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Abstract

Social norms can induce anxiety within mem-
bers of a society when they feel pressured to
conform. While researchers have previously
examined the psychological impact of specific
norms or norms collectively, little is known
about how different types of norms vary in
association to anxiety. In this work, we pro-
pose a framework to extract and categorize
social norms and their sources (norm drivers)
from social media using large language model
(LLM). We conduct a human evaluation to as-
sess the reliability of LLM annotations on the
obtained categories and systematically exam-
ine the relationship between different norm
types, norm drivers, and the users’ levels of
anxiety. Our findings reveal that romantic part-
ners and norms concerning physical appearance
are most strongly linked to anxiety. We share
the norm types, norm drivers, their rankings in
association to anxiety, and the social norms ex-
traction tool to help advance the study of social
norms found through language.

1 Introduction

Social norms are standards of acceptable behavior
shared by social groups (Chung and Rimal, 2016).
While they can contribute to the overall stability of
society (Bicchieri et al., 2018) as a framework for
increasing the predictability of people in different
situations (Kiesler, 1973), they also make members
of society feel anxious from the perceived pressure
to meet the expectations of norms (Elster, 1994).
In an ideal setting, anxiety induced by norms can
be natural and helpful to navigate complex social
landscapes and lead to social harmony and collec-
tive well-being (Petrie, 2002). However, social
norms, especially those that function as subjective
culturally-specific rules can be distorted to promote
harmful behaviors (Amiot et al., 2013) which are
at odds with one’s wishes or desires (i.e., cogni-
tive dissonance) (Balestrino and Ciardi, 2008) or
even stigmatize people (Norman et al., 2008). Such

downsides of social norms can lead to excessive
anxiety, creating a persistent state of distress that
negatively impacts one’s mental health (Wong et al.,
2017; Frost et al., 1990) and daily functioning (Fer-
guson and Rodway, 1994). While the literature in
social psychology is extensive, it mostly studies
specific norms and little is known on differences
in norms in terms of their effects on anxiety. LM-
based encoding techniques along with development
of more robust language-based assessments of anx-
iety (Kjell et al., 2023) can provide a valuable win-
dow into the connection between anxiety and social
norms.

In this work, we propose an approach that ex-
tensively explores social norms expressed in social
media and their relations to anxiety. We specifi-
cally pay attention to the social expectations that
an individual gets from the people that exercise
influence over that person (Kemper, 1966) com-
prising behaviors and manners expected for one-
self and within a relationship with another, i.e.,
interpersonal norms. We extract such expectations
and the entities that impose the norms, or norm
drivers (Legros and Cislaghi, 2020), from Reddit
posts, categorize them, and annotate each instance
accordingly by prompting large language models
(LLM). We then predict the Reddit users’ levels of
anxiety using a language-based prediction model
(Son et al., 2023; Mangalik et al., 2024) and exam-
ine how different types of norms and their sources
vary in association with anxiety.

Our contributions include: (1) proposal of ap-
proaches for extraction and categorizations of so-
cial norms and norm drivers from social media; (2)
human assessment of LLM annotations to validate
the labeling reliability, and (3) a ranking of the con-
nection from different norm types and norm drivers
with anxiety. We release the norm types, drivers,
and their rankings in relation to anxiety along with
the social norms extraction tool to help facilitate
future work in the area.



2 Related Work

Social norms exist on a spectrum, from widely ac-
cepted common sense such as “Cover your mouth
when you sneeze” or “Be quiet when watching a
movie in a theater” to subjective and culturally in-
fluenced rules such as “Prioritize family over work”
or “Study hard and go to a prestigious university”
Latter encompass interpersonal expectations (e.g.,
providing support to romantic partner) (Ohbuchi
et al., 2004), and self-oriented obligations often
shaped by others (e.g., pressure to study or pursue
career goals). It is primarily these latter that con-
tribute to anxiety, as they involve pressures shaped
by close relationships and cultural contexts (Hur
et al., 2009).

Researchers in the area of social psychology
have studied the specific norms that belong to this
latter range and their impact on anxiety, includ-
ing stigma on unemployment (Staiger et al., 2018),
workaholic culture (Andreassen et al., 2016), aca-
demic pressure (Kumaraswamy, 2013), gender
roles (Mahalik et al., 2003), marriage expectations
(Gui, 2023), and beauty standards (Dakanalis et al.,
2014).

Studies in the fields of ML and NLP have also
explored social norms in various directions, such
as detection of social roles (Beller et al., 2014; Kim
et al., 2016) or stigma (Straton et al., 2020) from
social media, and identifying (Park et al., 2021)
or analyzing (Moon et al., 2023) norm violations
within online communities, and integrating norms
into (Forbes et al., 2020) or measuring norms of lan-
guage models (Yuan et al., 2024). Rai et al. (2024)
studied the cultural differences in the expression
of shame and pride between the United States and
India. Nonetheless, a gap still remains in that stud-
ies tend to focus on individual types of norms or
treat them as a whole. Our work addresses this by
comprehensively exploring social norms expressed
in social media, summarizing them into distinct cat-
egories, and analyzing their connection to anxiety.

3 Dataset

We collected Reddit posts from subreddits
that represent language usage from a variety
of ethnic and cultural backgrounds, including
r/AsianParentStories, r/asianamerican,
r/KoreanAmerican, r/ABCDesis, r/Hispanic,
r/NativeAmerican, r/italianamerican,
r/Blackpeople, and r/blackladies. We also
examine subreddits for demographics that we

deem are likely to deal with social norms or expec-
tations, regardless of ethnicity, such as r/family,
r/teenager and r/firtstgenstudents.

By using the extraction method described in the
following section, the posts are filtered to those
containing norm phrases, resulting in 17,448 posts
authored by 11,958 Reddit users. We utilized this
set of posts to define the categories of the norms
and investigate the variance of the prevalence of
each norm by culture. We also collected the posts
that the same set of users wrote outside of the se-
lected ethnic subreddits to estimate their baseline
level of anxiety.

4 Method

Extraction of Norm Phrases and Drivers We
first applied coreference resolution using a mod-
ified version of AllenNLP ! model 2 to the
collected posts to replace personal pronouns
with their corresponding entities, excluding first-
and second-person pronouns. We then filter
posts containing specific linguistic patterns in-
dicative of perceived social norms, such as
[expect|want|tell|force|allow] me to VB
and let me VB, (i.e., norm patterns), using regular
expressions. Each post is split into sentences, from
which we extract the verb phrases as norm phrases
and their preceding subjects as norm drivers us-
ing constituency parsing from Stanza library (Qi
et al., 2020). For example, given the sentence “My
[friends want me to hang out with them”, the norm
driver is “MYy friends,” and the norm phrase be-
comes “hang out with my friends” after resolving
the pronoun “them.”

Categorizing Social Norms and Norm Drivers
To identify types of social norms from our dataset,
we use LLooM (Lam et al., 2024), an LLM-based
text analysis tool that generates semantically co-
herent, human-interpretable concepts from large
text corpora. Unlike traditional topic modeling or
clustering methods, which often rely on surface-
level lexical features and produce groupings that
require extensive manual interpretation, LLooM
produces higher-level conceptual summaries that
align more closely with human perceptions. While
not all generated concepts are immediately usable,
making decisions on keeping or combining useful
topics and discarding irrelevant ones still enabled

"https://github.com/allenai/allennlp-models
Proposed by Neurosys: https://neurosys.com/blog/
effective-coreference-resolution-model#article-2
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more efficient and principled topic derivation from
text clusters.

One pitfall of LLooM is its lack of scalability,
it performs best when generating concepts from a
few thousand texts at most, whereas our dataset
of extracted norm phrases exceeds this scale. To
address this, we first drop the samples where ei-
ther the norm driver or norm phrase is parsed to
be empty or the norm driver is “please” or “thanks”
and convert all norm phrases to lowercase. Then we
prepend “not” to norm phrases that entail negated
norm patterns (e.g., “doesn’t want me to”, “refuses
to let me”). This resulted in 17,448 unique phrases.
We compute the frequency of each phrase and apply
weighted random sampling to select 2,000 repre-
sentative phrases.

To structure the input for LLooM, we embed
the sampled phrases using Twitter-RoBERTa-base
(Barbieri et al., 2020) and apply KMeans clustering
to partition them into 10 roughly similar groups,
providing thematically narrowed subsets to facili-
tate concept generation. Then LLooM is applied
to each cluster to generate norm type candidates.
Conceptually overlapping topics were manually
merged, and those deemed less relevant to social
norms were discarded. The final set consists of 12
norm types along with their classification criteria,
as detailed in Table 2. We would like to note that
while VERBAL OR PHYSICAL ABUSE may not
represent a social norm in the conventional sense
and is rather heterogeneous compared to other cat-
egories, due to the nature of our data collection we
observed a high frequency of expressions such as
“(told me to) kill myself” or “(told me to) fuck off”.
Given their prevalence and relevance to interper-
sonal expectations and harm, we chose to include
this norm type in our schema.

We adoped a simpler approach for categorizing
norm drivers given their lower diversity. We first
asked ChatGPT to group norm drivers mentioned
at least 10 times into broad entity types. We then
re-framed these categories to emphasize the rela-
tionship between each entity and the first-person
author of the post, i.e., MY PARENTS, MY RoO-
MANTIC PARTNERS, MY FRIENDS, AND PEERS.
Mentions of entities not directly related to the au-
thor (e.g., ‘his parents’, ‘their friends’) were also
classified as the GENERAL PEOPLE OR OTHERS
type. A first person’s family members other than
parents, such as siblings, grandparents, aunts, and
uncles, were merged into MY NON-PARENT FAM-
ILY MEMBERS due to their comparatively trivial

role in imposing norms. NON-HUMAN OR AB-
STRACT is a category introduced to capture sub-
jects of the sentences like “[my job] allows me
to have work-life balance” or “[a family emer-
gency] that kind of forced me to stay at home”.
While such entities may not be norm drivers in the
strictest sense, we included them in our analysis
rather than arbitrarily removing language patterns
that express external pressures. ETC. comprises
informal words or fragmented tokens such as in-
terjections (e.g., ‘ah’), abbreviations (e.g., ‘idk’),
or numbers, which arise from the challenges of
parsing noisy social media text.

Annotation We prompted GPT-4.1-mini for an-
notation of norm types and norm driver types.

For norm types, annotation was conducted using
a pair consisting of a norm phrase and its surround-
ing norm sentence. While the norm phrase alone
ideally provides enough information to determine
the norm type, it can sometimes be ambiguous
or underspecified. In such cases, we instructed
the LLM instructed to refer to the norm sentence
for additional context. For example, in the pair
(“eventually get married”, “my parents want me
to eventually get married”), the phrase reflects ex-
pectations related to ROMANTIC RELATIONSHIPS.
In contrast, in the pair (“come over”, “my friend
told me to come over”), the norm phrase alone is
ambiguous, but the norm sentence clarifies that the
example falls under SOCIAL RELATIONSHIPS.

Anxiety Prediction For each user’s most recent
post containing an expression of norms, we col-
lected posts written by the same user outside the
aforementioned subreddits, selecting those that ap-
peared immediately or after the norm post based on
temporal proximity. We continued collecting until
there were at least three posts with a total word
count of 500 or more, and the number of users was
reduced to 7,733 as a result. This decision reflects
our treatment of the user’s anxiety associated with
social norms as a state rather than a trait.

We also collected posts from users whose writ-
ing in the selected subreddits did not contain any
norm statements, following a similar procedure by
retrieving their most recent posts instead.

We then predicted the level of anxiety for each
user by applying a pre-trained anxiety weighted-
lexicon (Son et al., 2023; Mangalik et al., 2024) on
the frequencies of the words comprising the col-
lected posts. The lexicon was originally trained
on a source domain of Facebook language along-
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side assessments of anxiety and adapted to the tar-
get domain of 2019-2020 Twitter to control for
domain-specific language effects.

5 Evaluation

Association Between Social Norms and Anxi-
ety We grouped users based on how frequently
they mentioned social expectations. Specifically,
we define normiesgyeran as the 1,393 users whose
posts contained references to social norms or
expectations at least three times. In contrast,
NOTMiESgverall 1Ncludes 5,936 users who men-
tioned norms once or twice, as well as 10,000 ad-
ditional users randomly sampled from those who
posted at least once in the selected subreddits but
never wrote norm statements.

We further divided normiesgyeran into two sub-
sets, normieSspecific and NOTMiSomer. A user be-
longs to the former if they mentioned a specific
norm type, norm driver type, or participated in a
specific ethnic subreddit; all others were labeled
with the latter.

Then we compute Cohen’s d using the following
equation,

d = mean ((anXgroup, ) — mean ((anXgroup, )

where ¢ denotes the z-score (mean-centered,
standardized) of a user’s predicted level of
anxiety, and (groupi, groupy) = (normiesoyerall,
NONNOTMieSoverall) OF (groupi, groupy) =
(normiesspecific, NOTMi€Sother).  The results are
shown in Table 1.

We obtained an effect size of 0.317 when com-
paring the anxiety scores of normiesSgyeran t0

NONNOTMIESyverall, 1his indicates a modest rela-
tionship, suggesting that the presence of social
norm expressions in one’s writing can be mean-
ingfully linked with elevated anxiety levels. In
other words, social norms may not be the sole or
most dominant driver of anxiety, but their influence
is non-negligible.

From comparing the types of norm drivers with
respect to their association with anxiety, we ob-
served that MY ROMANTIC PARTNERS and MY
FRIENDS AND PEERS are ranked the highest, fol-
lowed by MY NON-PARENT FAMILY MEMBERS
and MY PARENTS. While it is surprising to see
that the most frequently mentioned entities are
not the most correlated with anxiety, such result
aligns with prior findings that individuals experi-
ence higher anxiety in romantic relationships, fol-
lowed by friendships, and the least in family rela-
tionships (Kamenov and Jeli¢, 2005). This may be
pertinent to the differences in perceived relational
stakes. That is, while parents regularly commu-
nicate norms and expectations to their children,
the typically stable nature of parent-child relation-
ship may make children less worried about going
against them. In contrast, as romantic relation-
ships and friendships are formed and maintained
by choice (Khullar et al., 2021; Newcomb and Bag-
well, 1995), they are more dependent on ongoing
approval and more prone to breaking apart in the
face of conflict, which may lead individuals to feel
more anxious about failing to meet their expecta-
tions.

Among the norm types, APPEARANCE AND
PRESENTATION shows the highest association with
anxiety. While it is difficult to clearly understand
the reason behind this outcome, we can conjecture
that norms around physical appearance, such as
being told to stay skinny, dress a certain way, or
conform to beauty standards, are often pervasive
and have a strong impact on self-confidence (Irv-
ing, 1990). This result is also reasonable given that
MY ROMANTIC PARTNERS are most relevant to
anxiety among norm drivers, as such norms are
also closely tied to dating and romantic relation-
ships where appearance tends to carry more value
(Swami et al., 2021; Rollero, 2022).

INNER DEVELOPMENT AND MENTAL HEALTH
shows the second strongest association with anxi-
ety, which is natural given that many statements in
this category (e.g., “Everyone tells me to move on”,
“My dad told me to will myselfto be less depressed”,
“My parents let me get therapy suddenly”) imply



Overall d normiesgyyeran

317 1,393
Norm Type d normziesgpedisc Norm Driver Type d normiesspecic
APPEARANCE & PRESENTATION  .169 109 (8%) MY ROMANTIC PARTNERS 207 59 (4%)
INNER DEV. & MENTAL HEALTH .151 231 (17%) MY FRIENDS & PEERS .176 50 (4%)
FAMILY DYNAMICS .073 1,006 (72%) MY OTHER FAMILY MBRS .081 273 (20%)
ROMANTIC RELATIONSHIPS .067 160 (11%) MY PARENTS .025 1,246 (90%)
ACADEMIC PURSUIT .054 296 (21%) AUTHORITY FIGRS / PROFNLS -.029 53 (4%)
PHYSICAL HEALTH .009 189 (14%) GENERAL PEOPLE / OTHERS  -.055 559 (18%)
NOT A NORM .002 470 (34%) NON-HUMAN / ABSTRACT -.120 288 (21%)
VERBAL / PHYSICAL ABUSE -.005 428 (31%) ETC. -.171 39 (3%)
FINANCIAL PLANNING -.020 111 (8%)
CULTURAL INFLUENCE -.032 186 (13%)
SOCIAL RELATIONSHIPS -.055 167 (12%)
CAREER DECISIONS -.101 274 (20%)
INDEPENDENCE & AUTONOMY  -.168 562 (40%)
Subreddit d normiesgpecic
r/family 202 337 (24%)
r/AsianParentStories -.074 989 (71%)
r/ABCDesis -.152 79 (6%)
r/asianamerican -.286 13 (1%)
r/teenagers =717 27 2%)
r/Hispanic X 0 (0%)
r/KoreanAmerican X 0 (0%)
r/Blackpeople X 0 (0%)
r/blackladies X 0 (0%)
r/NativeAmerican X 0 (0%)

Table 1: Cohen’s d of predicted anxiety scores between normiesspecific, Or Reddit users who mentioned specific
norm types, norm driver types, or participated in specific subreddits, and normaiesoer-

that the user is navigating emotionally difficult or

stressful circumstances.

FAMILY DYNAMICS show a higher correlation

with anxiety than ROMANTIC RELATIONSHIPS,
which may seem contradictory to our finding that
ROMANTIC PARTNERS exhibit a stronger connec-
tion to anxiety than family members. This can be
explained by the fact that the 97 users whose norm
statements about ROMANTIC RELATIONSHIPS im-
posed by family members have lower predicted
level of anxiety than the 26 users imposed by MY
ROMANTIC PARTNERS, diluting the overall associ-
ation of this type with anxiety.

Unfortunately, comparing the connection be-
tween social norms and anxiety across different eth-
nicities proved challenging, as half of the selected
subreddits were relatively small in size and did not
yield users that qualified for analysis. normies
from r/family have shown to be the most anxious,
followed by those from r/AsianParentStories,
r/ABCDesis, and r/asianamerican, the subred-

dits that represent Asian demographics. We also
observed the level of anxiety for the normies from
r/teenagers to be significantly lower than the rest,
likely because this subreddit mostly features meme
posts rather than venting. Despite its large size (3.2
million members), it may be a less suitable place
for identifying anxious users expressing external
pressures.

Human Evaluation of LLM Annotation We
randomly selected 25 samples that were labeled
each norm type or norm driver type and asked two
human judges to evaluate whether they agreed that
such samples fall into the categories. The average
percentages of their agreements to the annotations
and inter-annotator agreements computed via Co-
hen’s x are recorded in Table 2 for norm types and
Table 3 for the norm drivers. We would like to
clarify that x of 0 does not indicate a complete lack
of agreement but rather comes from one evaluator
responding ‘yes’ to all samples, resulting in zero
variation in their responses and making the measure
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Figure 2: Heatmap of Cohen’s d focused on anxiety level of normiesgpecisc whose norm statements indicate each
norm type imposed by each norm driver type compared to normiesoer-

uninformative.

While evaluators generally showed high agree-
ment with the LLM’s classification of norm drivers,
they were less consistent for norm types. This is
attributable to several factors, such as the inherent
difficulty in defining clear boundaries between the
norm types, LLM occasionally deviating from the
annotation criteria, and variability in human judges’
interpretations of the samples in relation to norms.
We discuss these issues in detail in the Limitations
section.

6 Conclusion

Social norms can cause anxiety when individuals
perceive pressure to conform. While prior research
has explored the psychological impact of specific
norms or norms collectively, a gap remains in how
different types of norms vary in their relation to
anxiety. We developed a framework to extract and
categorize social norms and norm drivers from so-
cial media using LLM. We conducted a human
evaluation to assess the reliability of LLM anno-
tations and analyzed the association between dif-
ferent norm types, norm drivers, and the users’
levels of anxiety. APPEARANCE AND PRESEN-
TATION among norm types and MY ROMANTIC
PARTNERS among norm drivers are revealed to be

most strongly linked to anxiety. We share the norm
types, norm drivers, their rankings in association to
anxiety, and the social norms extraction tool to help
support future research on the complex relationship
between social norms found through language and
mental health.

Ethics Statement

We anticipate our study of social norms to offer
valuable insights into the expectations shaping in-
dividuals’ behaviors that can be observed in on-
line communities. By identifying the types and
frequency of norm expressions, this work can con-
tribute to an enhanced understanding of psycho-
logical burden imposed by certain norms. Such
comprehension could support mental health care
by helping clinicians identify harmful internalized
social norms that contribute to conditions.

At a broader level, our findings may help insti-
tutions in making effort to promote mental health
and foster supportive environments by identifying
norms and expectations that are inducing anxiety
and providing interventions.

We also acknowledge potential risks. For in-
stance, the same tools and findings could be mis-
used to target individuals or communities with ma-
nipulative advertising or political messaging. We



therefore emphasize the need for responsible use of
these methods and maintain caution in how insights
are applied.

Limitations

Our study has several key limitations. First, since
our data is limited to English, social norms ex-
pressed in other languages (Popitz, 2017) or in
cultures and societies other than English-speaking
ones (Heinrichs et al., 2006) may not be fully rep-
resented in our findings.

We abstracted diverse social norms and expec-
tations into 12 types, which, while allowing for a
structured analysis, may obscure meaningful dis-
tinctions between subtypes that differ in their re-
lationship to anxiety. For example, ROMANTIC
RELATIONSHIPS includes both expectations di-
rected toward romantic partners (e.g., showing af-
fection, spending quality time), and parental ex-
pectations for the individual to eventually marry.
These subtypes may carry different emotional im-
plications and levels of psychological pressure, yet
are grouped under the same level.

In addition, the boundaries between norm types
are not always clear-cut. The statement “My dad
wants me to major in computer science” could be
categorized under ACADEMIC PURSUIT if focus-
ing solely on studying the field, but it may also fall
under CAREER DECISIONS if interpreted as pres-
sure to choose a major with better job prospects.

Low inter-annotator agreement is partly at-
tributable to the judges having different interpre-
tations toward social norms. For example, in the
statement “My sister really misses me and wants
me to come home”, one interpreted this as the sis-
ter’s expectation for physical proximity as a family
(Simola et al., 2023), which is an interpersonal
norm that can be commonly found across a society.
The other saw this as a personal interaction rather
than a norm. These discrepancies arose partly due
to trying to keep the prompt concise to avoid con-
fusion for LLM, while human evaluators referred
to the same guidelines for judgement. Having a
unified annotation guide for the validity of evalu-
ation thus inevitably involved a trade-off between
prompt specificity and inter-annotator agreement.

Norm statements are often difficult to classify
when the surrounding context is limited. For in-
stance, “(want me to) lose weight” could either
reflect concerns about obesity which would fall
under PHYSICAL HEALTH, or imply pressure sur-

rounding diet culture relevant to APPEARANCE
AND PRESENTATION, depending on the surround-
ing context.

Another limitation lies in the LLM annotation
process. Despite providing explicit instructions to
prioritize the content of the norm phrase over the
sentence, the model often focused did otherwise.
For instance, given a pair of phrase and sentence
(“cut my hair”, “My mom won’'t let me cut my
hair”), the intended label was APPEARANCE AND
PRESENTATION, whereas the model assigned IN-
DEPENDENCE AND AUTONOMY by paying atten-
tion to “let me” rather than the core action. This
highlights a recurring challenge with LLMs deviat-
ing from annotation criteria (Tan et al., 2024).

Furthermore, LLLMs occasionally interpret state-
ments that diverge from human understanding of
norms, likely due to their limited understanding
of social and cultural contexts (Ziems et al., 2024,
Choi et al., 2023; Havaldar et al., 2023; V Ganesan
et al., 2023). While human evaluators considered
the pair (“do things”, “My dad forces me to do
things”’) an instance of INDEPENDENCE AUTON-
oMY, LLM classified it as VERBAL OR PHYSICAL
ABUSE, likely due to emotionally charged verbs
like force.

Despite these challenges, our research design
was the most practical and effective strategy given
the scope of this study. Our dataset comprises a
wide variety of social norms and includes tens of
thousands of instances, making manual annotation
less feasible under time and resource constraints.
The use of LL.Ms enabled large-scale annotation
that reasonably approximated human perceptions
of social norms, facilitating a systematic analysis
of norm expressions across a diverse set of themes
and contexts with respect to anxiety. They have
proven to be valuable in social science research
(Dey et al., 2024; Bail, 2024), and their growing
influence in this domain highlights the importance
of integrating their capabilities with care while ac-
knowledging their limitations.
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Norm Type Inclusion Exclusion Average Inter-
Annotation  annotator
Agreement  Agree-
(%) ment (k)
ACADEMIC education in general, studying, aca- pursuing a specific career path, 84% .0
PURSUIT demic responsibilities, or school- such as entering medical school
related activities or law school
CAREER DECI-  choosing or aspiring to a specific ~improving life in general, be- 90% 779
SIONS career or profession coming a better person, or gen-
eral educational goals such as
studying or focusing on school-
work
INNER  DE- emotional well-being, psychologi- choosing or aspiring to a spe- 88% .0
VELOPMENT cal challenges, healing from trauma, cific career, studying or educa-
AND MENTAL or improving life in general tional goals, taking care of phys-
HEALTH ical needs, or family dynamics
or pressure
PHYSICAL maintaining or improving physical  pursuit of a medical career, such ~ 88% 254
HEALTH condition, dealing with physical ill- as becoming a doctor or going
ness or injury, exercise, diet, sleep, to medical school, or taking care
or taking care of “my” body of someone else’s health
FAMILY Dy- relationships, interactions, or ex- social interactions with people 46% .359
NAMICS pectations between “my” family outside “my” family
members, including doing house
chores or providing financial sup-
port within the family
ROMANTIC relationships, interactions, or expec- marrying someone of a spe- 76% .565
RELATION- tations between romantic partners cific ethnicity, or interactions
SHIPS with family members, friends,
co-workers, or any other non-
romantic social connections
SOCIAL RELA- relationships, interactions, or expec- interactions with family mem- 84% .194
TIONSHIPS tations between friends, co-workers, bers or a romantic partner
or other non-romantic social connec-
tions
CULTURAL IN-  situation where cultural beliefs or - 84% 118
FLUENCE values influence a decision or behav-
ior, such as marrying or dating some-
one of a specific ethnicity, learning
a specific language, or prioritizing
one’s own cultural traditions or eth-
nic roots
FINANCIAL saving money, budgeting, or plan- financially supporting someone  86% .194
PLANNING ning expenditures for “my” future else
APPEARANCE  taking care of appearance or main- personal hygiene for medical 86% 516
AND PRESEN- taining a socially expected presenta- reasons, or working out for
TATION tion, such as dressing appropriately, health
wearing makeup, or conforming to
beauty standards
INDEPENDENCE themes of independence, self- - 84% 405
AND AUTON- reliance, or autonomy, including
OMY making responsible decisions or
prioritizing personal needs and
boundaries
VERBAL OR being insulted, threatened, harmed, internal or self-imposed pres- 56% 677
PHYSICAL or subjected to controlling, demean-  sure
ABUSE ing, or violent behavior by others
NOT A NORM does not belong to any of the types - 66% 262

Table 2: Inclusion and exclusion criteria

for annotation on the types of social norms.
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Norm Driver Type Criteria Examples Average Inter-
Annotation  annotator
Agreement  Agree-
(%) ment (k)
MY PARENTS one’s own parents (biological, (my) parent(s), (my) mom and 96% .0
adoptive, step, or culturally spe- dad, (my) mother and father,
cific) (my) asian parent(s) / ap(s), (my)
mom, our mom, (my) asian
mom / am, (my) dad, (my) fa-
ther, my folks, (my) asian dad /
ad, (my) asian father / af
MY NON-PARENT FAM- siblings, grandparents, aunts, (my) family, (my) sister(s), 94% .648
ILY MEMBERS uncles, cousins, etc., when the  (my) brother(s), (my) sibling(s),
speaker is referring to their own (my) aunt(s), (my) uncle(s),
family (my)  grandmother/grandma,
(my)  grandmother, (my)
grandparent(s), (my) grandfa-
ther/grandpa, (my) sister in law
/ sil, (my) brother in law / bil,
(my) father in law / fil, (my)
mother in law / mil
MY ROMANTIC PART- romantic partners in a personal ~ (my) husband, (my) wife, (my) 88% .627
NERS context partner, (my) boyfriend/bf, (my)
girlfriend/gf, (my) ex
My FRIENDS AND one’s own friends or peers (my) friend(s), (my) best friend, 88% .627
PEERS a friend
AUTHORITY FIGURES people in roles of authority or  my teacher, the teacher, my man- 100% X
OR PROFESSIONALS professional support ager, my therapist
GENERAL PEOPLE OR others’ family members, friends, you, you guys, we, they, them, 78% .651
OTHERS or partners, generic people, or  everyone, someone, anyone, oth-
general groups ers, all, no one, people, your /
his / her / their parents, your /
his / her / their mom, your / his
/ her / their dad, your / his / her
/ their family, this woman, this
girl
NON-HUMAN OR AB- objects, concepts, or vague ref- it, this, that, the one, the type, 92% .0
STRACT erences not tied to people something, things, anything, a
job, my brain, yesterday
ETc. - ah, idk, 8, wich 70% 719

Table 3:

Definition and examples for annotation on the types of norm drivers.
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