and, along with other forms of sedentary
behavior, has been associated with worse health outcomes (10). Of
course, because social media use is not randomly assigned, use might
also be a proxy for other unmeasured traits.

To help adjudicate whether online social media use has a
positive or negative relationship with health, we test here the
associations between online social connection and human mor-
tality. Using several different indicators, we measured deidenti-
fied counts of six-months’ online social media activity of 12 million
people on the website Facebook and evaluated whether these
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measures were associated with decreased mortality risk in a
two year follow-up.

Results

Before analyzing online social connection and social media behavior,
we compare mortality rates for the Facebook population vs. the
population-at-large. In these analyses, we control for age and gender
differences between the two groups, as well as a coarse proxy for race/
ethnicity [based on data from the US Census Bureau (11); results are
shown in SI Appendix] to account for known health disparities and
slightly different levels of Facebook use by race/ethnicity. The age- and
gender-matched mortality rate for the “full” population of Facebook
users (Materials and Methods) was 63% of the rate in the California
voter record (our data-matching benchmark). This association may
result from difficulties in matching Facebook users to vital records. To
more confidently evaluate the relative health of Facebook users
compared with the general population, we focus our analysis on the
“voter” subpopulation, which includes only those Facebook users also
present in the California voter record. That is, we compare voters who
are on Facebook to those who are not. The age- and gender-matched
mortality rate for Facebook users within the voter record population
was ~88% of Facebook nonusers within the voter record population.
In other words, the risk of dying in a given year is about 12% less for
Facebook users than non-Facebook users.

We disaggregate this comparison by cause of mortality. Mor-
tality due to sexually transmitted diseases, several types of can-
cer, unintentional injuries, drug overdoses, and suicides did not
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users who accept more friendships have a lower risk of mortality,
but there is no relationship for those who initiate more friend-
ships. Mortality risk is lowest for those with high levels of offline
social interaction and moderate levels of online social interaction.

Author contributions: W.R.H., M.B., N.A.C,, and J.H.F. designed research; W.R.H. analyzed
data; and W.R.H., M.B., and J.H.F. wrote the paper.

Conflict of interest statement: M.B. is a Facebook employee. W.R.H. was a Facebook
research intern in 2013.

This article is a PNAS Direct Submission.

Data deposition: We have created a dataset that conforms to the agency’s guidelines for
working with small cell sizes (20), and we will make this available to researchers who
request it from the corresponding author.

Freely available online through the PNAS open access option.

To whom correspondence may be addressed. Email: whobbs@ucsd.edu or fowler@ucsd.
edu.

This article contains supporting information online at www.pnas.org/lookup/suppl/doi:10.
1073/pnas.1605554113/-/DCSupplemental.

PNAS Early Edition | 10of5

n
w
v
=
w
v
"
<
1%
(=]
"

MEDICAL SCIENCES


http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1605554113/-/DCSupplemental/pnas.1605554113.sapp.pdf
http://crossmark.crossref.org/dialog/?doi=10.1073/pnas.1605554113&domain=pdf&date_stamp=2016-10-26
mailto:whobbs@ucsd.edu
mailto:fowler@ucsd.edu
mailto:fowler@ucsd.edu
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1605554113/-/DCSupplemental
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1605554113/-/DCSupplemental
www.pnas.org/cgi/doi/10.1073/pnas.1605554113

significantly differ between Facebook users and nonusers in the
voter record (these results are shown in SI Appendix, Fig. 4).
However, mortality due to infections [relative risk: 0.72; 95%
confidence interval (CI): 0.63-0.82], diabetes (relative risk: 0.62;
95% CI: 0.56-0.70), mental illness or dementia (relative risk:
0.75; 95% CI: 0.67-0.83), ischemic heart disease (relative risk: 0.81;
95% CI: 0.76-0.86), stroke (relative risk: 0.71; 95% CI: 0.63-0.80),
other cardiovascular diseases (relative risk: 0.88; 95% CI: 0.82—
0.94), liver disease (relative risk: 0.65; 95% CI: 0.59-0.72), and
homicide (relative risk: 0.55; 95% CI: 0.46-0.67) were all signifi-
cantly lower for Facebook users than nonusers. Each of these as-
sociations remain significant with a Bonferroni correction for
17 comparisons. A coarse proxy for race/ethnicity (SI Appendix)
strengthened the association between Facebook use and de-
creased mortality risk (relative risk: 0.86; 95% CI: 0.85-0.88).
It is important not to read too much into the comparison be-
tween Facebook users and nonusers because many factors may
confound the apparent association between being a Facebook user
and experiencing lower mortality. This is an observational result,
and we have few socioeconomic controls because we do not have
much information about nonusers. We cannot rule out the pos-
sibility that some seriously ill individuals signed up for Facebook
to update friends on their condition or that Facebook might at-
tract healthier individuals for reasons unrelated to their social
connectedness. However, in the analyses that follow, we can make
better inferences because they will be based on comparisons
within the population of Facebook users where we can control for
age, gender, marital status, device used to access Facebook, and
sign-up date on Facebook, as well as friends’ highest education
and a coarse proxy for race/ethnicity (shown in SI Appendix).
Within the verified social media user population (Materials and
Methods), we first analyze variation in use among Facebook users
to explore what relationship different kinds of activities have with
mortality. Quantity of social contacts has been associated with
reduced mortality in a wide number of studies (4), but it is unclear
what drives this association, and it has never been tested using
online social connections. We separately analyzed the association
between mortality and (i) initiated friendships (the user asks an-
other user to be friends and that friend accepts) and (ii) accepted
friendships (the user agrees to be friends with another user who
asked). If online relationships are beneficial or otherwise pre-
dictive of good health, we would expect the number of accepted
friendships to be associated with lower mortality risk. Additionally,
if seeking social support is beneficial for one’s health (or if it is
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Fig. 1.

associated with other beneficial personal attributes like capacity
for self-care), we would expect initiated friendships to be associ-
ated with reduced mortality.

Fig. 1 plots all-cause mortality hazard ratio estimates and CIs by
decile for the Facebook friending behaviors. Notice that accepted
friendship requests were associated with lower mortality. In fact,
the mortality rate for users with the most accepted friendships
(highest decile) was about 66% (95% CI: 60-73%) of the rate for
those with the least accepted friendships (lowest decile). However,
there was no such linear association between mortality and sent
friendship requests. These results replicate the classic relationship
between reduced mortality and number of social contacts in a
large scale online setting, but they suggest that what matters is not
the tendency to seek out friends—it is the willingness of others to
seek out and establish these friendships. To the extent that these
results might be explained by some causal relationship between
social support and health, the results suggest that merely seeking
additional support may be ineffective.

We next consider whether Facebook interactions that are
plausibly related to offline social activity are driving the re-
lationship between increased social activity on Facebook and
decreased mortality. Users who post status updates may also post
photos in these updates, and many photos show face-to-face
social interactions. In fact, past research suggests that tags in
photos are a strong predictor that two people have a face-to-face
relationship (12). In contrast, text-based interactions are less
predictive (in fact, in a model including several types of inter-
actions, “likes” were actually negatively associated with likeli-
hood of an offline relationship) (12). In Fig. 2, we show all-cause
mortality hazard ratio estimates for various combinations of text-
based activity (as measured by posting statuses) and photo-based
activity (as measured by posting photos). Notice that mortality
risk declines with increased photos, whereas it actually increases
with increased statuses. We replicate these results in a pro-
portional hazard model that includes both of these measures (S/
Appendix). Mortality risk was about 70% of average (95% CI:
54-91%) for those who post many photos (highest decile) but
few statuses (lowest decile). These results are suggestive that
offline social activities—and not online activities—are driving
the relationship between overall Facebook activity and decreased
mortality risk.

Posting statuses and photos are both undirected activities
because they do not have a specifically intended recipient, so we
wanted to explore the extent to which we would find different
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Facebook friends and relative mortality risk (all-cause mortality). This figure shows all-cause mortality estimates (points) by deciles of Facebook friend

counts, by initiated (A) and accepted (B) Facebook friendships and adjusted for age, gender, device use, and length of time on Facebook. The vertical bars are
95% Cls, and the square at 1.0 is the reference category. (A) Initiated friendship: the subject sent a Facebook friendship request that was then accepted.
(B) Accepted friendship: the subject received and accepted a friendship request. The x axis is the median number of Facebook friends in the decile, and the y axis
is the relative mortality risk estimated in a Cox proportional hazard model. The two friendship categories were estimated separately due to high collinearity

between them.
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Fig. 2. Mortality risk as a function of two social media activities. (A) All-cause mortality hazard ratio estimates for combinations of text-based activity (as measured by
posting statuses) and photo-based activity (as measured by posting photos). (B) All-cause mortality hazard ratio estimates for combinations of text-based directed com-
munications (as measured by posts with tags and messages sent) and photo-based directed communications (as measured by photo tags received). The x and y axes are the
quantiles of activities shown in the labels (each tick shows the respective quantile median). Colors show risk of mortality at each combination (red is higher; blue is lower).
Results were estimated in a Cox proportional hazard model with interacted indicators for each decile of activity (fewer than 10 categories where the number of users with
0 activity spanned more than one decile). To present similar relative hazard scales (where a hazard of 1.0 corresponds to an average risk), we used the [0,0] interaction
quantile as the reference category in the undirected analysis (no photos, no statuses) and the [1, 1] interaction quantile as the reference category in the directed analysis (one
sent post or message, one received photo tag). We smoothed the quantile estimates with an approximate Nadaraya-Watson kernel smoother set to a bandwidth of 0.9.

relationships in directed communications on Facebook. Previous
research suggests directed communication online is linked to
increases in perceived social support, while undirected commu-
nication is not (13). Fig. 2 shows all-cause mortality hazard ratio
estimates for text-based directed communications (as measured
by posts with tags and messages sent) versus photo-based di-
rected communications (as measured by photo tags received).
We focus on received tags rather than sent tags for photo-based
interactions because they usually indicate that the recipient is
in the photo and therefore engaging in a real-world social activity
(for comparisons of sent and received tags, see SI Appendix).
Here, we find, once again, an inverse relationship between
photo-based activity and mortality risk. However, there is now a
nonlinear relationship with online-directed communications:
extremely high and extremely low levels of online-directed
communication are both associated with higher mortality. We
replicate these results in a proportional hazard model that
includes both of these measures and an additional nonlinear
term for the online communication measure (SI Appendix).
This model suggests that mortality risk is lowest for those who
are tagged in many photos (highest decile) and who engage in
a moderate level of online-directed communication (fourth to
sixth deciles).

Last, we examine whether online social activities more strongly
predict mortality due to causes that are more likely to be related
to social factors. We present cause-specific estimates in order,
from least expected to be predicted by social support to most
expected. Social support and integration studies tend to find
stronger relationships between social support and cardiovascu-
lar-caused mortality than cancer-caused mortality (4), and past
work on substance abuse and suicide leads us to expect the
largest effects for these causes (14-16).

Fig. 34 shows that the number of online friendships is not
significantly related to decreased mortality due to cancer but is
for cardiovascular disease (91%; 95% CI: 87-96%) and even
more so for drug overdose (78%; 95% CI: 70-87%) and suicide
(73%; 95% CI: 66-80%). Moreover, when we separately analyze
initiated and accepted friendships, the results suggest that ac-
cepted friendships are driving the overall relationship, as we
previously showed in Fig. 1.

Fig. 3B shows that increased photo uploads is associated with
reduced mortality for all major causes except suicide. In contrast,
there is a small positive relationship between status updates and
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cancer, perhaps reflecting an effort by Facebook users to seek
social support or broadcast updates online once they are di-
agnosed with a chronic illness. Status updates appear to be un-
correlated with mortality for drug overdoses and suicides.

Finally, Fig. 3C shows that sent text-based communications are
generally unrelated to mortality risk for these causes, but re-
ceived communications tend to predict higher risk of mortality
due to cancer (108%; 95% CI: 104-112%) and lower risk due to
drug overdose (88%; 95% CI: 80-96%) and suicide (82%; 95%
CI: 74-90%). Once again, this association suggests that social
media is being used by cancer victims to broadcast updates, which
elicit received messages, and the contrast between cancer (a posi-
tive relationship) and other causes (a negative relationship) may
help to explain the nonlinear relationship observed with all-cause
mortality in Fig. 2. Meanwhile, received photo tags, our strongest
indicator of real-world social activity, are strongly inversely asso-
ciated with all types of mortality except those due to cancer, and
the inverse relationship is strongest with drug overdose (70%; 95%
CI: 64-77%) and suicide (69%; 95% CI: 63-76%).

All of the relationships in Fig. 3 remain significant with a
Bonferroni correction for 11 comparisons, with the exception of
(i) drug overdose and friendships initiated, (if) drug overdose and
sent communications, and (i) suicide and sent communications.

Discussion

This large-scale study measured the extent to which online social
life predicts differences in mortality rates, confirming that it does so
in the same way that offline social life does. Our results suggest that
people who use online social media experience lower mortality
rates than those who do not. Although this finding is very likely to
be explained at least in part by differences in socioeconomic status
between those who have access to social media and those who do
not, we show that among a higher status group (registered voters),
this difference in mortality persists. To the extent that online so-
cial media platforms like Facebook provide an opportunity to
maintain social relationships, they may also indirectly provide peo-
ple with greater capacity to receive social support and encourage
socially-motivated behaviors that may prevent illness.

Among those who do use social media, overall network size is
associated with better health. Just like numerous past studies of
real world social networks, we find that people with more friends
online are less likely to die than their disconnected counterparts.
This evidence contradicts assertions that social media have had a
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Fig. 3. Cause-specific mortality risk as a function of various Facebook activities. (A) Cause-specific mortality hazard ratio estimates for Facebook friendships (total, initiated, and
accepted counts). (B) Cause-specific mortality hazard ratio estimates for undirected activities (social media communications without a specific recipient). (C) Cause-specific
mortality hazard ratio estimates for directed activities (social media communications with a specific recipient). Points indicate cause-specific morality risk estimates and vertical
bars show 95% Cls. Actions by the subject are shown in purple, actions by the subject’s friend are shown in green, combined actions are shown in orange, circles denote
friending activities, triangles denote text-based actions, and squares denote photo-based actions. All variables are logged (after adding one to the activity count), scaled by their
SD (so that a unit change is an SD and comparable across activities), and centered at their means. The x axis is the cause of death (an extended table for more and more finely
discriminated causes of death is included in S/ Appendix), and the y axis is the relative mortality risk associated with a SD change in the relevant activity, estimated in a Cox
proportional hazard model. All activity categories were estimated separately due to high collinearity among them. “P/M" here is an abbreviation for “posts and messages.”

net-negative impact on health. Both comparisons between users
and nonusers and between low users and high users suggest that
social media use is predictive of lower mortality. If social media
use were extremely unhealthy, we would expect to find an overall
positive relationship between use and mortality, but we do not.

Moreover, those measures of online social activity that are most
predictive of reduced mortality are precisely those that are most
likely to promote or otherwise indicate offline social interactions.
In fact, when we separately analyze activities like posting statuses
and posting photos, we find that, underneath the overall re-
lationship between use and reduced mortality, there is an opposite
association with behaviors that are likely to be disconnected from
the offline world.

Notably, the relationships between offline and online social
activity vary by underlying cause of mortality in informative and
theoretically consistent manners. Cardiovascular disease is more
strongly related to social factors than cancer, and associations
between cardiovascular disease and social isolation are stronger
in offline interactions than in online ones. Online social inter-
actions and social support most strongly predict better health for
underlying causes of death related to mental illness and sub-
stance abuse (i.e., drug overdose and suicide), where we expect
the largest social support effects.

A major advantage of using online data are that we can dis-
tinguish between friendships sought and friendships accepted, and
our results show that the relationship between friendship and re-
duced mortality is driven by others’ perception of closeness and
desire to connect online. These results suggest that better health is
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unlikely to be determined solely by an individual’s ability to meet
more people or to seek out connection. Instead, it depends on
the likelihood that, once having met, social interactions will
continue, and/or others will perceive and maintain the friendship.
Unfortunately, the finding suggests that interventions that try to
increase capacity to seek support may not have the intended effect
of improving health.

This study has many limitations. For one, our study may have
limited external validity because Facebook is unique among social
media sites, and online platforms are constantly changing; by
analogy, efforts to predict real world flu using online searches
failed when the algorithms were not updated to reflect changing
use patterns (17). Another concern is that our measures of mor-
tality risk cover just 2 y for a single state in the United States
(California). It is possible that we might find different relation-
ships in studies with longer follow-up or in different states or
countries. However, the most notable limitation involves the
classic difficulty in distinguishing association from causation that
limits all observational studies. Although we show many rela-
tionships between social media use and reduced mortality risk, we
have not provided evidence of a causal relationship here.

We cannot say that spurring users to post more photos on
Facebook will increase user longevity. On the other hand, obser-
vational studies are often an important first step for better un-
derstanding new phenomena. We hope this study plays a role in
spurring interest in online social effects on health, just as Lisa
Berkman and Leonard Syme’s classic paper in 1979 spurred in-
terest in the relationship between social support and longevity (1).

Hobbs et al.
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In particular, the observational relationships reported here suggest
that online applications that explicitly promote offline social life
may generate positive health outcomes. Indeed, some scholars are
currently designing, implementing, and testing such applications
(18), and we encourage others to do so as well.

Materials and Methods

To conduct this study, we needed access to Facebook data and also to publicly
available vital records. Our study protocol was approved by three different
bodies: the institutional review board at the University of California, San
Diego (UCSD); the State of California Committee for the Protection of Human
Subjects; and the Vital Statistics Advisory Committee at the California De-
partment of Public Health. In addition, the research was reviewed by Face-
book’s internal review group. The UCSD institutional review board approved
a waiver of informed consent for analysis of existing data.

We worked directly with Facebook to analyze aggregate counts of use
data. We restricted our analysis to California where we could also access
public vital records containing cause of mortality. We identified all California-
based Facebook users who (i) signed up before October 2010, so they would
have at least 90 d of experience with the site before January 2011, when we
started measuring social media use; (ii) listed a first name (or nickname), last
name, and date of birth not shared by any other person in California, so that
these individuals could be linked to other records uniquely; and (iii) were
born between 1945 and 1989, because use at the time was rare among
people with earlier birth years, and some people mistakenly reported their
birth year as 1990 because it was the default when joining Facebook. We
also required first names and last names to appear at least once (independently)
in the California voter record, and we omitted users with a birthday of January 1
because it was the default; 12,689,047 profiles fit these criteria (the full pop-
ulation), of whom 4,011,852 were also present in the California voter record (by
complete first name, last name, and date of birth: the voter subpopulation). To
preserve privacy, after automatically matching to public records, all analyses
were performed on deidentified, aggregate data. All data were observational;
no one’s experience on the site was different from usual.

Once we identified the eligible population, we compared user information
(first name or nickname, last name, and date of birth) to California Department
of Public Health vital records for 2012 and 2013 to ascertain mortality status and
cause of mortality. For the period of study, the Facebook and California voter
record populations differed in their age and gender distributions because
many people on Facebook tend to be younger than the population of
California voters. To ensure age and gender covariate balance in our analyses,
we compared all deceased individuals on Facebook to a stratified random
sample of nondeceased individuals (S/ Appendix, Fig. 5) from the full and
voter populations described above. There were 179,345 people in our age-
and gender-based probability sample of Facebook users born between 1945
and 1989, of whom 17,990 died between January 2012 and December 2013;
89,597 were also present in the California voter record, of whom 11,995 had
died between January 2012 and December 2013.

We categorized underlying causes of mortality in 17 specific categories, as
well as 4 broader categories (cancer, cardiovascular disease, drug overdose,
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suicide), based on codes of the International Classification of Diseases, Tenth
Revision (19). We categorized methods of interaction on Facebook using
two basic dichotomies: directed (e.g., messages) versus undirected (e.g.,
status updates) and text-based (e.g., wall posts) versus photo-based (e.g.,
photo tags). We further distinguished directed actions as outgoing (i.e.,
sent) or incoming (i.e., received). These activity categories corresponded to
the major variance components of a principal component analysis of Face-
book activities (shown in S/ Appendix).

We used the Cox proportional hazard model to estimate relationships
between Facebook activities and mortality. The start time was the user’s age
on January 1, 2012, and the end time was the user’s age when deceased or as
of December 31, 2013. We classified the failure event as 1 for deceased in
"all-cause” models and 0 otherwise and 1 for mortality from specific causes
(e.g., 1 for mortality caused by cancer) and 0 otherwise. All models are
stratified by gender and, to account for possible socioeconomic status con-
founders, include controls for (/) Facebook sign-up date; (ii) access method
most commonly used on the site (e.g., the www.facebook.com webpage, the
mobile page m.facebook.com, or a native app on a smartphone); and (iii)
whether the individual used a smartphone application to access Facebook
social tools during the observation period. The additional socioeconomic
status control “highest education levels listed by friends on Facebook”
(shown in S/ Appendix) did not substantively alter the results.

For the proportional hazard models, all Facebook use variables were logged
[with log(x+ 1) so that 0 values were well-defined] because online counts of
behavior are skewed (most users have low activity and some users have very
high activity). Intuitively, this transformation assumes that one additional
photo tag (or any other action) is less important for good/bad health and
social support once a user already has many of them. For other low, medium,
and high use comparisons, we discretized variables by deciles, combining zero-
activity deciles when they spanned multiple deciles. This discretization allows
us to estimate nonlinear effects of Facebook use, as well as the effects of
unusually high levels of online activity. We report details of all models in
SI Appendix.

To compare the Facebook population to the California voter record
population, we weighted the population in the California voter record to
exactly resemble the distribution of age and gender on Facebook.

P values for all estimates are two-tailed. We computed Cls using robust
SEs. Because we are more confident that the voter subsample represents real
people, we show the results for this subsample in the main text, but we also
show results for the full sample in S/ Appendlix.

The California Department of Public Health prohibits the release of in-
dividual-level data. However, the agency does allow the release of aggre-
gated data that protects data confidentiality. We have created a dataset
that conforms to the agency’s guidelines for working with small cell sizes
(20), and we will make this available to researchers who request it from the
corresponding author.
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Glossary
Profile The user’s personal page. Contains basic information
and social activities.
Wall A message board on the user’s profile that is visible to
friends.
Facebook friend A connected person who can contact the user
and see the user’s profile and updates.
Friend request A request to become Facebook friends.
Wall post A message written to a friend’s wall that can be seen
by other friends.
Message A message sent to a friend or friends that can be seen
only by the sender and recipient(s).
Photo An uploaded photo, usually visible to all friends.
Photo tag An added label associating a person with an up-
loaded photo.
Status A broadcasted post on the user’s own profile, usually
visible to all friends. May contain a photo.
News feed A stream of updates of friends’ activities.

Table 1

A. About Facebook

Facebook (www.facebook.com) is an online social networking website founded in 2004 and is used by about 71% of Americans [1].
The website offers a number of online tools to keep in touch with friends, including ‘messages’ (private directed communications
seen only by the sender and recipient(s)), ‘wall posts’ (quasi-public directed communications posted to the recipient’s Facebook
‘wall” and visible to the recipient’s friends), and ‘status updates’ (quasi-public undirected communications that are visible to the
sender’s friends who see them in a continuous stream of all their friends’ updates called a ‘news feed’). The website also offers tools
to post photos in which one can ‘tag’ (label) friends (usually because they appear in the photos).

Each user maintains a ‘profile’ on the site. These profiles contain basic information such as name, education, friends, status
updates, and location, as well as ‘liked’ ‘pages’ (usually interests, such as music and news sites). These profiles are further associated

on the website with a ‘timeline’ history of all online activity and social interactions that have occurred since the user joined the site.

B. Data linking and controls

Once we identified the eligible population, we compared user information (first name or nickname, last name, and date of birth) to
California Department of Public Health vital records for 2012 and 2013 to ascertain mortality status and cause of mortality. We then
linked users who were living in January 2012 to their aggregated Facebook usage for the six-month period January 2011 through
June 2011, as well as basic demographic information: year of birth, gender, date signed up on Facebook, highest education listed on
profile, marital status listed on profile, and type of device used to access Facebook, along with the same information for all Facebook
friends of the subjects. We excluded the six months prior to the impanel date (July to December 2011) so that the observation
period was less likely to include acute periods of illness and disability. To be clear: we are testing associations between 1) social
media usage over a six month period and 2) mortality over a subsequent 24 month period, with a 6 month gap between these two

measurement periods.



Prior analyses of social media usage have typically restricted their focus to relatively active users (e.g. active on a specific day [2])
and/or self-reports of activity [3, 4]. The reason for this is that Facebook and other social media websites do not routinely verify that
users have only one profile or are using their real names, except when necessary for operational reasons (e.g. spam or advertising
audience estimates). However, low frequency use is an important variable of interest in the present analysis, so we do not select users
based on minimal activity criteria.

Instead, we require only that individuals 1) had at least one Facebook friend as of January 2011 so that use of the website is at
least minimally social; and 2) listed a first name (or, based on a publicly available database, associated nickname) and last name
present in the California voter record (e.g. we included users named ‘Jenny’ if anyone in the California voter record was named
‘Jenny’ or ‘Jennifer’). To further confirm that users listed real names, we segmented our analyses based on whether individuals listed
a first name (or nickname), last name, and date of birth on Facebook that was also present in the California voter record, and we
omitted users who listed a January 1st birthday because this is the default value when signing up for the site. 12,689,047 profiles fit
these criteria (the ‘full’ population), of whom 4,011,852 were present in the California voter record (the ‘voter’ subpopulation). This
match rate of 32% is similar to the match rate reported in previous analyses of California Facebook users [2] and is consistent with
the observations that 1) younger people are less likely to be registered to vote, and 2) California has the 2nd lowest voter registration
rate in the United States because of its large non-citizen population.

Cause of death categorizations differ from standard categorizations seen in prior works [5] only in that there are fewer old age
categories (e.g. no dedicated prostate cancer category) and more young age categories (e.g. distinguishing between drug overdoses
and unintentional injuries).

In Figure 4 we compare mortality rates on Facebook vs. in the general population by cause of mortality. Mortality due to sexually
transmitted diseases, several types of cancer, unintentional injuries, drug overdoses, and suicides did not significantly differ between
Facebook users and nonusers in the voter record. However, mortality due to infections (relative risk 0.72, 95% CI 0.63 to 0.82),
diabetes (0.62, CI 0.56 to 0.70), mental illness or dementia (0.75, CI 0.67 to 0.83), ischemic heart disease (0.81, CI 0.76 to 0.86),
stroke (0.71, CI 0.63 to 0.80), other cardiovascular diseases (0.88, CI 0.82 to 0.94), liver disease (0.65, CI 0.59 to 0.72), and homicide

(0.55, C10.46 to 0.67) were all significantly lower for Facebook users than nonusers.
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Fig. 4. Facebook, California voter record mortality rate by cause comparison. This figure shows relative cause-specific mortality risk among Facebook users whose
first name, last name, and date of birth are listed in the California voter record compared to all California registered voters. The y-axis (on bottom) is the relative
mortality risk estimated in a Cox proportional hazard model, and the x-axis is the cause of death. The all registered voter comparison group was exactly matched
on age and gender so that the comparisons groups are, by-design, perfectly balanced on these covariates.



C. Sampling rates

For the period of study, the Facebook and California voter record populations differed substantially in their age, and to some extent
gender, distributions, as many Facebook users were relatively young and many voters were relatively old. For Facebook activity
models, we sampled California Facebook users at 10 times the age- and gender-specific California mortality rate (mortality rate
interpolation shown in Figure 5).

The average age as of January 2011 was 49.6 (sd 12.4) and 42% listed female gender. Of those who made any social action on the
website for January 2011 through June 2011, 22% used smartphone applications on i0OS, Android, or Blackberry operating systems
(for comparison, others have reported that 35% of Americans owned a smartphone in 2011 [6]). The median number of Facebook
friends was 48 (25th percentile 18, 75th percentile 114; mean 108, sd 220) and the median number of individuals with whom a user
interacted at least once during the study period was 26 (25th percentile 5, 75th percentile 79; mean 68, sd 137). These numbers
are lower than those for all Facebook users, but note that social connections and social media activity are typically lower in older

populations.
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Fig. 5. Sampling rates by age and gender. This figure shows the sampling rates (interpolated mortality rates) used to construct an age and gender balanced
sample for the Facebook-only analyses. California-based Facebook users were randomly sampled at a rate 10 times the California age and gender-specific

mortality rate and included in a de-identified analysis file that included all decedents.



D. Activity categories

All Facebook activities were correlated because people who signed in more often were more likely to interact with each other using a
variety of different methods. Correlations between activities ranged from 0.85 for sent versus received messages to 0.33 for posting

statuses versus being tagged in photos. The full correlation matrix for major Facebook activities is in Supplementary Figure 6.
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Fig. 6. Correlations of common Facebook activities. This figures shows the Pearson correlations of major Facebook activities. These variables are ordered by the
3rd component (online versus offline) in the principal component analysis shown in Figure 7.



In our longitudinal statistical analyses, we distinguished out-going (i.e. sent) from incoming (i.e. received) updates, communica-
tions, and requests for ‘friendship’ status on the website, as well as text-only (i.e. primarily online) and photo-based (i.e. more likely
originally offline) social interactions. Because low levels of online social activity might reflect social isolation, while very high levels
might replace physical, offline social activity or reflect a social network’s provision of social support following news of terminal
illness, we also compared low, moderate, and high usage associations.

These activity categories correspond to loadings on major variance dimensions in a principal component analysis [7], where
overall activity is the first dimension, sent versus received messages is the second dimension, and text versus photo activity is the third
dimension. Loadings (i.e. transformation coefficients) in Figure 7 are the eigenvectors of our sample’s Facebook activity covariance
matrix and they can be multiplied by the original activity counts to produce a transformation of the data which preserves correlated
information in a smaller number of composite, orthogonal variables. The eigenvector corresponding to the leading eigenvalue
contains each variable’s contribution to the matrix’s largest variance component (and the eigenvector correponding to the nth largest
eigenvalue is each variable’s contribution to the nth largest variance component). In the principal component analysis here, we
log(x+ 1) and scale each variable by its standard deviation and then center at zero.

The first component (i.e. the largest variance component, accounting for 70% of the proportion of variance explained) in
this principal component analysis is overall activity (not shown because it is similar for all activity variables), the second is
undirected/outgoing activity versus incoming activity (including network size — this component explains 7% of the variance), and the
third is text-based versus photo-based activity (5% of the variance). In other words, it appears that users vary primarily in their level
of activity, the extent to which the send or receive interactions, and the extent to which they use photos or text to interact with others

on the site.
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Fig. 7. Principal component analysis of common Facebook activities. This figure shows the second and third components of a principal component analysis
on major Facebook activities. The first component (not shown) is the overall level of activity, and the activities of interest do not clearly differ on it. The second
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E. Models included in Figure 4

For Facebook population comparisons to the California voter record comparison populations, we matched Facebook and the voter
record population by age and gender. We summed the number of individuals in each age-gender combination stratum on Facebook,
and weighted the individuals in the California voter record to match the same age and gender distribution using the formula
m§ /mi X m./my, where m{ is the number of observations in the Facebook strata and nz}. is the number of observations in the voter
record strata (;m* and m€ are the overall numbers of observations in each data set).

For the by-cause estimates in Figure 4, we use the Cox proportional hazard model, with added weights so that the datasets are
matched exactly, and plot the estimate for an indicator variable signifying presence on Facebook. Because not all voters list their
gender on voter registraton forms (and this is not an option on many forms), we relied on gendered first names in place of reported
gender in this analysis (using the same last name gender proportion cutoffs for both Facebook and the voter record), and excluded

ambiguous names (where less than 95% of reporting registrants listed a specific gender).



Table 2. Infections risk, voter record.

Dependent variable:

Deceased
Has social media account 0.719
(0.630, 0.821)
Male 1.660

(1.486, 1.855)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 3. Sexually transmitted diseases risk, voter record.

Dependent variable:

Deceased
Has social media account 0.963
(0.787, 1.178)
Male 9.074

(6.826, 12.062)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 4. Colorectal cancer risk, voter record.

Dependent variable:

Deceased

Has social media account 1.051
(0.944, 1.170)

Male 1.274
(1.156, 1.404)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 5. Pancreatic cancer risk, voter record.

Dependent variable:

Deceased

Has social media account 1.092
(0.965, 1.236)

Male 1.475
(1317, 1.652)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 6. Lung cancer risk, voter record.

Dependent variable:

Deceased

Has social media account 0.996
(0.919, 1.079)

Male 1.138
(1.059, 1.223)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.
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Table 7. Blood lymphatic cancers risk, voter record.

Dependent variable:

Deceased

Has social media account 1.066
(0.955, 1.189)

Male 1.552
(1.403, 1.716)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 8. All other cancers risk, voter record.

Dependent variable:

Deceased
Has social media account 1.040
(0.996, 1.085)
Male 0.919
(0.884, 0.956)
Observations 11,834,575
Note: 95% confidence intervals in parentheses.

Table 9. Diabetes risk, voter record.

Dependent variable:

Deceased

Has social media account 0.624
(0.557, 0.700)

Male 1.685
(1.537, 1.847)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 10. Mental iliness dementia risk, voter record.

Dependent variable:

Deceased
Has social media account 0.748
(0.672, 0.833)
Male 1.437

(1.313, 1.572)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 11. Ischemic heart disease risk, voter record.

Dependent variable:

Deceased

Has social media account 0.805
(0.758, 0.855)

Male 3.019
(2.853,3.195)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.



Table 12. Stroke risk, voter record.

Dependent variable:

Deceased

Has social media account 0.713
(0.632, 0.803)

Male 1.274

(1.154, 1.406)
Observations 11,834,575
Note: 95% confidence intervals in parentheses.

Table 13. all other CVDs risk, voter record.

Dependent variable:

Deceased

Has social media account 0.877
(0.818, 0.940)

Male 1.984
(1.864, 2.112)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 14. Liver disease risk, voter record.

Dependent variable:

Deceased
Has social media account 0.652
(0.592,0.718)
Male 1.847

(1.707, 2.000)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 15. Unintentional injury risk, voter record.

Dependent variable:

Deceased

Has social media account 0.952
(0.872, 1.040)

Male 3.190

(2.918,3.488)
Observations 11,834,575
Note: 95% confidence intervals in parentheses.

Table 16. Drug overdose risk, voter record.

Dependent variable:

Deceased

Has social media account 0.987
(0.900, 1.083)

Male 1.642

(1.509, 1.787)
Observations 11,834,575
Note: 95% confidence intervals in parentheses.
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Table 17. Suicide risk, voter record.

Dependent variable:

Deceased

Has social media account

0.967
(0.887, 1.054)

3.089
(2.831,3.371)

11,834,575

95% confidence intervals in parentheses.

Table 18. Homicide risk, voter record.

Dependent variable:

Deceased

Has social media account

0.554
(0.457,0.671)

3.343
(2.819, 3.965)

11,834,575

95% confidence intervals in parentheses.



F. Models included in Figure 1

Controls here included relationship status (baseline category: “not listed”) and application type used to access Facebook (baseline

category: “desktop browser” or “no activity”).

Table 19. Friendships initiated

Dependent variable:

Deceased
Confirmation date 1.174
(1.150, 1.200)
Single 1.571
(1.487, 1.658)
In a relationship 1.165
(1.073, 1.265)
In an open relationship 1.793
(1.106, 2.908)
Married 0.758

(0.723,0.794)

Engaged 1.031
(0.838, 1.269)

It’s complicated 1.959
(1.689,2.271)

Widowed 1.941
(1.607, 2.344)

Separated 1.206
(0.751, 1.935)
Divorced 1.459
(1.046, 2.036)
Mobile browser 1.156
(1.013, 1.320)
Android 1.127
(0.974, 1.304)
i0S 1.034
(0.920, 1.163)
Blackberry 1.157
(0.968, 1.383)
Any smartphone 0.737
(0.695, 0.782)
Friendships initiated 0 [0-2] 1.156
(1.065, 1.255)
Friendships initiated 3 [2-6] 1.050
(0.972, 1.134)
Friendships initiated 7 [6-10] 1.041
(0.962, 1.127)
Friendships initiated 11 [10-14] 1.049
(0.967, 1.139)
Friendships initiated 24 [20-29] 0.995
(0.919, 1.078)
Friendships initiated 35 [29-43] 0.970
(0.895, 1.052)
Friendships initiated 53 [43-67] 1.023
(0.942, 1.110)
Friendships initiated 87 [67-122] 1.049
(0.965, 1.141)
Friendships initiated 195 [122-3414] 1.104
(1.013, 1.204)
Observations 89,597
Note: 95% confidence intervals estimated using robust standard errors.
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Table 20. Friendships accepted

Dependent variable:

Deceased

Confirmation date 1118
(1.093, 1.143)

Single 1.659
(1.572, 1.751)

In a relationship 1.242
(1.143,1.349)

In an open relationship 1.844
(1.142,2.978)

Married 0.804
(0.768, 0.842)

Engaged 1.095
(0.890, 1.347)

It’s complicated 2,044
(1.763,2.370)

Widowed 2.062

(1.708, 2.489)

Separated 1.269
(0.790, 2.037)

Divorced 1.485
(1.065,2.071)

Mobile browser 1.169
(1.024, 1.335)

Android 1.101

(0.952,1.274)

i0S 1.014
(0.902, 1.140)

Blackberry 1142
(0.956, 1.365)

Any smartphone 0.778
(0.734, 0.825)

Friendships accepted 1 [0-4] 1.383
(1.280, 1.493)

Friendships accepted 6 [4-10] 1.211
(1.123, 1.307)

Friendships accepted 12 [10-16] 1.146
(1,061, 1.237)
Friendships accepted 18 [16-22] 1.091
(1.007, 1.182)
Friendships accepted 35 [31-41] 1.028
(0.948, 1.114)
Friendships accepted 47 [41-56] 0.962
(0.888, 1.043)
Friendships accepted 65 [56-79] 0.904

(0.831, 0.983)

Friendships accepted 98 [79-129] 0.852
(0.781, 0.929)

Friendships accepted 194 [129-4812] 0.915
(0.834, 1.003)

Observations 89,597

Note: 95% confidence intervals estimated using robust standard errors.

13



G. Models included in Figure 2

In models with two usage variables (heat maps shown in Figure 2), we interacted all deciles and included them as indicator variables.
To present similar relative hazard scales (where a hazard of 1 corresponds to an average risk), we used the [0,0] interaction quantile as
the reference category in the undirected analysis (no photos, no statuses) and the [1,1] interaction quantile as the reference category

in the directed analysis (one sent post or message, one received photo tag).

Table 21. Statuses and photos (two-way decile estimates)

Dependent variable:

Deceased Continued
Confirmation date 1.170 Statuses/photos 20 0 1.283
(1.146, 1.195) (1.095, 1.504)
Single 1.522 Statuses/photos 20 1 1.040
(1.441, 1.607) (0.869, 1.245)
In a relationship 1.153 Statuses/photos 20 11 0.946
(1.062, 1.252) (0.834, 1.073)
In an open relationship 1.787 Statuses/photos 20 124 0.771
(1.105, 2.889) (0.670, 0.886)
Married 0.745 Statuses/photos 20 33
(0.712, 0.780) (0.788, 1.014)
Engaged 1.022 Statuses/photos 20 4 1.083
(0.831, 1.257) (0.925, 1.268)
1t’s complicated 1.892 Statuses/photos 3 0 1.068
(1.632,2.194) (0972, 1.173)
Widowed 1.878 Statuses/photos 3 1 1.001
(1.554,2.269) (0.878, 1.140)
Separated 1.198 Statuses/photos 3 11 0.835
(0.746, 1.925) (0.719, 0.969)
Divorced 1.451 Statuses/photos 3 124 0.674
(1.041,2.024) (0.531, 0.856)
Mobile browser 1.073 Statuses/photos 3 33 0711
(0.939, 1.225) (0.588, 0.859)
Android 1.085 Statuses/photos 3 4 0.927
(0,938, 1.254) (0.802, 1.072)
i0S 1.006 Statuses/photos 7 0 1.147
(0.894, 1.131) (1.009, 1.304)
Blackberry 1.091 Statuses/photos 7 1 1.019
(0912, 1.304) (0.874, 1.189)
Any smartphone 0.768 Statuses/photos 7 11 0.973
(0.723,0.817) (0.852, 1.110)
Statuses/photos 0 1 0.803 Statuses/photos 7 124 0.788
(0.735,0.878) (0.656,0.946)
Statuses/photos 0 11 0.702 Statuses/photos 7 33 0.892
(0.601, 0.820) (0.769, 1.035)
Statuses/photos 0 124 0.673 Statuses/photos 7 4 0.972
(0.519,0.873) (0.834, 1.132)
Statuses/photos 0 33 0.599 Statuses/photos 72 0 1.630
(0478, 0.749) (1.276,2.081)
Statuses/photos 0 4 0.751 Statuses/photos 72 1 1.485
(0.659, 0.856) (1.174, 1.879)
Statuses/photos 1 0 1.011 Statuses/photos 72 11 1.195
(0.927, 1.102) (1.045, 1.366)
Statuses/photos 1 1 0.983 Statuses/photos 72 124 0.959
(0.855, 1.131) (0.866, 1.061)
Statuses/photos 1 11 0.753 Statuses/photos 72 33 1.060
(0.615, 0.920) (0.944, 1.190)
Statuses/photos 1 124 0.549 Statuses/photos 72 4 1.154
(0.386, 0.781) (0.938, 1.419)
Statuses/photos 1 33 0.672 Obscreion 89.597
(0.519, 0.870)
Statuses/photos 1 4 0.938 Note: 95% confidence intervals estimated using robust standard errors.
(0.791, 1.114)
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Table 22. Posts/messages sent and photo tags received (two-way decile estimates)

Dependent variable:

Deceased
Confirmation date 1.162
(1.138, 1.186)
Single 1.604
(1.519, 1.694)
In a relationship 1.209
(1.113, 1.313)
In an open relationship 1.838
(1.137,2.971)
Married 0.783
(0.748, 0.820)
Engaged 1.078
(0.876, 1.327)
1t’s complicated 2.005
(1.730, 2.325)
Widowed 2.015
(1.669, 2.433)
Separated 1.204
(0.749, 1.936)
Divorced 1.497
(1.075, 2.085)
Mobile browser 1.163

Android

i0s

Blackberry

Any smartphone

Posts messages out/tags in 0 0
Posts messages out/tags in 0 1
Posts messages out/tags in 0 14
Posts messages out/tags in 0 2
Posts messages out/tags in 0 4
Posts messages out/tags in 0 7
Posts messages out/tags in 10 0
Posts messages out/tags in 10 1
Posts messages out/tags in 10 14
Posts messages out/tags in 10 2
Posts messages out/tags in 10 4
Posts messages out/tags in 10 7
Posts messages out/tags in 150 0
Posts messages out/tags in 150 1
Posts messages out/tags in 150 14
Posts messages out/tags in 150 2
Posts messages out/tags in 150 4

Posts messages out/tags in 150 7

(1.019, 1.328)

(0973, 1.305)
1030
(0915, 1.159)
1.146

(0.959, 1.370)
0.775
(0.730, 0.823)
1.147
(1.012, 1.301)
1.017

(0.882, 1.173)
0.668
(0.426, 1.046)
0.941

(0.808, 1.096)
0.810
(0.649, 1.010)
0.870
(0.669, 1.130)
1.095

(0935, 1.283)
0.905
(0760, 1.078)
0738
(0548, 0.992)
0.843
(0711, 0.998)
0.825
(0667, 1.019)
0.806
(0641, 1.014)
0.965
(0.663, 1.404)
1.140

(0.875, 1.484)
0.866
(0.741,1.011)
1.038
(0.855, 1.261)
0.941

(0.774, 1.145)
0.989
(0.833, 1.174)

Continued

Posts messages out/tags in 18 0
Posts messages out/tags in 18 1
Posts messages out/tags in 18 14
Posts messages out/tags in 18 2
Posts messages out/tags in 18 4
Posts messages out/tags in 18 7
Posts messages out/tags in 2 0
Posts messages out/tags in 2 14
Posts messages out/tags in 2 2
Posts messages out/tags in 2 4
Posts messages out/tags in 2 7
Posts messages out/tags in 33 0
Posts messages out/tags in 33 1
Posts messages out/tags in 33 14
Posts messages out/tags in 33 2
Posts messages out/tags in 33 4
Posts messages out/tags in 33 7
Posts messages out/tags in 5 0
Posts messages out/tags in 5 1
Posts messages out/tags in 5 14
Posts messages out/tags in 5 2
Posts messages out/tags in 5 4
Posts messages out/tags in 5 7
Posts messages out/tags in 62 0

Posts messages out/tags in 62 1

0.992
(0.837, 1.176)
1.012
(0.851, 1.203)
0.838
(0.664, 1.058)
0.896
(0.759, 1.058)
0.794

(0.648,0.972)
0.802
(0.651,0.988)

(0.920,1.232)
0740
(0.464, 1.180)
03811
(0.675,0.973)
0917

(0.711, 1.183)
(0.579, 1.074)
0.943
(0.778, 1.143)
1.020
(0.848, 1.226)

0.802
(0.651, 0.989)
1.043

(0.887, 1.227)

(0.682, 0.999)
0.815
(0.669, 0.992)
1.011

(0.871, 1.174)
0.950
(0.807, 1.119)
0.985

(0723, 1.343)
(0.632,0.893)
0783
(0.626,0979)
(0.601,0993)
1.008
(0803, 1.265)
0853

(0.687, 1.059)

Posts messages out/tags in 62 14 0.854
(0.715, 1.021)
Posts messages out/tags in 62 2 1.060
(0.897, 1.253)
Posts messages out/tags in 62 4 0.864
(0.717, 1.041)
Posts messages out/tags in 62 7 0.770
(0.639, 0.928)
Observations 89,597
Note: 95% confidence intervals estimated using robust standard errors.
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H. Continuous estimates for relationships in Figure 2

Table 23. Statuses and photos (same model)

Dependent variable:

Deceased

Confirmation date 1.170
(1.146, 1.195)

Single 1.507
(1.427,1.591)
In a relationship 1.143
(1.053, 1.241)
In an open relationship 1.772
(1.094, 2.870)
Married 0.739
(0.706, 0.773)
Engaged 1.014
(0.824, 1.248)
It’s complicated 1.882
(1.623,2.181)
Widowed 1.851
(1.532,2.236)
Separated 1.186
(0.738, 1.904)
Divorced 1.427
(1.024, 1.989)
Mobile browser 1.058
(0.926, 1.208)
Android 1.067
(0.923, 1.234)
ios 0.997
(0.886, 1.121)
Blackberry 1.078
(0.901, 1.288)
Any smartphone 0.766
(0.721,0.814)
Statuses .
(1.137, 1.197)
Photos 0.836
(0.814, 0.858)
Observations 89,597
Note: 95% confidence intervals estimated using robust standard errors.
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Table 24. Posts/messages sent (non-linear estimate)

Dependent variable:

Deceased
Confirmation date 1167
(1.143, 1.191)
Single 1.599
(1.514, 1.688)
In a relationship 1.189
(1.095, 1.291)
In an open relationship 1.815
(1.122,2.936)
Married 0.767
(0.733, 0.803)
Engaged 1.048
(0.852, 1.290)
It’s complicated 1.986
(1.713,2.303)
Widowed 1.988
(1.647, 2.400)
Separated 1.222
(0.761, 1.962)
Divorced 1.488
(1.066, 2.076)
Mobile browser 1.166
(1.021, 1.331)
Android 1.107
(0.957, 1.282)
i0S 1.024
(0.910, 1.152)
Blackberry 1.152
(0.964, 1.377)
Any smartphone 0.762
(0.718, 0.809)
Posts/messages sent 0.804
(0.761, 0.849)
Posts/messages sent? 1.196
(1.133,1.263)
Observations 89,597
Note: 95% confidence intervals estimated using robust standard errors.
Table 25. Photo tags received (non-linear estimate)
Dependent variable:
Deceased
Confirmation date 1.160
(1.136, 1.184)
Single 1.598

(1.515, 1.685)
In a relationship .
(1.107, 1.304)

In an open relationship 1.843
(1.140,2.979)
Married 0.776
(0.742,0.812)
Engaged 1.066
(0.867, 1.311)
It’s complicated 1.992
(1.718,2.309)
Widowed 2.001
(1.658,2.416)
Separated 1.214
(0.756, 1.951)
Divorced 1.479

(1.062, 2.059)
Mobile browser 1.161
(1.017, 1.325)
1.100

Android
(0.951, 1.272)
i0S 1.005
(0.894, 1.130)
Blackberry 1.134

(0.949, 1.355)
Any smartphone
(0.734,0.825)

Tags received 0.830
(0.790, 0.872)
Tags received? 1.100
(1.046, 1.157)
Observations 89,597
Note: 95% confidence intervals estimated using robust standard errors.
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l. Models included in Figure 3

Table 26. Facebook friend count
Dependent variable:
Cancer CVD Drug overdose Suicide
Q)] (@) 3) )
Confirmation date 1.045 1.220 1.249 0.981
(1.008, 1.083) (1.159, 1.285) (1.143, 1.365) (0.911, 1.057)
Single 1.205 1.884 2418 1.790
(1.094, 1.327) (1.678,2.114) (1.921, 3.043) (1.414,2.267)
In a relationship 1.003 1.187 2.242 1.262
(0.861, 1.169) (0.979, 1.441) (1.680, 2.993) (0.920, 1.733)
In an open relationship 1.270 1.483 1.680

Married

Engaged

It’s complicated

Widowed

Separated

Divorced

Mobile browser

Android

i0S

Blackberry

Any smartphone

Friend count

(0.471, 3.423)

0.899
(0.838, 0.965)

0.741
(0.464, 1.181)

1.689
(1.306, 2.184)

1.397
(1.009, 1.934)

1.193
(0.537,2.647)

0.732
(0.349, 1.536)

1.035
(0.804, 1.333)

1.290
(1.015, 1.638)

1.164
(0.972, 1.394)

1.176
(0.881, 1.569)

0.869
(0.791, 0.954)

0.991
(0.955, 1.029)

(0.472, 4.658)

0.719
(0.648,0.797)

1.239
(0.782, 1.965)

2.061
(1.493, 2.845)

3.189
(2.284, 4.454)

1.040
(0.335,3.227)

0.766
(0.288, 2.036)

1.249
(0.931, 1.677)

0.843
(0.578, 1.229)

0.939
(0.716, 1.232)

1.132
(0.763, 1.680)

0.803
(0.705, 0.915)

0.910
(0.866, 0.957)

0.673
(0.522, 0.867)

1381
(0.701, 2.719)

4.181
(2.564, 6.817)

4.103
(1.683, 10.005)

1.501
(0210, 10.711)

2.164
(0.532, 8.803)

0.680
(0.382, 1.209)

1.071
(0.612, 1.873)

1.173
(0.726, 1.895)

1.121
(0.511, 2.456)

0.512
(0.394, 0.665)

0.779
(0.701, 0.866)

(0.241, 11.730)

0.709
(0.569, 0.883)

1181
(0.601, 2.322)

2175
(1.156, 4.091)

2.087
(0.666, 6.543)

1.321
(0.183,9.533)

4,654
(1.916, 11.306)

1.094
(0.664, 1.803)

1.139
(0.708, 1.833)

0.837
(0.533, 1.314)

0.540
(0.221, 1.320)

0.903
(0.720, 1.132)

0.731
(0.663, 0.805)

Observations

89,597

89,597

89,597

89,597

Note:

95% confidence intervals estimated using robust standard errors.
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Table 27. Friendships initiated

Dependent variable:

Cancer CVD Drug overdose Suicide
@ () 3 “)
Confirmation date 1.050 1.254 1313 1.036
(1.014, 1.088) (1.193, 1.317) (1.205, 1.430) (0.964, 1.114)
Single 1.188 1.795 2.233 1.661
(1.078, 1.309) (1.600, 2.015) (1.774, 2.810) (1.314, 2.100)
In a relationship 0.988 1.124 2.045 1.155
(0.848, 1.151) (0.927, 1.364) (1.536, 2.723) (0.846, 1.578)
In an open relationship 1.251 1.431 1.585
(0.464, 3.374) (0.456, 4.494) (0.224, 11.211)
Married 0.887 0.683 0.616 0.648
(0.826, 0.951) (0.616, 0.756) (0.480, 0.792) (0.523, 0.803)
Engaged 0.730 1.174 1.255 1.079
(0.457, 1.164) (0.740, 1.861) (0.637, 2.472) (0.550, 2.119)
It’s complicated 1.666 1.971 3.940 2.050
(1.288, 2.155) (1.428,2.721) (2.418, 6.420) (1.091, 3.850)
Widowed 1.373 3.016 3.769 1.925
(0.991, 1.901) (2.159,4.213) (1.546,9.191) (0.614, 6.038)
Separated 1.173 0.987 1.383 1.222
(0.528, 2.606) (0.318, 3.066) (0.193, 9.887) (0.169, 8.833)
Divorced 0.723 0.742 2.087 4.546
(0.345, 1.518) 0.279, 1.972) (0.514, 8.480) (1.872, 11.042)
Mobile browser 1.034 1.239 0.667 1.075
(0.803, 1.332) (0.923, 1.663) (0.375, 1.186) (0.653, 1.770)
Android 1.300 0.861 1.091 1.158
(1.023, 1.651) (0.590, 1.256) (0.624, 1.907) (0.719, 1.864)
i0S 1.172 0.956 1.192 0.845
(0.979, 1.404) (0.729, 1.255) (0.737, 1.929) (0538, 1.328)
Blackberry 1.182 1.145 1.128 0.542

Any smartphone

Friendships initiated

(0.886, 1.578)

0.858
(0.781, 0.942)

1.016
(0.981, 1.053)

(0.771, 1.700)

0.769
(0.675, 0.877)

0.990
(0.944, 1.039)

(0.514,2.472)

0.480
(0.370, 0.623)

0.894
(0.805, 0.993)

(0.222, 1.326)

0.846
(0.677, 1.057)

0.840
(0.764, 0.923)

Observations

89,597

89,597

89,597

89,597

Note:
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Table 28

. Friendships accepted

Dependent variable:

Cancer CVD Drug overdose Suicide
@ 2 3) “)
Confirmation date 1.042 1.188 1.203 0.948
(1.004, 1.082) (1.128, 1.252) (1.100, 1.315) (0.879, 1.022)
Single 1.207 1.910 2452 1.790
(1.096, 1.328) (1.703, 2.142) (1953, 3.079) (1.415,2.264)
In a relationship 1.005 1.210 2.302 1.278
(0.863, 1.170) (0.997, 1.467) (1.728, 3.066) (0.931, 1.754)
In an open relationship 1.270 1.480 1.657
(0.471, 3.424) (0.471, 4.651) (0.243, 11.325)
Married 0.901 0.732 0.688 0.716
(0.840, 0.966) (0.661, 0.810) (0.535, 0.886) (0.574, 0.892)
Engaged 0.742 1.258 1.409 1.192
(0.465, 1.183) (0.794, 1.994) (0.717, 2.770) (0.607, 2.341)
It’s complicated 1.691 2.078 4.187 2.160
(1.308, 2.186) (1.506, 2.868) (2.564, 6.837) (1.148, 4.064)
Widowed 1.399 3.229 4.104 2.053
(1.010, 1.937) (2.314,4.507) (1.685,9.997) (0.655, 6.435)
Separated 1.194 1.051 1.525 1.315
(0.538, 2.650) (0.339, 3.259) (0.214, 10.875) (0.182, 9.485)
Divorced 0.732 0.767 2.157 4.517
(0.349, 1.537) (0.289, 2.037) (0.530, 8.778) (1.863, 10.951)
Mobile browser 1.036 1.257 0.685 1.101
(0.804, 1.334) (0.936, 1.687) (0.385,1.217) (0.668, 1.814)
Android 1.289 0.843 1.082 1.158
(1.015, 1.637) (0.578, 1.230) (0.618, 1.893) (0.720, 1.864)
i0S 1.164 0.940 1.186 0.853
(0.972, 1.393) (0.716, 1.232) (0.735,1.914) (0.544, 1.338)
Blackberry 1.176 1.137 1.130 0.547
(0.881, 1.569) (0.766, 1.687) (0.515,2.477) (0.224,1.337)
Any smartphone 0.870 0.813 0.520 0.906

(0.793, 0.955)

(0.714, 0.925)

(0.401, 0.675)

(0.722, 1.136)

Friendships accepted 0.986 0.869 0.733 0.696
(0.951, 1.023) (0.829,0.912) (0.664, 0.808) (0.634, 0.765)

Observations 89,597 89,597 89,597 89,597

Note: 95% confidence intervals estimated using robust standard errors.
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Table 29. Statuses

Dependent variable:

Cancer CVD Drug overdose Suicide
@ () 3 “)
Confirmation date 1.054 1.263 1.336 1.069
(1.018, 1.091) (1.202, 1.326) (1.228, 1.453) (0.994, 1.149)
Single 1.159 1.722 2.145 1.449
(1.052,1.277) (1.533,1.934) (1.704,2.701) (1.146, 1.831)
In a relationship 0.968 1.083 1.954 1.017
(0.832, 1.127) (0.894, 1.313) (1.477, 2.586) (0.748, 1.381)
In an open relationship 1.232 1.392 1.481
(0.457,3.317) (0.444, 4.363) (0.209, 10.476)
Married 0.872 0.663 0.588 0.574
(0.814, 0.935) (0.600, 0.733) (0.460, 0.750) (0.465, 0.708)
Engaged 0.717 1.133 1.189 0.950
(0.450, 1.143) (0.716, 1.795) (0.606, 2.334) (0.484, 1.866)
It’s complicated 1.627 1.895 3.824 1.796
(1.259, 2.104) (1.373,2.616) (2.343, 6.240) (0.952, 3.389)
Widowed 1.334 2.873 3.601 1.630
(0.964, 1.847) (2.057,4.014) (1.475, 8.792) (0.519,5.116)
Separated 1.154 0.953 1.311 1.067
(0.520, 2.560) (0.307, 2.961) (0.183,9.376) (0.148,7.713)
Divorced 0.703 0.713 2.043 4.121
(0.335, 1.475) (0.268, 1.895) (0.504, 8.292) (1.699, 9.993)
Mobile browser 1.020 1.217 0.675 1.035
0.792, 1.314) (0.906, 1.635) (0.378, 1.204) (0.627, 1.708)
Android 1.292 0.865 1.129 1.216
(1.018, 1.641) (0.593, 1.260) (0.645, 1.974) (0.756, 1.957)
i0S 1.186 0.976 1.217 0.904
(0.990, 1.421) (0.744, 1.281) (0.752, 1.968) (0.576, 1.417)
Blackberry 1.182 1.155 1.154 0.569

Any smartphone

Statuses

(0.885, 1.577)

0.826
(0.751, 0.909)

1.064
(1.028, 1.101)

(0.778, 1.714)

0.727
(0.637, 0.830)

1.068
(1.018, 1.121)

(0.527,2.527)

0.470
(0.362, 0.611)

0.956
(0.875, 1.045)

(0.233, 1.392)

0.726
(0.578, 0.913)

1.066
(0.972, 1.169)

Observations

89,597

89,597

89,597

89,597

Note:

95% confidence intervals estimated using robust standard errors.
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Table 30. Photos

Dependent variable:

Cancer CVD Drug overdose Suicide
@ () 3 “)
Confirmation date 1.043 1.246 1.326 1.065
(1.008, 1.080) (1.186, 1.308) (1.219, 1.443) (0.990, 1.145)
Single 1.218 1.853 2228 1.522
(1.108, 1.340) (1.655, 2.075) (1.779, 2.792) (1.210, 1.913)
In a relationship 1.016 1.169 2.055 1.058
(0.873,1.183) (0.964, 1.417) (1.554,2.718) (0.779, 1.436)
In an open relationship 1.286 1.471 1.529
(0.477, 3.468) (0.468, 4.626) (0.216, 10.817)
Married 0.909 0.701 0.612 0.592
(0.849, 0.973) (0.635, 0.774) (0.480, 0.781) (0.480, 0.730)
Engaged 0.751 1.219 1.249 0.987
(0471, 1.196) (0.769, 1.930) (0.636, 2.452) (0.504, 1.932)
It’s complicated 1.710 2.033 3.972 1.888
(1.322,2.210) (1.474, 2.805) (2.444, 6.454) (1.003, 3.554)
Widowed 1.415 3.137 3.777 1.731
(1.023, 1.959) (2.248,4.377) (1.549,9.207) (0.554, 5.413)
Separated 1.208 1.024 1.400 1.109
(0.544, 2.682) (0.330, 3.175) (0.196, 9.987) (0.154, 7.989)
Divorced 0.745 0.777 2.140 4.301
(0355, 1.564) (0.293, 2.065) (0.526, 8.701) (1.776, 10.420)
Mobile browser 1.023 1.210 0.649 1.058
(0.794, 1.318) (0.901, 1.624) (0.365, 1.153) (0.642, 1.742)
Android 1.281 0.846 1.080 1.213
(1.008, 1.626) (0.580, 1.233) (0.617, 1.893) (0753, 1.955)
i0S 1.145 0.919 1.141 0.878
(0.955, 1.371) (0.700, 1.206) (0.704, 1.850) (0.560, 1.377)
Blackberry 1.155 1.092 1.082 0.559

Any smartphone

Photos

(0.865, 1.542)

0.902
(0.820, 0.993)

0.954
(0.921, 0.987)

(0.735, 1.623)

0.848
(0.740, 0.971)

0.893
(0.849, 0.938)

(0.493,2.377)

0.541
(0.414,0.707)

0.821
(0.748, 0.901)

(0.229, 1.367)

0.789
(0.626, 0.993)

0.968
(0.885, 1.059)

Observations

89,597

89,597

89,597

89,597

Note:

95% confidence intervals estimated using robust standard errors.
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Table 31. Posts/messages sent

Dependent variable:

Cancer CVD Drug overdose Suicide
@ () 3 “)
Confirmation date 1.044 1.251 1.324 1.054
(1.008, 1.081) (1.191, 1.314) (1215, 1.441) 0.979, 1.134)
Single 1.214 1.816 2.204 1.596
(1.103, 1.338) (1.617,2.039) (1.755, 2.769) (1.264, 2.016)
In a relationship 1.010 1.136 2.004 1.095
(0.867, 1.176) (0.936, 1.378) (1.514, 2.652) (0.806, 1.488)
In an open relationship 1.276 1.441 1.569
(0.473, 3.442) (0.459, 4.526) (0.222, 11.082)
Married 0.904 0.687 0.599 0.607
(0.843, 0.968) (0.621, 0.759) (0.470, 0.763) (0.493, 0.748)
Engaged 0.745 1.183 1.217 1.019
(0.467, 1.187) (0.747, 1.873) (0.620, 2.389) (0.520, 1.996)
It’s complicated 1.700 1.988 3.881 1.959
(1314, 2.199) (1.440, 2.744) (2.388, 6.306) (1.041, 3.686)
Widowed 1.408 3.049 3.704 1.824
(1.017, 1.949) (2.183,4.257) (1.517, 9.046) (0.583, 5.709)
Separated 1.200 0.997 1.338 1.153
(0.541, 2.664) (0.321, 3.092) (0.187,9.573) (0.160, 8.316)
Divorced 0.739 0.752 2.094 4.456
(0.352, 1.552) (0.283, 1.999) (0.515, 8.506) (1.837, 10.812)
Mobile browser 1.036 1.243 0.676 1.086
(0.805, 1.334) (0.926, 1.668) (0.380, 1.204) (0.660, 1.789)
Android 1.274 0.847 1.060 1.139
(1.002, 1.620) (0.581, 1.235) (0.604, 1.861) (0.704, 1.843)
i0S 1.152 0.944 1.171 0.840
(0.961, 1.381) (0.719, 1.239) (0.721, 1.900) (0535, 1.319)
Blackberry 1.169 1.137 1.132 0.549

Any smartphone

Posts/messages sent

(0.876, 1.561)

0.879
(0.799, 0.967)

0.979
(0.946, 1.013)

(0.766, 1.688)

0.782
(0.685, 0.892)

0.971
(0.926, 1.019)

(0516, 2.482)

0.484
(0.372, 0.630)

0.910
(0.828, 0.999)

(0.224, 1.343)

0.828
(0.659, 1.042)

0.898
(0.815, 0.990)

Observations

89,597

89,597

89,597

89,597

Note:

95% confidence intervals estimated using robust standard errors.
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Table 32. Posts/messages received

Dependent variable:

Cancer CVD Drug overdose Suicide
@ (@) 3) @)
Confirmation date 1.060 1.252 1316 1.040
(1.024, 1.098) (1.192, 1.316) (1.209, 1.433) (0.967, 1.118)
Single 1.149 1.802 2252 1.686
(1.043, 1.265) (1.604, 2.024) (1.792, 2.830) (1.333,2.132)
In a relationship 0.954 1.128 2.063 1.167
(0.819, 1.111) (0.929, 1.370) (1.554, 2.739) (0.855, 1.592)
In an open relationship 1.224 1.433 1.596
(0.455, 3.295) (0.456, 4.499) (0.228, 11.195)
Married 0.863 0.684 0.613 0.638
(0.806, 0.925) (0.618, 0.756) (0.481, 0.783) (0516, 0.788)
Engaged 0.705 1.177 1.259 1.091
(0.442, 1.124) (0.743, 1.866) (0.641, 2.475) (0.556, 2.142)
It’s complicated 1.614 1.977 3.990 2.077
(1.248, 2.087) (1.432,2.729) (2.454, 6.488) (1.102, 3.914)
Widowed 1.325 3.024 3.796 1.940
(0.957, 1.834) (2.165, 4.225) (1.554,9.273) (0.620, 6.071)
Separated 1.132 0.991 1.390 1.247
(0.511, 2.509) (0.319, 3.077) (0.194, 9.946) (0.173, 8.999)
Divorced 0.696 0.746 2.130 4.671
(0.332, 1.461) (0.281, 1.982) (0.524, 8.665) (1928, 11.316)
Mobile browser 1.028 1.240 0.676 1.095
(0.799, 1.324) (0.924, 1.665) (0.380, 1.201) (0.665, 1.803)
Android 1.326 0.859 1.085 1.147
(1.044, 1.684) (0.589, 1.253) (0.620, 1.900) (0712, 1.848)
i0S 1.195 0.954 1.183 0.836
(0.998, 1.431) (0.727, 1.252) (0.731, 1.913) (0.533, 1.311)
Blackberry 1.201 1.143 1.127 0.539
(0.900, 1.603) (0.771, 1.696) (0.514,2.471) (0.220, 1.321)
Any smartphone 0.825 0.773 0.493 0.880

Posts/messages received

(0.751, 0.907)

1.078
(1.041, 1.116)

(0.678, 0.881)

0.985
(0.939, 1.032)

(0.380, 0.639)

0.877
(0.798, 0.964)

(0.701, 1.105)

0.815
(0.741, 0.897)

Observations

89,597

89,597

89,597

89,597

Note:
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Table 33. Photo tags received

Dependent variable:

Cancer CVD Drug overdose Suicide
@ () 3 “)
Confirmation date 1.048 1.244 1.286 1.026
(1.013, 1.086) (1.184, 1.306) (1.181, 1.399) (0.955, 1.103)
Single 1.196 1.833 2.310 1.655
(1.087, 1.315) (1.637,2.052) (1.844,2.894) (1.317, 2.080)
In a relationship 0.994 1.163 2.239 1.215
(0.854, 1.157) (0.960, 1.410) (1.687,2.971) (0.895, 1.649)
In an open relationship 1.259 1.472 1.637
(0.467, 3.391) (0.469, 4.626) (0.235, 11.384)
Married 0.892 0.703 0.656 0.661
(0.833, 0.955) (0.636, 0.776) (0.513, 0.840) (0.536, 0.816)
Engaged 0.734 1.220 1.398 1.161
(0.460, 1.170) (0.770, 1.933) (0.714, 2.740) (0.591, 2.278)
It’s complicated 1.676 2.018 4.112 2.073
(1.297, 2.167) (1.463, 2.784) (2.523, 6.702) (1.103, 3.898)
Widowed 1.383 3.110 3.982 1.934
(0.999, 1.915) (2.230, 4.339) (1.634,9.705) (0.618, 6.048)
Separated 1.184 1.000 1.362 1.153
(0.534, 2.626) (0.322, 3.099) (0.192, 9.655) (0.160, 8.314)
Divorced 0.727 0.758 2.171 4.534
(0.346, 1.526) (0.286, 2.012) (0.535, 8.817) (1.877, 10.949)
Mobile browser 1.034 1.247 0.699 1.111
(0.803, 1.332) (0.929, 1.674) (0.393, 1.242) (0.675, 1.829)
Android 1.295 0.849 1.053 1.141
(1.020, 1.645) (0.582, 1.237) (0.603, 1.841) (0.709, 1.837)
i0S 1.169 0.938 1.106 0.806
(0.976, 1.400) (0.715, 1.231) (0.686, 1.784) (0515, 1.264)
Blackberry 1.179 1.130 1.108 0.533
(0.884, 1.574) (0.762, 1.677) (0505, 2.428) (0.218, 1.301)
Any smartphone 0.861 0.807 0.568 0.959

Photo tags received

(0.784, 0.945)

1.009
(0.976, 1.044)

(0.709, 0.918)

0.910
(0.868, 0.954)

(0.438,0.736)

0.700
(0.636, 0.770)

(0.767, 1.200)

0.695
(0.632, 0.765)

Observations

89,597

89,597

89,597

89,597

Note:
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J. Extended cause-specific estimates for models included in Figure 3
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Fig. 8. Facebook activities, by directionality and activity type (seventeen cause of death categories).
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K. Results for full (non-voter included) population

For these full sample replication models, we added control variables for the proportion of Facebook friends who, during the
observation period, took any action on the site through a common, recognizable computer application (desktop browser, mobile
browser, i0S app, Android app, Blackberry app), listed education (three variables for proportions of friends listing high school,
college, and graduate school education), and an indicator variable for whether the individual was present in the California voter
record.

Some profiles in the sample appeared to have many Facebook friends who were completely inactive. This friend inactivity is
consistent with clusters of fake profiles. Only 10% of profiles in this Facebook sample had fewer than 90% of their friends take an
action on the website over the six-month period. To more clearly compare these results to those in the main paper, we also display

the ‘voter’ subsample with these additional controls.
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Fig. 10. Facebook friends and relative mortality risk (all-cause mortality). This figure shows all-cause mortality regressed on deciles of Facebook friend counts, by

initiated and received Facebook friendships. These results replicate Figure 1 for the full, including non-voting population.
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Fig. 11. Facebook activities, smoothed mortality risk by quantile activity-activity interaction. This figure shows all-cause mortality risk among Facebook users for
combinations of activities. These results replicate Figure 2 for the full, including non-voting population. Controlling for attributes of Facebook friends (especially

control variables related to friends’ first and last name characteristics and device types) increases the non-linearity of the relationship for posts and messages sent.
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Fig. 12. Facebook activities, by directionality and activity type. This figure shows cause-specific morality risk among Facebook users by online activity levels
(counts of Facebook tool use), separated by the directionality of the action (from or to the subject) and activity type (the type of Facebook tool used). These results

replicate Figure 3 for the full, including non-voting population.
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L. Results for ‘voter’ population with controls added for ‘full’ population analyses

To more clearly compare the ‘non-voter’ population results to those in the main paper, we display here the ‘voter’ subsample with
the additional non-voter population controls. We note that the friend-based controls were related to having more than just a few
Facebook friends, and these correlations may be artifacts of the friend-based control method. We do not include them in the main

paper results for this reason.
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Fig. 15. Facebook friends and relative mortality risk (all-cause mortality). This figure shows all-cause mortality regressed on deciles of Facebook friend counts, by

initiated and received Facebook friendships. These results replicate Figure 1 on the ‘voting’ population using the controls added for the full, non-voting population
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Fig. 16. Facebook activities, smoothed mortality risk by quantile activity-activity interaction. This figure shows all-cause mortality risk among Facebook users for

combinations of activities. These results replicate Figure 2 on the ‘voting’ population using the controls added for the full, non-voting population results.
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Fig. 17. Facebook activities, by directionality and activity type. This figure shows cause-specific morality risk among Facebook users by online activity levels

(counts of Facebook tool use), separated by the directionality of the action (from or to the subject) and activity type (the type of Facebook tool used). These results

replicate Figure 3 on the ‘voting’ population using the controls added for the full, non-voting population results.
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M. Results for ‘voter’ population with race/ethnicity controls

As a robustness check, we repeated our main analyses with coarse controls for race/ethnicity. Race/ethnicity was inferred from
last names, based on distributions in the US Census [8]. This method has previously been used to infer race/ethnicity of Twitter
[9] and Facebook [10] users, in addition to common usage in health studies, e.g., cancer incidence [11] and health disparities [12].
We included dummy variables in our models for last names that were associated with 50% or more of US Census respondents
reporting being “Hispanic”, “Asian/Pacific Islander”, or “Black”. For last names not in the US Census data (approximately 12%
of the voter record) or for which there was only partial race/ethnicity information, we imputed race/ethnicity using multivariate
imputation by chained equations [13]. Our estimates for“Asian/Pacific Islander” and “Black” were lower than those seen in surveys
of California registered voters [14]. According to this last name method, the California voter record as 64% white, 24% Hispanic, 6%
Asian/Pacific Islander, and 1% black, while individuals on Facebook in Fall 2010 and in the California voter record were 70% white,
18% Hispanic, 6% Asian/Pacific Islander, and 1% black. These additional controls had small effects on our comparison of voters
on Facebook vs. voters not on Facebook: After controlling for race/ethnicity, rates of suicide were slightly lower in the Facebook
population than in the general population, though the effect was not robust to a Bonferonni correction, and race/ethnicity had no

effect on our within-Facebook comparisons.
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Fig. 18. Facebook, California voter record mortality rate by cause comparison — with race/ethnicity control. This figure shows relative cause-specific mortality
risk among Facebook users whose first name, last name, and date of birth are listed in the California voter record compared to all California registered voters.
The y-axis (on bottom) is the relative mortality risk estimated in a Cox proportional hazard model, and the x-axis is the cause of death. The all registered voter

comparison group was exactly matched on age and gender so that the comparison groups are, by-design, perfectly balanced on these covariates.
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Table 34. Infections risk, voter record.

Dependent variable:

Deceased

Facebook 0.738
(0.646, 0.844)

Male 1.689
(1.512,1.888)

Hispanic 1382
(1215, 1.572)

Asian/Pacific Islander 0.425
(0.300, 0.602)
Black Non-Hispanic 1.036

(0.553, 1.940)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 35. Sexually transmitted diseases risk, voter record.

Dependent variable:

Deceased

Facebook 0.944
(0.771, 1.156)

Male 9.197
(6.903, 12.253)

Hispanic 0.899
(0.717, 1.128)

Asian/Pacific Islander 0.442
(0.265, 0.739)

Black Non-Hispanic 1.568
(0.710, 3.460)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 36. Colorectal cancer risk, voter record.

Dependent variable:

Deceased

Facebook 1.033
(0.927, 1.151)

Male 1.278
(1.159, 1.409)

Hispanic 0.894
(0.784, 1.019)

Asian/Pacific Islander 0.735
(0.580, 0.932)

Black Non-Hispanic 0.966
(0.556, 1.677)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.
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Table 37. Pancreatic cancer risk, voter record.

Dependent variable:

Deceased

Facebook 1.078
(0.952, 1.221)

Male 1.482
(1.323, 1.660)

Hispanic 0.952
(0.817, 1.109)

Asian/Pacific Islander 0.703
(0.530, 0.932)

Black Non-Hispanic 0.478
(0.186, 1.228)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 38. Lung cancer risk, voter record.

Dependent variable:

Deceased

Facebook 0.941
(0.868, 1.020)

Male .

(1.061, 1.225)
Hispanic 0.541

(0.480, 0.610)
Asian/Pacific Islander 0.684

(0.573,0.817)
Black Non-Hispanic 1.586

(1.150, 2.188)
Observations 11,834,575
Note: 95% confidence intervals in parentheses.

Table 39. Blood lymphatic cancers risk, voter record.

Dependent variable:

Deceased

Facebook 1075
(0.962, 1.201)

Male B

(1.412, 1.727)
Hispanic 1.133

(1.000, 1.284)
Asian/Pacific Islander 0.768

(0.605, 0.976)
Black Non-Hispanic 0.935

(0.518, 1.687)
Observations 11,834,575
Note: 95% confidence intervals in parentheses.



Table 40. All other cancers risk, voter record. Table 43. Ischemic heart disease risk, voter record.

Dependent variable: Dependent variable:
Deceased Deceased
Facebook 1.027 Facebook 0.778
(0.984, 1.072) (0.732,0.827)
Male 0.923 Male 3.039
(0.887, 0.960) (2.871,3.217)
Hispanic 0.926 Hispanic 0.771
(0.879, 0.975) (0.717, 0.829)
Asian/Pacific Islander 0.775 Asian/Pacific Islander 0.566
(0.706, 0.851) (0.495, 0.648)
Black Non-Hispanic 1.207 Black Non-Hispanic 1.394
(0.991, 1.469) (1.090, 1.783)
Observations 11,834,575 Observations 11,834,575
Note: 95% confidence intervals in parentheses. Note: 95% confidence intervals in parentheses.
Table 41. Diabetes risk, voter record. Table 44. Stroke risk, voter record.
Dependent variable: Dependent variable:
Deceased Deceased
Facebook 0.639 Facebook 0.725
(0.570, 0.718) (0.643,0.818)
Male 1.714 Male 1.277
(1.563, 1.879) (1.156, 1.409)
Hispanic 1.336 Hispanic 1.143
(1.201, 1.487) (1.010, 1.293)
Asian/Pacific Islander 0.471 Asian/Pacific Islander 1.081
(0.360, 0.617) (0.881, 1.326)
Black Non-Hispanic 1.616 Black Non-Hispanic 2222
(1.068, 2.445) (1.504, 3.283)
Observations 11,834,575 Observations 11,834,575
Note: 95% confidence intervals in parentheses. Note: 95% confidence intervals in parentheses.
Table 42. Mental illness dementia risk, voter record. Table 45. all other CVDs risk, voter record.
Dependent variable: Dependent variable:
Deceased Deceased
Facebook 0.711 Facebook 0.842
(0.639,0.793) (0.785, 0.903)
Male 1.443 Male 2.002
(1.318, 1.579) (1.880, 2.131)
Hispanic 0.646 Hispanic 0.731
(0.568, 0.736) (0.672, 0.796)
Asian/Pacific Islander 0.489 Asian/Pacific Islander 0.425
(0.380, 0.629) (0.354,0.510)
Black Non-Hispanic 0.854 Black Non-Hispanic 1.378
(0.514, 1.420) (1.044, 1.819)
Observations 11,834,575 Observations 11,834,575
Note: 95% confidence intervals in parentheses. Note: 95% confidence intervals in parentheses.
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Table 46. Liver disease risk, voter record.

Dependent variable:

Deceased
Facebook 0.661
(0.600, 0.728)
Male 1.883

(1.739, 2.038)

Hispanic 1.265
(1.155, 1.384)

Asian/Pacific Islander 0.298
(0.224,0.397)

Black Non-Hispanic 0.896

(0.565, 1.422)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 47. Unintentional injury risk, voter record.

Dependent variable:

Deceased

Facebook 0.931
(0.852, 1.017)

Male 3.217
(2.941,3.518)

Hispanic 0.845
(0.767,0.931)

Asian/Pacific Islander 0.479
(0.385, 0.595)

Black Non-Hispanic 0.976
(0.650, 1.465)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 48. Drug overdose risk, voter record.

Dependent variable:

Deceased

Facebook 0.926
(0.844,1.016)

Male 1.657
(1.523, 1.803)

Hispanic 0.542
(0.483, 0.609)

Asian/Pacific Islander .
(0.162, 0.309)

Black Non-Hispanic 1.091
(0.747, 1.594)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.
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Table 49. Suicide risk, voter record.

Dependent variable:

Deceased

Facebook 0.901
(0.826, 0.983)

Male 3.083
(2.824, 3.365)

Hispanic 0.465
(0.414, 0.522)

Asian/Pacific Islander 0.565
(0.467, 0.683)

Black Non-Hispanic 0935
(0633, 1.380)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.

Table 50. Homicide risk, voter record.

Dependent variable:

Deceased

Facebook 0.564
(0.466, 0.684)

Male 3.411
(2.874, 4.047)

Hispanic 1.193
(1.016, 1.401)

Asian/Pacific Islander 0.580
(0.393, 0.855)

Black Non-Hispanic 2.525
(1.558, 4.092)

Observations 11,834,575

Note: 95% confidence intervals in parentheses.
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Fig. 19. Facebook friends and relative mortality risk (all-cause mortality) — with race/ethnicity control. This figure shows all-cause mortality regressed on deciles of
Facebook friend counts, by initiated and received Facebook friendships. These results replicate Figure 1 on the ‘voting’ population using the controls added for the

full, non-voting population results.
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Fig. 20. Facebook activities, smoothed mortality risk by quantile activity-activity interaction — with race/ethnicity control. This figure shows all-cause mortality risk
among Facebook users for combinations of activities. These results replicate Figure 2 on the ‘voting’ population using the controls added for the full, non-voting

population results.
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Fig. 21. Facebook activities, by directionality and activity type — with race/ethnicity control. This figure shows cause-specific morality risk among Facebook users by
online activity levels (counts of Facebook tool use), separated by the directionality of the action (from or to the subject) and activity type (the type of Facebook tool

used). These results replicate Figure 3 on the ‘voting’ population using the controls added for the full, non-voting population results.
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