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Abstract
Individuals experiencing unexpected distressing events,
shocks, often rely on their social network for support. While
prior work has shown how social networks respond to shocks,
these studies usually treat all ties equally, despite differences
in the support provided by different social relationships. Here,
we conduct a computational analysis on Twitter that examines
how responses to online shocks differ by the relationship type
of a user dyad. We introduce a new dataset of over 13K in-
stances of individuals’ self-reporting shock events on Twitter
and construct networks of relationship-labeled dyadic inter-
actions around these events. By examining behaviors across
110K replies to shocked users in a pseudo-causal analysis,
we demonstrate relationship-specific patterns in response lev-
els and topic shifts. We also show that while well-established
social dimensions of closeness such as tie strength and struc-
tural embeddedness contribute to shock responsiveness, the
degree of impact is highly dependent on relationship and
shock types. Our findings indicate that social relationships
contain highly distinctive characteristics in network interac-
tions and that relationship-specific behaviors in online shock
responses are unique from those of offline settings.

Introduction
Not everything in life comes with preparation: People may
experience sudden events such as the death of a loved one or
a sudden job loss. Exposure to such events can cause adverse
effects on one’s mental (Burton, Haley, and Small 2006)
and financial status (Atkinson, Liem, and Liem 1986). To
mitigate such harmful effects that arise from experiencing
unexpected life events or shocks, people often ask for help
through their own accessible social network, which is made
of ties belonging to different categories or relationships such
as friends, family, or workplace relationships. The different
relationships are known to provide varying levels and types
of support, which contribute to the overall support network
of an individual (Vaux and Harrison 1985). Here, we study
behavioral differences caused by relationship types by com-
paring responses to shock events.

In online settings, shocks like a sudden change in a user’s
status can cause behavioral changes from other users in re-
sponse (Oh and LaRose 2016). Prior studies have shown on-
line shocks are associated with a variety of network-level
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reactions such as changes in centralization levels (Zhang
et al. 2017) and increased communication among closer
ties (Hobbs and Burke 2017; Romero, Uzzi, and Klein-
berg 2016). Furthermore, users experiencing shock events
may choose to publicly disclose it on social media, a be-
havior which has been increasingly studied by social re-
searchers (Haimson et al. 2018; Andalibi 2019). However,
these studies have largely assumed that all ties are equal
rather than modeling the potential interaction between dif-
ferent relationships and shocks, and little is yet known of
the relationship-specific response behaviors towards these
disclosures. We pursue this open question, asking whether
relationship-specific shock behavior in online platforms mir-
rors that of the offline world, or whether structural and nor-
mative constraints of online social networks may cause indi-
viduals to interact differently with their relationships when
compared to offline settings.

In this study, we conduct a large computational analysis of
responses to shocks in online social networks to test how in-
terpersonal relationships engage. We introduce a new dataset
of over 13,000 Twitter users who posted shock events along
with their interactions with others, each labeled with their
inferred relationships to the shocked user (Section ). Using
causal inference methods, we approximate the effect of ex-
periencing and posting shock events on receiving responses
from Twitter users, and how these activation levels differ
both in magnitude and significance depending on both the
type of relationship and the type of shock (Section ). To un-
derstand the interaction between shock event types, relation-
ships and responding behavior, we analyze how tie strength
and structural embeddedness influence the users in different
relationships to reply to a shock, both strongly recognized
network properties for determining interactions in social net-
works (Section ). Finally, we identify relationship-specific
differences in the content of shock responses by measuring
topic shift via a topic model (Section ).

Our contributions are as follows. First, we demonstrate
a method for identifying and extracting instances of shock
experiences from Twitter posts using active learning and re-
sult in a corresponding dataset of ∼13K users experiencing
shocks and 179,563 users making a total of 110,540 replies
to them. This data is augmented by labeling the relation-
ship between shocked and replying users and adding a cor-
responding control set of users, matched for aspects such as
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demographics, location, and activity level. Second, through
a large-scale quasi-causal analysis, we demonstrate how re-
lationship types determine levels of responsiveness and topic
shift in the responses to shock tweets that are posted on-
line. Our findings partially align with existing theories on
social relationships in offline settings; however, we also dis-
cover contrasting results that may relate to differences be-
tween online and offline settings. For instance, we observe
that romance and family relationships generally respond less
to shocks than social relationships, which may be due to the
existence of other communication channels preferred over
Twitter’s public space. Third, we show that tie strength and
network embeddedness each have different effects in pre-
dicting responsiveness specific to the relationship type and
shock. These results point to the existence of unique social
dynamics for each relationship type and suggest how indi-
viduals and their supporters can better mobilize their social
networks in times of unexpected distress.

Shocks, Relationships, and Networks
Separate strands of research have examined shocks and so-
cial relationships in times of stress, creating expectations for
different social ties that might interact in these events. Here,
we outline the major work in each area to motivate specific
research questions pursued in our study.

Shocks and Engagement in Social Networks
A shock is defined as an unforeseen event capable of dis-
rupting an individual, a group, or a social network (Jack-
son and Dutton 1988). Prior studies have looked at how
exposure to exogenous shocks such as community censor-
ship (Zhang et al. 2017), sudden price changes (Romero,
Uzzi, and Kleinberg 2016) or disasters (Corbo, Corrado, and
Ferriani 2016) affected the network’s communication behav-
ior such as contact frequency and clustering tendency.

A particular category of shocks widely studied across
various academic fields is that of individuals experiencing
unexpected life events during their life courses and how
these events affect their social networks. Events such as
the death of a family member or unexpected pregnancy
can increase intra-family strain and harm well-being levels
(Lavee, McCubbin, and Olson 1987), which can also de-
velop into health or depression issues (Kendler, Karkowski,
and Prescott 1999). Individuals are also challenged by their
ability to make discrete decisions and have difficulty main-
taining economic stability (Shirani and Henwood 2011). As
a means of overcoming such issues, individuals may turn to
their social network connections, who in turn offer informa-
tional and emotional support (De Choudhury and Kıcıman
2017). The process of support-seeking and caregiving is re-
ciprocal in that the more stressful an event is, the more sup-
port a person seeks, which returns greater support from oth-
ers (Collins and Feeney 2000). The social support provided
by one’s network is known to reduce stress levels and obtain
adequate resources, a concept known as the buffering hy-
pothesis (Cohen and Wills 1985). The importance of social
support in stressful life events and the buffering hypothe-
sis has been extensively studied in several domains, includ-
ing but not limited to health studies (Mitchell et al. 2014),

psychology (Jackson 1992), and family studies (Szkody and
McKinney 2019).

The social support that one may receive or provide during
shocks may not be identical. Not only the nature of the shock
event but also factors such as social status (Smith, Menon,
and Thompson 2012) and gender (Liebler and Sandefur
2002) determine the type or impact of the support given.
A distinct characteristic of social networks that we will fo-
cus on is the type of interpersonal relationship between
the support provider and receiver. It is known that a per-
son’s support system consists of various types of relation-
ships such as spouses, immediate family, close friends, and
social acquaintances (Vaux and Harrison 1985), which can
provide different types of support. Friends and neighbors
within close proximity are capable of providing more in-
stantaneous and instrumental support than family members,
but families in turn provide more stable support that is un-
affected by temporal factors (Wellman and Wortley 1990).
Work-related stress can be alleviated through support from
friends and workplace relationships rather than other rela-
tionships (Henderson and Argyle 1985). Overall, different
relationships are capable of delivering different types and
levels of support depending on the stress event.

Shock Responses in Online Social Networks
Researchers have increasingly been turning towards online
social networks such as Twitter and Facebook for study-
ing interactions during shock events. The formation and
structure of online social networks mirror those formed of-
fline (Dunbar et al. 2015), and the abundance, as well as the
accessibility of interaction data among users has made it a
popular research subject. People may post support-seeking
messages on networking services visible to others to receive
social support (Oh and LaRose 2016). As a response to the
messages, one’s neighboring users may choose to send mes-
sages of support, which can lead to increased levels of well-
being (Burke and Kraut 2016). Previous studies have exam-
ined the roles of users in online communities for providing
support on cases such as medical issues (Huh et al. 2016) or
suicidal ideation (De Choudhury and Kıcıman 2017). In the
context of unexpected life events, some studies have looked
at changes in the structures of online social networks fol-
lowing events such as the death of a close friend (Hobbs and
Burke 2017), unemployment (Gee, Jones, and Burke 2017),
or breakups (Garimella, Weber, and Dal Cin 2014). While
these studies examine events similar to those considered in
our work, they do not provide comparisons of behavioral
differences among relationship types.

Research Questions
Our research identifies shock-response behaviors that occur
in online social networks, with a focus on the interpersonal
relationships among the users. Given different social
expectations for certain relationships (e.g., friends vs.
co-workers), we hypothesize that relationship type provides
different degrees of support following shock events and that
this behavior which has been observed in offline studies can
also be found in online social networks, even if the type of
support and relationships who provide it vary from offline to
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online. Therefore, we formulate our first research question
to investigate whether the activation levels in response to a
shock differ by shock, and more importantly, whether there
exist differences among relationships.
RQ 1 Does the likelihood to respond to a certain type of
shock differ by relationship type?

The closeness between two individuals is a well-known
factor for determining whether support will be provided
upon experiencing a shock (Collins and Feeney 2000).
However, it is not well understood whether closeness is a
determinant of support across different types of shocks and
relationships. In addition, closeness can be measured in
different ways, such as through communication frequency
or structural embeddedness in a network. While these two
measures are correlated, they measure fundamentally dif-
ferent aspects of closeness, and it is possible to experience
cases such as ties that have high communication frequency
but without any common connections (Park, Blumenstock,
and Macy 2018). Thus, we investigate the role of closeness,
both tie strength and embeddedness, in the likelihood of
response across relationship and shock types.
RQ 2 Does the degree to which tie strength and structural
embeddedness affect responsiveness to shocks differ by
relationship type?

Finally, we examine the shift in the context of commu-
nication between a dyad in response to a shock. Online so-
cial networks are both platforms for obtaining and sharing
information and also for maintaining contact with existing
social ties (Kwak et al. 2010). While a user’s social network
is thus expected to contain messages of both social and in-
formational content, exposure to a shock may rapidly shift
the composition of the topics surrounding her. Specifically,
the social buffering hypothesis suggests neighboring users
will offer some form of support to the shocked user which
comes at the expense of their original roles of sharing other
types of information. We expect that during a shock, neigh-
boring users will modify the topics of the messages that they
share with the shocked user to provide support. Our third re-
search question investigates how this shift occurs differently
for each relationship and for each shock.
RQ 3 What are the topics that increase or decrease for each
relationship type following a shock?

Dataset
To study how social behavior varies after shock events, we
create and introduce a new dataset of Twitter users undergo-
ing specific types of personal events and the social interac-
tions they have after. Following, we describe how the shock
events are identified and how the dataset is created to enable
a pseudo-causal analysis of the effects of a shock.

Identifying Shock Events
Since our study focuses on the changes in a person’s on-
line social network that can be caused by exposure to shock
events, we introduce a new data collection procedure to cap-
ture a large and accurate sample of shock instances and the

network activity around the time of the shock. We begin by
identifying four types of well-studied life events as shocks:

• Romantic breakups Romantic relationships provide a
strong source of attachment that deepens over time and
leads to strong levels of intimacy (Hartup et al. 1999).
Ending a relationship through a breakup can lead to
heightened levels of depression and anxiety (Sprecher
et al. 1998). As a replacement, individuals undergoing
breakups may turn towards other close members of their
social networks, friends, and family members to compen-
sate for the lost relationship (Moller et al. 2003).

• Exposure to crime Being the victim of a crime is an un-
controllable life event that can cause negative effects on
one’s emotional, physical, and financial status (Cutrona
and Russell 1990). Social support from others can help
the shocked individual mitigate negative psychological
effects caused by the incident and obtain guidance so that
they can go through appropriate measures and solve po-
tential issues (Mason and Benson 1996).

• Death of a close person The death of a close person
such as a friend or family member is, without doubt, a
very stressful event that leads to strong negative emo-
tions such as loneliness, and depression (Burton, Haley,
and Small 2006). Social support from others can help re-
duce such levels of loneliness, and people close to the
bereaved can form new connections as a means of cop-
ing with grief (Hobbs and Burke 2017).

• Unexpected job loss Unemployment can lead to a de-
cline in one’s time structure, social contacts, and ac-
tivity levels (Jahoda 1981). The impact of job loss in-
creases depending on financial situations and attachment
to the job (LeanaI and Feldman 1990) and the loss of
friends and colleagues, harming one’s social support net-
work (Morris and Irwin 1992). Social networks can en-
hance an individual’s mobility by providing information
and various resources (Podolny and Baron 1997).

While all four categories of shocks are known to cause high
levels of distress and thus have the afflicted call for so-
cial support, the social groups or relationships that would
respond may actually differ by shock ty pe. For instance,
a colleague from work would respond differently to one’s
breakup versus one’s sudden unemployment and choose to
provide different levels of support. Additionally, being in-
flicted by these shock events is known to cause disruptions
in one’s online social network connections (Garimella, We-
ber, and Dal Cin 2014; Hobbs and Burke 2017; Burke and
Kraut 2013; Deal et al. 2020). We can thus expect to identify
varying degrees of interactions by relationship type, which
differs by shock type.

Our approach, described next, involves a series of ac-
tive learning-based filtering that combines regular expres-
sions and deep learning text classifiers to extract a dataset of
tweets describing a shock event, denoted as shock tweets.

To be considered as a shock tweet, we set a number of
requirements that each tweet needs to satisfy:

• Topic relevance: The event described in each tweet
should fall into one of the categories defined earlier as

151



Shock
type

Regex filtering Active learning Covariate
matching

Breakup 18,277 3,249 1,191
Crime 83,246 4,743 1,762
Death 69,707 22,870 9,456
Job loss 7,186 2,171 1,160
Total 178,416 33,033 13,569

Table 1: The number of tweets retained after each step.

shock events: romantic breakups, crime, death of a close
person, or unexpected job loss.

• Recency: The event described in each tweet should be
about an event that has happened “recently”. We preserve
tweets that contain phrases describing that this event hap-
pened “recently” or within a week. This helps remove
tweets posting shock events that happened in the past and
have already been resolved.

• Self-centeredness: The event described in each tweet
should be about an event that happened to the author.
This prevents capturing tweets about events that hap-
pened to others, which we do not consider as personal
life events. An exception is the case of shocks from the
‘death’ category, where we only use tweets that describe
the death events of a close person (e.g., a friend or family
member).

• General tweets: We limit our scope to general tweets or
tweets addressed to all followers of a user account1. This
differs from replies, which although publicly visible, are
more targeted towards the original tweet’s author rather
than the entire followers of a user and will thus be pro-
cessed differently by others. We also remove all retweets
or quotes as we are only interested in the messages di-
rectly generated by the shocked user.

We construct a set of regular expressions2 to match these
requirements. For each shock, we list all possible ways to
address a shock event (e.g., “passed away”, “died”, “pass-
ing of”), a recent event (e.g., “last week”, “yesterday”, “this
morning”), and a close person in the case of death shocks.
Our source data is comprised of a 10% percent sample of
tweets produced between January 2019 and June 2020 ob-
tained through the Twitter Decahose API. We remove re-
ply tweets, retweets, and replies with comments to another
tweet. We then apply regular expressions to filter out tweets
that do not satisfy our conditions on topic relevance, recency,
and self-centeredness, resulting in an initial set of 178,416
candidate shock tweets (Table 1).

Even after applying the regular expressions, we observe
that the precision of the filtered tweets is low (Table 2). As a
next step, we improve the precision of our dataset by provid-
ing labels for the tweets and training a text classifier model
through manual annotation. To ensure annotation quality, we
randomly select 50 tweets per shock type and have three an-
notators with sufficient background knowledge to determine
whether each tweet is a shock tweet or not. We then mea-
sure the Krippendorff’s α (Hayes and Krippendorff 2007) to

1https://help.twitter.com/en/using-twitter/types-of-tweets
2https://github.com/minjechoi/relationships-shocks

Shock type Precision of regular expressions
Breakup 0.147
Crime 0.048
Death 0.218
Job loss 0.202

Table 2: The precision of valid shock tweets after filtering
on regular expressions only.
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Figure 1: Comparison of metrics on the test set after per-
forming additional rounds of active learning.

measure inter-annotator agreement, where we achieve high
agreement scores of 0.875 (breakup), 0.894 (crime), 0.891
(death) and 0.869 (job loss). Once high levels of agree-
ment are ensured, we then train multiple rounds of text clas-
sifiers accompanied by augmenting annotated samples for
each round, which is a form of active learning (Settles 2009).
For each shock type an annotator provides labels for 1,000
tweets from our regex-filtered set of tweets, which we divide
into a train/test/validation split of 400/400/200. This dataset
is then used to train a classifier that predicts whether a given
tweet is a shock tweet for that respective shock type. We use
the pre-trained cased BERTweet (Nguyen, Vu, and Nguyen
2020) model in Pytorch 1.8. For each model, we train for 50
epochs and save the model with the highest F1 score on the
validation set, which is used to compute the F1 score on the
test set. We use Adam (Kingma and Ba 2015) with a learning
rate of 1e-8 and 100 warmup steps.

Once our initial classifier is trained, we improve perfor-
mance through rounds of further labeling and training with
additional samples. We use the initially trained classifier to
infer the probability values of being a shock tweet, a contin-
uous score ranging between 0 and 1, for all unlabeled tweets.
We then select 200 tweets of which the inferred score is clos-
est to 0.5, the decision boundary, and additionally annotate
these selected tweets, which are added to the training set to
train a new classifier model using identical hyperparameter
settings. We repeat this process for five rounds, after which
the performance plateaus (Figure 1). We then select the best-
performing classifiers for each shock type, which produce
F1 scores of 0.88 (breakup), 0.85 (crime), 0.92 (death), and
0.91 (job loss). Using these models we infer the remaining
unlabeled tweets and preserve the samples whose inferred
score is higher than 0.5. We combine these samples with the
positively labeled samples to use as our set of 33,033 shock
tweets. The number of tweets preserved through each step is
shown in Table 1.
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Propensity Score Matching
In order to identify what causal effects the shock event has
on social ties’ behaviors, we need to control for counterfac-
tual settings of users who would have experienced a shock
but did not, which exist in our initial observational data. For
each shock tweet, we assume that the author of the tweet is
a treated user, and so for users who posted multiple shock
tweets (0.39% of the treated users), we only considered the
earliest instance as a valid shock tweet. By comparing our
treated users against a control group with similar covariates,
we can ensure robustness in measuring the effect of self-
disclosing a shock tweet and removing potential confound-
ing effects. Therefore, we adopt a causal inference approach
and use propensity score matching (PSM) to create a control
set of users who have similar covariates as those undergo-
ing a shock event (Imbens and Rubin 2015). As a matched
user may change one’s behavior over time, we match con-
trol users experiencing a shock with another user according
to their behavior on a specific date.

Selecting Covariates for Matching The first step of PSM
requires identifying adequate covariates for each user to be
later used in the matching task. These covariates should be
relevant to whether a user posts a shock tweet or not or are
likely to undergo the shock event itself. For every active user
in our dataset, we consider the following covariates:
• User demographics: As a proxy for actual demographic

information of a Twitter user, we obtain inferred gender
and age using M3 model (Wang et al. 2019). The M3
model returns a distribution over age categories and a
continuous score of gender performance3.

• Twitter account properties: We use the number of fol-
lowers, friends (followers), and activities of each user as
covariates. As these numbers change slightly over time,
we use the earliest available measure in our dataset.

• Social Condition: We obtain inferred geolocations of
Twitter users from the total variation geoinference
method (Compton, Jurgens, and Allen 2014) and the
user’s corresponding US census tract. We use the Amer-
ican Community Survey 2018 data for each tract to as-
sociate the user with the following covariates as proxies
of the users’ social conditions: racial distribution, ratio of
income to poverty, education level, marriage rate, divorce
rate, industry group composition, Gini index, unemploy-
ment ratio, and health insurance cover rate.

• User activity levels: To account for variation in the atten-
tion a user receives and their relative activity levels over
time, we obtain the number of tweets (replies, mentions,
retweets, and quotes) up to seven days before a particular
date and aggregate them by tweet type.

For the initial set of control users, we consider all users
active during the time range of our initial Twitter dataset
(Jan. 2019 to Jun. 2020). We then preserve the users for
which we can identify all covariates, which leaves 5,035,811
candidate users. We identify the same covariates for treated
users, which reduces the number of valid treated users to
13,569 (Table 1).

3For age, we drop one category due to collinearity.
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Figure 2: Comparison of response metrics between shock
tweets and control tweets. Shock tweets receive a substan-
tially larger amount of retweets, replies, likes, and quotes
compared to the control tweets.
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Figure 3: The average number of neighbors of each pre-
dicted relationship type for shock type.

Propensity Matching Users Instead of performing
propensity matching at a user level, we perform matching
at the user-date level. In other words, the same user exists
through several different samples, as the user’s activity
covariates differ by each week. We include a matching
candidate for a control user for their behavior each day they
were active, referred to as a user-date pair; this process
allows closely matching the behavior of the treated user.
Following standard practices of PSM, we estimate propensi-
ties using a logistic regression model where the objective is
to predict whether a user-date pair is a shock instance based
on the associated user-date covariates (Eckles and Bakshy
2021). The fitted model is then used to infer the propensity
scores in [0, 1] for every instance using the same covariates.
PSM assumes the model learns to predict the likelihood
of a shock from the provided covariates, and thus similar
propensity scores will indicate similar covariates. Following
Eckles and Bakshy (2021), we sort the propensity scores for
each user-date pair and divide them into n strata of equal
sizes, with the root of the number of treated samples as
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n. Note that n is different for each shock type. Once both
treated and control user-date pairs are sorted into the bins,
we match each treated user with five randomly sampled
control users whose behavior was recorded on the same day
as the treated user, similar to the 1:5 ratio used in Maldeniya
et al. (2020).

To verify the quality of our matching process, we measure
the Cohen’s d effect size for each covariate by comparing the
distribution obtained from the treated users with that of the
matched users. For all covariates, we obtain an effect size
of lesser than 0.269, which corresponds to the group status
of shocked or matched user-date pairs accounting for lesser
than 1% of the variance (Imbens and Rubin 2015).

Identifying Relationships
Social relationships can take on many distinct types, from
general categories like family and friends to more specific
types like step-parent or direct-report (Wellman and Wort-
ley 1990). Here, we adopt the model of Choi et al. (2021)
that infers five relationship categories from Twitter interac-
tions: social, romance, family, organizational, and paraso-
cial. These high-level categories capture the majority of re-
lationship types expected to be observed on Twitter and, crit-
ically, have different social expectations in their behavior.

For the matched treated and control users, we identify all
dyads that exchanged at least three interactions from the be-
ginning of the time frame of our dataset to seven days before
the shock event. Each tie is then classified using its text con-
tent, network features, and user description. Our selection
to drop all interactions made after seven days prior to the
shock tweet is to ensure that the relationship prediction is
completely independent of interactions related to the shock
itself. We compare our predictions with the results of an-
other setting where we include the interactions around the
time of the shock, and find that the predicted relationships
of the two settings match 78% (breakup), 80% (crime), 83%
(death), and 86% (job loss) of the time.

While the Choi et al. model requires at least 5 interac-
tions, we relax the minimum amount of required interac-
tions to three tweets as our time frame is much shorter (1.5
years vs. 7 years), leading to a smaller number of classifi-
able dyads. Only using tweets up to one week prior to the
shock event avoids potential confounds from inferring rela-
tionships based on interactions during the shock event itself.
To test the robustness of this setting, we identify dyads with
5 or more interactions, then create two feature sets of all
dyads - one using only three interactions per dyad, and the
other using all available interactions. We observe that the
predicted relationship categories for the two settings match
in 83% of the predicted dyads, largely exceeding a random
baseline of 20% and showing that the predictions are robust
in the number of interactions.

The distributions of the relationship types for treated and
control users of each shock type are shown in Figure 3.
Across all shock types, the social relationship type is most
common, consistent with Choi et al. (2021). We also observe
that the size of the average number of ties per relationship
type is similar across shocks.

Relationships and Shock Response
The shocked users receive far more engagement from their
peers (Figure 2). Across all four types of shocks, the treated
users received more retweets, replies, likes, and quotes of
their tweets than those in the propensity-matched control
users, suggesting that their social network is aware and re-
sponsive to these events while using their own networks to
increase visibility and utilize social capital (Boyd, Golder,
and Lotan 2010). Does this responsiveness vary based on the
relationship the other user, referred to as an alter, has with
the shocked user and the nature of the shock? Here, we test
RQ1 using a pseudo-causal difference-in-difference to test
the effect of another person communicating with the person
experiencing a shock.

Experiment Setup
For each user-date pair, we collect all tweet activities involv-
ing the user within ±36 hours of the timestamp of the cor-
responding shock tweet. This timeframe represents one full
day (24 hours) before and after the event, plus 12 hours to
account for time zone differences. We group the tweets into
3-hour bins, where we count the activities conditioning on
(1) the direction (the shocked user responding to an alter
user vs. an alter user responding to the shocked user), (2)
the relationship type (five categories), and (3) the shock type
(four categories). For each time series in the 80 conditions,
we construct a difference-in-difference model with lead and
lag variables. This model is summarized as follows:

yd,t,s = α+Dd + Tt + Ss + πtPt + ϵt

where yd,t,s indicates the number of replies a user in strata s
received treatment at day d with t hours since the posting of
the shock tweet, divided by the number of neighbors of the
corresponding relationship type. d is the date of the tweet
(e.g., 2019-01-05) represented as a category variable, t is
a categorical variable for 3-hour intervals from -36 to +36,
and s is the corresponding strata of the user-date pair which
was used for stratifying based on propensity scores. Dd and
Tt capture temporal trends while Ss captures differences be-
tween strata. P is the treatment interaction of the relative
hour from a shock tweet, which allows π to capture not
only post-treatment effects but also any pre-treatment effects
around the shock. The effect sizes correspond to changes in
the attention of the shocked user’s neighbors.

Results
Social ties strongly engaged with individuals experiencing a
shock but engagement varied significantly by the type of re-
lationship and shock (Figure 4). We highlight three findings.

Romance and family ties are not as responsive online
Studies on stress management through social interactions
focus on the role of “close” relationships which consist of
family members or romance partners (Collins and Feeney
2000). In contrast, we observe that in online social settings,
the largest effect sizes on response rates come from social
and organizational relationships. Indeed, the effect sizes of
romance and family relationships are insignificant for all
shocks apart from death, which is also much lower than
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Figure 4: Changes in the volume of replies to shocked users across 3-hour blocks, measured using diff-in-diff relative to control
users. The x-axis is the number of hours relative to the shock (e.g., the first hour of the shock corresponds to x=1). Statistically
significant values (Bonferroni corrected) are colored in orange if before the shock and red if after the shock. The red dashed
line indicates the time of posting the shock tweet.

those of social and organizational ties. Interestingly, replies
from individuals with romantic ties drop shortly after expe-
riencing a death shock, an effect not observed in any other
case. One possible explanation is that, unlike social or or-
ganizational ties where online social networks serve as the
main channel for communication, romance or family ties
would be able to communicate through other offline means
such as phone calls, text messages, or in-person conversa-
tions (Burke and Kraut 2014); the gravity of a death shock
could potentially decrease the alter’s online communication,
leading to the observed drop.

Responses to shocks can be relationship-specific Based
on the nature of the shock, individuals in certain relation-
ships were more likely to respond—or not respond at all.
This trend can be observed in the case of organizational ties,
where in contrast to its high responsiveness for crime, death,
and job loss shocks, individuals with organizational relation-
ships had no significant increase in responding to breakup
shocks. Similarly, parasocial relationships show significant
levels of responsiveness in all shock categories except for
job loss. These trends likely reflect normative boundaries
in which content people share, which differ by relationship
type; as a result, alters may feel uncomfortable showing in-
terest in events that are considered out of their social bound-
aries (Collins and Feeney 2000).

Pre-shock effects for death shocks For death shocks,
a small but significant pre-shock effect can be seen before
the actual shock. By manually examining a portion of the
pre-shock activity, we were able to discover that this effect
was partly due to announcements that their close ones were
in a critical state, such as someone getting injured and be-

ing transported to the ER or entering a critical condition,
which are stressful situations themselves. These foreboding
tweets can also be seen as request signals for support (Oh
and LaRose 2016) along with the shock tweet, which is re-
turned by increased attention and support from others.

Impact of Closeness on Shock Response
While our findings showed relationship-specific trends that
differ for each shock type, these properties may differ even
for the same relationship, depending on other network prop-
erties of the dyad such as tie strength and embeddedness.
Here, we formulate a task of predicting whether an interac-
tion occurs within a dyad when one user posts a shock tweet,
and investigate how tie strength and embeddedness play dif-
ferent roles across relationship and shock types.

Experiment Setup
We examine how responsiveness can be predicted with re-
spect to tie strength and structural embeddedness, two well-
known proxies of closeness in a social network. We con-
struct an undirected network using 10% of all Twitter men-
tion activities during a time frame of three months before the
shock occurrence, where an edge is formed if a user men-
tions the other. We compute (1) tie strength, measured as the
number of mentions an alter made to a shock user during that
period, and (2) structural embeddedness, measured through
Jaccard similarity which is the size of mutual neighbors of
two users divided by the size of the union of their neigh-
bors. For a dyad of the shocked user i and alter j with a
known relationship, we assign a label of ‘responded’ (1) or
‘not responded’ (0) to yi,j based on whether the alter user
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Figure 5: Coefficient sizes obtained from a logistic regres-
sion of response on mention frequency (tie strength) and
Jaccard similarity (structural embeddedness). Values with
solid colors indicate statistically significant (Bonferroni-
corrected) coefficient values.

responded to the shocked user within 36 hours of the shock
tweet. We then formulate a logistic regression task with the
following formula:

yi,j = α+ ti,j + si,j +Xi +Xj

where the number of mentions towards the shocked user ti,j
represents tie strength and the Jaccard similarity si,j rep-
resents structural embeddedness. The number of followers,
friends, posts, in-degree and out-degree of each user (vec-
tors Xi and Xj) are also included as independent variables
which we control for.

Results
We display the coefficients of the network properties for
each relationship-shock pair and compare them across re-
lationship types for each shock in Figure 5. When signifi-
cant, close ties are almost always likely to have a positive
effect on response prediction, which is expected given the
relationship between closeness and social support. Compar-
ing relationship and shock type provides us with a clearer
picture. For example, in family relationships, mention fre-
quency is insignificant for most shocks while the Jaccard
similarity is almost always significant. This shows that so-
cial support from family members depends more on social
embeddedness rather than communication frequency. The
situation reverses for organizational ties, where communica-
tion frequency is more important than embeddedness across
shocks. In addition, response during death events depends
much more on embeddedness than the frequency of commu-
nication. In summary, we generally confirm the important
role of closeness in the likelihood that a social connection
provides support during shocks, but at the same time, we
find it is highly dependent on the type of closeness, shock,
and relationship.

Topic Shifts in Shock Responses
While the response to another person’s shock is likely to be
of social support, the topics discussed take into account the

Topic
no.

Keywords Annotated
topic

1 hair wear wearing black blue clothes appearance
2 head face back hand hands eyes body
3 family loss love hear prayers condo-

lences
condolence

4 people it’s don’t that’s i’m make conversations
5 it’s i’m don’t people good that’s conversations
6 day great happy hope good birthday days
7 hope glad i’m man hear stay emotional

support
8 child mom baby kids age mother family
9 money work buy pay make free finance
10 food eat chicken cheese eating pizza food
11 drink water ice tea milk coffee food
12 game play games playing played switch games
13 balls demon harder image hill silent games
14 moon pokemon shiny sun trade frame games
15 brain test order blood levels cancer health
16 gay ship gender canon signs dark identity
17 lol shit i’m don’t ass lmao informal

language
18 english language spanish speak words language
19 movie watch show good episode charac-

ter
media

20 song music album listen songs love music
21 cats dogs pet yang ship they’re pets
22 adopt home pledge foster rescue save pets
23 trump case court rule report issues politics
24 black white women men people racist social

issues
25 trump vote party government state win politics
26 love cute good amazing beautiful nice positive

emotions
27 god jesus soul church rest lord religion
28 school high class year kids teacher school
29 twitter tweet post account lol send social me-

dia
30 red sox mlb fans white starts sports
31 team year game win season play sports
32 match champion wrestling wwe heel

turn
sports

33 data apps desktop storage celica folders technology
34 time i’m back lol day years time
35 side city car big south back traffic

Table 3: Top keywords and annotated topics from resulting
topic model

information shared between the relationship and the under-
lying social background. Our final question is whether users
adjust their topics when responding to shocks and if this
level of adjustment differs by relationship.

Experiment Setup
By considering each tweet message as a document and run-
ning a probabilistic topic model (Blei, Ng, and Jordan 2003)
across all documents, we can aggregate the output topic dis-
tributions for each document across shock type and relation-
ship type. We can compare the topic distributions to interpret
which relationship type is more likely to be associated with a
particular topic. We aggregate the text content of the replies
a treated or control user received during the first 36 hours
since posting a shock tweet and run an LDA topic model
MALLET (McCallum 2002) on 10, 20, 50, and 100 topics.
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Shock Social Romance Family Organizational Parasocial
Breakup conversations ↑ informal language ↑

Crime condolence ↑
emotional support ↑ emotional support ↑ emotional support ↑ emotional support ↑ emotional support ↑

Death appearance ↓
body ↓
condolence ↑
conversations ↓
emotional support ↑
finance ↓
food ↓
games ↓
informal language ↓
media ↓
music ↓
pets ↓
positive emotions ↓

social media ↓
sports ↓
time ↓
traffic ↓

condolence ↑ condolence ↑

emotional support ↑

games ↓
informal language ↓
media ↓

pets ↑

religion ↑
social media ↓

body ↓
condolence ↑
conversations ↓
emotional support ↑
finance ↓
food ↓

informal language ↓
media ↓

time ↓

condolence ↑

Job loss condolence ↑
emotional support ↑

condolence ↑
emotional support ↑

Table 4: A comparison of topics that experienced significant increases or decreases following a shock. The arrow direction
indicates whether the topic usage has increased or decreased after a shock when compared with the control group. The numbers
in brackets correspond to the topic numbers in Table 3.

Recent work (Hoyle et al. 2021) have shown that evalua-
tion metrics such as coherence scores may not align well
with human judgments on topic quality, and thus we manu-
ally examine the topic model results to select the topic size
that contains the most diversity and least number of over-
lapping topics, leading to a size of 50. As the topics pro-
duced by topic models are unsupervised, we manually label
each topic after inspecting its most probable words; topic
labels were obtained for 35 of the 50 topics; the remaining
15 did not have clear organization and were not used further
in our study. The most probable words of each topic and its
label are shown in Table 3. We observe a wide variety of top-
ics, reflecting the range of information exchanged in Twitter
conversations.

Once the topic distribution for each tweet is obtained, we
examine whether posting a shock significantly increases or
decreases the usage of specific topics seen in the replies from
each relationship type. For each topic, relationship type, and
shock type, we obtain two probability distributions from (1)
the probability of that topic in replies toward shocked users
and (2) the topic’s probabilities in replies to control users.
We then test whether the two distributions have an equal
mean using the student’s t-test. This results in a total of 1,000
comparison t-tests as there are 50 topics, 5 relationships, and
4 shocks. To account for the multiple comparisons, we apply
Bonferroni correction by defining an effect as significant if
and only if the p-value of the t-test is less than 0.05 divided
by 1,000, imposing a strong threshold for significance.

Results
We find 66 out of 1,000 possible cases across the combi-
nation of all shocks, relationships, and topics in which the
change in usage is significant, shown in Table 4. Following,
we highlight three trends by shock type.

Breakups For breakup we observe two cases of signif-
icant increase in topic usage, coming from social (conver-
sations; T4) and parasocial (informal language; T17) rela-
tionships. These topics are both situated in the ‘conversa-
tions’ category which indicates an increased amount of ca-
sual conversation-based communication. When experienc-
ing and posting a breakup, people considered in a social or
parasocial relationship would likely engage more in conver-
sations, either to discuss the event or to divert the attention
away (Moller et al. 2003). This shock type is also intrigu-
ing in that there is no apparent increase in condolence (T3)
or emotional support (T7), which is observed in all other
shocks. Support following breakups is shown not explicitly
through words of condolence but instead in a form of in-
creased interactions and conversations.

Crime & job loss All relationship types responded to
crime shocks by increasing emotional support (T7), and also
condolence (T3) in social relationships. For job loss, we
observe an increase in condolence and emotional support
only from the social and organizational categories, consis-
tent with our earlier findings from Section .2.

Death Responses following a death shock show the most
diverse changes in topic composition for all relationships.
For romance and parasocial ties, we observe significant
changes only in condolence (T3). Other relationships dis-
play more dynamic topic shifts. For social, family, and or-
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ganizational relationships, along with the increase in con-
dolence and emotional support (T7) we observe decreased
usage of several topics ranging from appearance (appear-
ance, body) to entertainment (games, media, sports). As for
decreasing topics, we can notice that (1) relationships such
as social ties discuss a wide variety of topics in pre-shock
communication, and (2) in the case of death shocks these
relationships are discouraged to transmit information other
than messages of condolence and direct emotional support.
We also find evidence of relationship-specific social support,
seen in the case of topics related to pets (T22) and religion
(T27) being increasingly used in family relationships.

In general, our results show that once a user experiences
a shock, their neighbors may choose to significantly re-
duce the likelihood of conveying topics related to everyday
events such as sports or politics, and shift towards express-
ing condolences and support. At the same time, there are
also relationship-specific topics that are exchanged, such as
topics related to pets or religion from family members.

Discussion
General discussion and implications One consistent theme
throughout this study is that relationship types have their
own functionalities, leading to different levels of engage-
ment and communication following shocks. Our findings
highlight the existence of latent social processes within
the interactions of online social networks, which can be
revealed only by explicitly modeling relationship types.
Even well-established social dimensions such as tie strength
and structural embeddedness which are known to con-
tribute to responsiveness contribute differently by relation-
ship. Our work suggests incorporating interpersonal rela-
tionships along with other network properties to gain a richer
understanding of the dynamics within social networks.

Our study shows that existing theories on social relation-
ships and social support do not always fit in the context of
online social networks. Previous studies have emphasized
the role of “close” relationships such as family members and
romantic partners as major providers of social support. How-
ever, our results show that, in online settings, social and or-
ganizational ties are the most responsive and supportive, and
also that closeness does not always lead to higher respon-
siveness. This discrepancy may result from several reasons,
such as romance or family ties having other communica-
tive means to provide support instead of Twitter (Burke and
Kraut 2014) or a disinclination to exchange personal conver-
sations on public social networking sites.

Our work can help identify which ties in online networks
are most supportive during shock experiences. For individ-
uals experiencing stressful life events, it is often challeng-
ing to disclose their problems in public online spaces due
to issues such as impression management concerns (Oh and
LaRose 2016). The response behavior seen in our findings
can help indicate the users in specific relationships that are
likely to be receptive to outreach after different shock events.
Our findings can be used as a basis for providing topic-
and relationship-specific support to shocked users by rec-
ommending the most suitable ties for different situations.

Limitations Our work only examines shocks in an online
setting, leaving open the question of how these trends hold
in offline settings for the same events. Prior work has studied
these offline behaviors separately (Kendler, Karkowski, and
Prescott 1999), yet the challenge of growing these studies to
our scale is likely prohibitive. Future mixed-method work is
needed to fruitfully identify how individuals leverage their
offline and online networks during shock events.

Similarly, we only examine public responses to life
events. As evidenced by the large number of public shock
event announcements and the many responses and expres-
sions of support we found in our data, we believe this is
an important phenomenon to study. We do acknowledge
that considering private messages can lead to different find-
ings. For instance, studying the pattern and content of pri-
vate messages or how interactions differ from previous years
where private messaging was unavailable could lead to inter-
esting findings. However, we leave those to future studies.

Our study focused on short-term interactions following a
shock. Although life shocks are often serious events, our re-
sults suggest the impact on one’s online network was very
brief, with the shocked user returning to normal activity
within a week. However, the event may still lead to the long-
term impact, such as the rewiring of network structure or
changing ties, which longer-scale studies may identify.

Finally, the scope of our relationships is limited to five cat-
egories based on the classifier (Choi et al. 2021). These cat-
egories may not capture the entirety of social relationships
in online social networks. Further, while the best available
model for our setting, the classifier itself may exhibit bias
that affects our results. Future work on relationship infer-
ence could expand the scope of our analysis by identifying
additional relationships or more specific subtypes of rela-
tionships to capture fine-grained trends.

Conclusion

In unexpected distressing circumstances, a helping hand or
a kind word can make all the difference. Our results show
that when individuals undergo unexpected shocks, others do
reach out online but who specifically reaches out depends
on the nature of their relationship and its interaction with
the type of shock. Through a large pseudo-causal study of
individuals experiencing four types of shocks paired with
a precisely matched control set, we demonstrate that so-
cial relationships vary significantly in which types of shocks
they engage with and even in the context of how they com-
municate to the shocked individual. Further, we show that
while higher tie strength and social embeddedness both in-
crease the likelihood of whether a person will respond in
the case of most shocks, these trends are highly dependent
on the relationship and shock event type. The insights pro-
vide further evidence for the importance of explicitly mod-
eling social relationships in studies on social network dy-
namics. We release our code, trained classifiers, and data at
https://github.com/minjechoi/relationships-shocks.
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the aggregated behavior of hundreds or thousands of users.
Fourth, our study is purely observational and we did not in-
terfere, experiment, or interact with any user. Instead, the re-
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T.; Flöck, F.; and Jurgens, D. 2019. Demographic Inference
and Representative Population Estimates from Multilingual
Social Media Data. In WWW.
Wellman, B.; and Wortley, S. 1990. Different strokes from
different folks: Community ties and social support. Ameri-
can journal of Sociology.
Zhang, A. F.; Livneh, D.; Budak, C.; Robert, L.; and
Romero, D. M. 2017. Shocking the Crowd: The Effect of
Censorship Shocks on Chinese Wikipedia. In ICWSM.

160


