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Abstract
A major task for moderators of online spaces is norm-setting,
essentially creating shared norms for user behavior in their
communities. Platform design principles emphasize the im-
portance of highlighting norm-adhering examples and explic-
itly stating community norms. However, norms and values
vary between communities and go beyond content-level at-
tributes, making it challenging for platforms and researchers
to provide automated ways to identify desirable behavior to
be highlighted. Current automated approaches to detect de-
sirability are limited to measures of prosocial behavior, but
we do not know whether these measures fully capture the
spectrum of what communities value. In this paper, we use
upvotes, which express community approval, as a proxy for
desirability and examine 16,000 highly-upvoted comments
across 80 popular sub-communities on Reddit. Using a large
language model, we extract values from these comments
across two years (2016 and 2022) and compile 64 and 72
macro, meso, and micro values for 2016 and 2022 respec-
tively, based on their frequency across communities. Further-
more, we find that existing computational models for measur-
ing prosociality were inadequate to capture on average 82%
of the values we extracted. Finally, we show that our approach
can not only extract most of the qualitatively-identified values
from prior taxonomies, but also uncover new values that are
actually encouraged in practice. Our findings highlight the
need for nuanced models of desirability that go beyond pre-
existing prosocial measures. This work has implications for
improving moderator understanding of their community val-
ues and provides a framework that can supplement qualitative
approaches with larger-scale content analyses.

1 Introduction
Online communities have become a significant medium for
human interaction, with users engaging across diverse plat-
forms and content (Williamson 2020). These interactions
give rise to a range of behaviors, some of which result
in negative outcomes, while others lead to positive ones,
both of which can impact users and platforms (Halfaker,
Kittur, and Riedl 2011; Cunha, Weber, and Pappa 2017;
Chandrasekharan et al. 2022; Cook, Cai, and Wohn 2022;
Verma et al. 2022). Prior research has concentrated on de-
tecting and examining undesirable behaviors including toxi-
city (Pavlopoulos, Malakasiotis, and Androutsopoulos 2017;
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Chandrasekharan et al. 2019), hate speech (Chandrasekha-
ran et al. 2017), personal attacks (Warner and Hirschberg
2012), and employed empirical approaches to uncover norm
violations at scale (Chandrasekharan et al. 2018) and de-
termine the prevalence of antisocial behavior (Park, Seer-
ing, and Bernstein 2022). Additional approaches include
predicting conversational outcomes based on initial com-
ments (Zhang et al. 2018; Bao et al. 2021), analyzing
the structure of toxic conversations (Niculae and Danescu-
Niculescu-Mizil 2016), and assessing the resilience (i.e.,
ability to bounce back) of online conversations after adverse
events (Lambert, Rajagopal, and Chandrasekharan 2022).

Recently, this focus on addressing undesirable behavior—
via abuse detection and punitive actions—has shifted to-
wards exploring complementary strategies to detect and en-
courage desirable outcomes (Jurgens, Chandrasekharan, and
Hemphill 2019). These strategies aim to promote the kind of
activity that platforms seek to encourage in order to improve
individual user well-being and overall community health.
Bao et al. (2021) analyzed the utility of conversational fea-
tures for the prediction of prosocial outcomes in online
interactions by introducing theory-inspired metrics. Weld,
Zhang, and Althoff (2024) conducted a survey of Reddit
users to develop a comprehensive taxonomy of community
values that users find desirable to foster better communities.
Relatedly, Lambert, Choi, and Chandrasekharan (2024) sur-
veyed Reddit moderators and constructed taxonomies cap-
turing what moderators want to encourage and what actions
they take to positively reinforce desirable contributions.

Despite these efforts, a deeper understanding of the spe-
cific attributes in content and behavior that different commu-
nities find desirable and encourage in practice remains un-
derdeveloped. Although prior work (Chandrasekharan et al.
2019) has used comment removals to study “social norms,”
implicit guidelines that shape community interactions and
determine what behaviors are acceptable (Bicchieri and
Muldoon 2011), there is a gap in our understanding of so-
cial values. Social values are the fundamental principles and
ideals of a community serving as the foundation from which
norms emerge and gain power through enforcement (Mc-
Clintock 1978).

Similar to social norms, identifying social values at scale
is challenging due to their emergent nature and the consid-
erable variation across communities. These variations are
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influenced by factors such as governing norms, the sensi-
tivity of interaction topics, and target audiences (Jurgens,
Chandrasekharan, and Hemphill 2019). Analyzing these val-
ues requires large-scale qualitative assessments, as tradi-
tional computational approaches like topic modeling (Blei,
Ng, and Jordan 2003) tend to focus on the content of con-
versations rather than the extraction of underlying values.
Additionally, the extent to which existing prosociality met-
rics (Bao et al. 2021) can explain the types of actions
and content valued by communities is unclear. Moreover,
prior survey studies have highlighted that prosociality is in-
deed desired by community moderators (Lambert, Choi, and
Chandrasekharan 2024), and our goal is to extend this line of
work by examining how prevalent these attributes are across
multiple communities along with uncovering the additional
attributes of desirable content.

In this paper, we present a framework to computationally
extract the community values being encouraged in practice
by Reddit communities, called subreddits. We focus on up-
votes as a proxy for the desirability of content. Key reasons
for using upvotes are that (1) upvotes are the default way to
signal desirability, are signals that indicate the same treat-
ment across communities, and are freely available to use for
all users on the platform unlike other signals like ‘awards’;
and (2) recent work (Lambert, Choi, and Chandrasekha-
ran 2024; Lambert, Saha, and Chandrasekharan 2025) has
shown that upvotes are being used by moderators to enforce
certain values in practice, and receiving upvotes encourages
users to post more desirable content in the future.

We base our extraction of community values on 16,000
highly-upvoted comments from 80 different Reddit commu-
nities. First, we develop a simple approach powered by large
language models (LLMs) to extract and categorize values as
macro, meso, or micro based on their prevalence across com-
munities. In order to validate the robustness of our approach,
we perform our analysis on data from two years, 2016 and
2022. Next, we evaluate whether existing measures of de-
sirable behavior (e.g., prosociality (Bao et al. 2021)) from
prior work are sufficient to explain the likelihood of a com-
ment being highly upvoted by its community, and can ad-
equately capture the community values we extract in our
work. We then analyze how our computationally-extracted
values compare to existing taxonomies of desirable behav-
ior (Lambert, Choi, and Chandrasekharan 2024) and com-
munity values (Weld, Zhang, and Althoff 2024).

Specifically, we address the following research questions:

RQ1: What types of behavior and content are highly up-
voted (i.e., encouraged) within subreddits? How do
these values overlap and vary across communities?

RQ2: How well do existing computational approaches to
quantify desirability explain what gets highly up-
voted?

RQ3: How do existing survey-based taxonomies of desir-
able behavior intersect with the values we extract?

Summary of Findings: Using our large language model
(LLM)-based approach, we analyzed popular content across
80 popular Reddit communities for two years, 2016 and
2022. Our analysis revealed 64 distinct values in 2016 and

72 values in 2022, spanning macro, meso, and micro scales.
We find that communities reward prosocial behavior to vary-
ing degrees and that existing prosociality measures alone are
insufficient to quantify desirability, with current models cap-
turing only 14 out of the 64 values in 2016 and 10 out of the
72 values in 2022 with at least 25% recall. Finally, we show
that our extracted values align closely with existing survey-
based taxonomies of desirable behavior and present deeper
insights into values at meso and micro levels. This work has
implications for researchers studying desirable behavior on-
line and for platforms aiming to develop automated moder-
ation tools that can detect and encourage desirable behav-
ior. We highlight the need to broaden definitions of proso-
ciality and desirability within online communities, and lay
the foundation for future work on computational models that
align with community-specific values.

2 Related Work
Understanding, quantifying, and predicting user behaviors
and conversational outcomes within online communities has
been a growing area of research. Chandrasekharan et al.
(2018) conducted a large-scale empirical study on norm vi-
olations across 100 subreddits to identify emergent norms,
while Park, Seering, and Bernstein (2022) examined the
prevalence of antisocial behavior within these communi-
ties. Various studies have also looked at toxicity and hate
speech (Chandrasekharan et al. 2017; Kumar, Cheng, and
Leskovec 2017; Chandrasekharan et al. 2019), mental well-
being (Saha, Chandrasekharan, and De Choudhury 2019;
Saha and Sharma 2020; Saha et al. 2022; Shimgekar et al.
2025; Pal et al. 2026), moderation outcomes (Chandrasekha-
ran et al. 2022; Jhaver et al. 2021), and forecasting con-
versational outcomes (Liu et al. 2018; Chang and Danescu-
Niculescu-Mizil 2019; Bao et al. 2021; Lambert, Rajagopal,
and Chandrasekharan 2022). Our work aims to enhance the
understanding of the kinds of behavior and content that on-
line communities find desirable.
Prior Work on Desirable Behavior Online: Jurgens, Chan-
drasekharan, and Hemphill (2019) highlighted the need to
expand the focus of computational approaches to handle
online abuse to be more proactive (i.e., not wait until the
bad behavior has occurred). Moreover, the absence of abuse
does not necessarily imply that a community is thriving and
healthy (Bao et al. 2021). As a result, we need to comple-
ment current moderation strategies with more proactive ap-
proaches to incentivize and encourage normative-behavior
(e.g., via norm-setting (Grimmelmann 2015), rewards or
positive feedback (Kraut et al. 2011; Kiesler et al. 2012),
highlighting or increasing the visibility of desirable be-
havior (Diakopoulos 2015; Choi et al. 2024)). Researchers
have developed computational approaches to detect differ-
ent types of positive behavior like politeness (Danescu-
Niculescu-Mizil et al. 2013), support (Wang and Jurgens
2018a), empathy (Zhou and Jurgens 2020), constructive-
ness (Kolhatkar and Taboada 2017), and prosociality (Bao
et al. 2021). Bao et al. (2021) applied social psychology
theories to operationalize supportiveness (Wang and Ju-
rgens 2018b), agreement (Brown and Smart 1991), and
politeness (Danescu-Niculescu-Mizil et al. 2013) as three
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key measures of prosociality. These measures were used
to predict prosocial outcomes in conversations. Lambert,
Rajagopal, and Chandrasekharan (2022) similarly applied
these measures to extract conversation features that result
in prosocial outcomes following norm violations.

In addition to computational approaches, researchers have
also employed human-centered approaches to explore what
community-members and moderators value. Weld, Zhang,
and Althoff (2024) surveyed users across Reddit to con-
struct a taxonomy of community values. Lambert, Choi,
and Chandrasekharan (2024) similarly compiled a taxonomy
of attributes Reddit moderators want to encourage in their
communities and found that many of them took explicit ac-
tion to positively reinforce those attributes. Importantly, the
most common attribute moderators found desirable was be-
ing prosocial. These analyses present valuable insights into
user and moderator perspectives on what is desirable, but
there is still work to be done to identify what values are be-
ing encouraged in practice. This paper aims to examine the
recall of current computational methods to quantify desir-
able behavior and augment prior taxonomies of desirable
behavior by identifying the values being rewarded by com-
munities in practice.
LLMs for Qualitative Analysis: Large language models
(LLMs) are increasingly being applied for qualitative anal-
ysis in computational social science research, and have
shown both potential and challenges (Ziems et al. 2024).
Gilardi, Alizadeh, and Kubli (2023) demonstrated that mod-
els like ChatGPT can outperform human crowdworkers on
text annotation tasks, suggesting that LLMs hold promise for
automating labor-intensive processes, and Bonikowski and
Nelson (2022) surveyed recent works integrating computa-
tional text analysis approaches for social science research.
Abdurahman et al. (2024) explored the opportunities and
challenges of using LLMs in psychological research for task
automation to expand our understanding of human psychol-
ogy. Notably, Peters and Matz (2024) investigate whether
LLMs can infer the psychological dispositions of social me-
dia users and show that they can perform at a level similar
to that of supervised machine learning models, and Chew
et al. (2023) also show that ChatGPT can perform deductive
coding for content-analysis tasks across multiple domains
with agreement levels similar to human annotators. Simi-
larly, Dunivin (2024) shows that chain-of-thought reasoning
with GPT-4 matches human performance in some qualitative
coding tasks in a scalable manner. Related to our work, Park
et al. (2024) propose a framework leveraging LLMs to quan-
tify social norms, community preferences, and values within
online communities, and Lam et al. (2024) propose an LLM-
based framework to analyze unstructured text using concept
induction. Given this potential for language models to ef-
fectively perform annotation tasks, we use them as a tool to
extract community values.

3 Data Collection Pipeline
Our analyses rely on data collected from 80 popular Reddit
communities (or subreddits). Reddit is an apt platform to
study variations in notions of desirable behavior due to the

wide range of topics covered by different subreddits and the
overall size of Reddit’s user base.

For this study, we began with a dataset of 100 subred-
dits from which Chandrasekharan et al. (2019) originally
compiled comment removal data between May 10, 2016 and
February 4, 2017. This dataset was further extended by Lam-
bert, Rajagopal, and Chandrasekharan (2022) to include all
comments posted on these 100 subreddits during this period.
We refer this dataset as D2016. To ensure robustness of our
overall framework, we also collected data for the same 100
subreddits from the most recent full year for which we had
comment data at the time of our study: Jan 1, 2022 to Dec
31, 2022, which we refer to as D2022.

We then filtered out all comments that were removed by
moderators, deleted by the authors themselves, or posted by
authors whose accounts were deleted. This filtering avoids
comments without text to analyze and maintains privacy for
authors who did not want their content visible on the plat-
form. Furthermore, we filtered out comments from accounts
that were either known moderation bots or moderators.

Since we are interested in extracting values that would
explain why a comment would be highly upvoted, we la-
bel each comment with a binary label of “low” and “high”
score (# upvotes – # downvotes). For each subreddit,
we label comments below the 70th percentile of score as
“low” and above the 95th percentile of score as “high.” See
Appendix E for details on the choice of the thresholds.

Next, since desirability of a comment and the values it
portrays may be context dependent, we construct {context,
highly-upvoted comment} pairs where the context is the
preceding comment as a reply to which the comment was
posted. To ensure enough representation from each subreddit
while also keeping the analysis tractable, we aimed to obtain
100 such pairs for each subreddit across D2016 and D2022.
Furthermore, in order to ensure that D2016 and D2022 are
comparable, we randomly sampling these pairs across the
data for the particular year to avoid any chronological biases
and stop once we find 100 pairs for each subreddit. How-
ever, we found that some of the original 100 subreddits had
been banned, and other did not have at least 100 pairs where
the comment reached the ‘high’ upvote category at the 95th
percentile. This filtering process resulted in our final set of
80 subreddits. Our final study dataset Dstudy therefore com-
prises of 16,000 {context, highly-upvoted comment} pairs
from 80 subreddits.

These 80 subreddits vary in size, with sub-
scriber counts ranging from approximately 96K for
r/AskTrumpSupporters to 66.6M for r/funny
(as of in March 2025). The set of communities is also
topically diverse consisting of entertainment, science,
question-answering, sports, debate, technology, and humor
communities (among others). A complete list of the 80
subreddits can be found in Appendix F.

4 RQ1: Computationally Extracting Values
Across Communities at Scale

We now introduce our framework for computationally ex-
tracting values beyond prosociality that may influence up-
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voting patterns. Details about our choice of language model
and inference parameters are provided in Appendix B.

Methodology
Prompting Pipeline: Since traditional approaches like topic
modeling (Blei, Ng, and Jordan 2003) focus on topic-level
attributes and are not well-suited to extracting higher-level
traits and values from text, we make use of a state-of-the-art
large language model (LLM). Specifically, we query GPT-
4o (Achiam et al. 2023), providing it with the subreddit de-
scription, and {context, comment} pairs from Dstudy, and
task it with extracting between one and three keywords that
make the comment highly upvoted given the context. We
also use chain-of-thought reasoning (Wei et al. 2022) to
elicit explanations from the model for the extracted key-
words. See Appendix C for the prompt design and our efforts
to ensure reproducibility, and Appendix H for a replication
with 4-bit quantized Gemma-3-27B-IT (Team et al. 2025).

The model returns a list of either one, two, or three key-
words that capture the traits or values in the comment that
may make it upvote-worthy, or “N/A” if the model does
not consider the comment to be upvote-worthy. Allowing
the model to return “N/A”s is important to ensure that it is
not forced to return a list of traits if it decides the comment
should not have been upvoted.
Overall Framework: We prompt the LLM to extract up to
three keywords for each pair in Dstudy, separately for the two
study years. This process resulted in 249 and 393 unique
keywords across all subreddits in D2016 and D2022 respec-
tively. We observed that some of these keywords were se-
mantically similar (e.g., synonyms, same word-family, etc.).
In order to cluster/group keywords that represent similar val-
ues and obtain a unique set of values, we use a Sentence
Transformer model (Reimers and Gurevych 2019) to embed
each keyword to create an embedding pool. Next, on this
large set of embeddings, we perform agglomerative cluster-
ing to obtain 100 clusters for each year. This initial value
of 100 was determined to ensure that there were neither
not too many individual keywords nor clusters which were
too dense and had unrelated keywords grouped together. We
then generate one-word labels using GPT-4o for the key-
words in each cluster. Finally, we manually regroup the val-
ues if needed, to modify the clusters to ensure the validity
of the final groupings. This grouping leads to a final set of
64 and 72 values for D2016 and D2022 respectively, both sets
including an “N/A”. Finally, we perform a value-prevalence
analysis to understand how many subreddits show each of
the obtained values within the extracted value set.

The result of this framework is a set of computationally-
extracted values that are being encouraged (via upvotes) by
Reddit communities in practice. While the extracted set of
values is not exhaustive for the entire platform, it is a repre-
sentative sample of highly-occurring traits that community
members value across Reddit.
Reliability of LLM-extracted Values: Language models
have been shown to be well-suited to various zero- and few-
shot tasks (Brown 2020; Kojima et al. 2022) even though
they are not trained on the specific tasks under consideration.
They also elicit strong reasoning capabilities when prompted

with a chain-of-thought approach (Wei et al. 2022). More-
over, prior work has demonstrated that LLMs have famil-
iarity with content from popular Reddit forums (Park et al.
2024; Dignan 2024).

We further ensure robustness by evaluating the reliability
of the LLM-extracted values through a manual annotation
task. We randomly sample 160 comments from D2022 (i.e.,
two from each subreddit) and have two annotators indepen-
dently assess these samples to determine whether each of the
values extracted by the model are actually exhibited in the
comments. The annotators then ensured that any disagree-
ments were due to subjective differences.

The average accuracy of the labels generated by the LLM,
measured as the proportion of the extracted values actually
exhibited in the comments was 77%. Using Krippendorff’s
α to measure Inter-Rater Reliability (IRR) between the an-
notators, we obtained α = 0.61 which denotes substantial
agreement (Hayes and Krippendorff 2007). The annotators
disagreed the most on the value “relatable” due to its subjec-
tive nature. The IRR measured on all values excluding “re-
latable” is α = 0.73. These measures highlight the validity
of our framework and reliability of the extracted values.

Findings
Similar to the approach Chandrasekharan et al. (2018) took
to categorize community norms, we group the extracted
community values into macro, meso, and micro values based
on their prevalence across subreddits. Values shared by at
least 75% of the 80 subreddits (at least 60) are categorized as
macro values, those shared by between 25% and 75% sub-
reddits are categorized as meso values, while those shared
by less than 25% (at most 20) subreddits are categorized as
micro values. A detailed list of all values is in Appendix D.
Macro values: Figure 1 shows macro values extracted
from comments in Dstudy. We find that three macro values
emerged from D2016: humor, relatable, and concise. Two
macro values surfaced from D2022: humor and relatable.

A total of 6,785 comments (4,064 from D2016 and 2,721
from D2022) were labeled with humor, including the follow-
ing example from r/Android (D2022):

Context: “Wow, it looks like the Pixel 6... how can
this be?!? /s”
Comment: “And your gonna love it- Tim Google.
Jokes aside i love the Pixel 6 design.”

Similarly, a total of 7,752 comments (3,834 from D2016
and 3,918 fromD2022) were labeled with relatable, including
the following example from r/television (D2022):

Context: “When my ex and I broke up and I found out
he WAS actually cheating like I suspected. Trust your
gut ladies. [...]”
Comment: “I think gut feelings only go so far. I am
immensely paranoid that my partner is cheating/is go-
ing to cheat on me, but I know it’s down to how I was
treated by all of my ex partners.”

Finally, a total of 2,276 comments in D2016 were la-
beled with concise, including the following example from
r/2007scape (D2016):
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Macro Values
Meso Values

Macro and Meso Values Across 80 Subreddits

Figure 1: Plot representing the macro and meso values extracted from 80 subreddits in D2016 (left) and D2022 (right). Macro
values manifest in at least 60 subreddits while meso manifest in between 20 and 60 subreddits. In 2016 we find 3 macro values
and 13 meso values, while in 2022 we find 2 macro values and 20 meso values. Dashed line separates macro and meso scales.

Context: “Everyone knows there is a viewbot on her
stream. [...] Don’t give her more attention.”
Comment: “if only more people understood this sim-
ple approach to ignoring people out of existence.”

All subreddits in D2016 valued humorous and concise con-
tent while 77 subreddits valued content that was relatable. In
D2022, all subreddits except r/legaladvice valued hu-
morous content while 75 subreddits valued relatable content.
Meso values: Meso values are less common than macro
values, but still appear in between 20 and 60 communities.
From Figure 1 we see that there are 13 and 20 meso values in
D2016 and D2022 respectively. The meso values that showed
up in both samples include clarity, creativity, critical per-
spective, empathetic, engagement, helpful, nostalgia, prag-
matism, prosociality, respectful, and social commentary.

Comments expressing prosocial behavior, including po-
liteness, compassion, and positivity, were highly upvoted
in 56 and 49 communities in D2016 and D2022 respec-
tively. This includes examples such as the following from
r/changemyview (D2022):

Context: “So I am into astrology while dating a per-
son who is not. I do agree that there is some level of
people [...] I really enjoy those kinds of people in ev-
ery area of my life”
Comment: “Thank you for this perspective. Helps me
think about those that hold these beliefs differently
∆”

Another common meso value extracted from 53 and 27
communities in D2016 and D2022 respectively was nostalgia.
These comments speak on a personal level and evoke nostal-
gic responses from other users. Example comments include
the following from r/2007scape (D2016):

Context: “This video makes me so sad, I hate adult
life. [RuneScape] was so god damn immersive.”
Comment: “Yeah I feel you bro. I miss that exciting
feeling when playing [RuneScape] as a kid.”

Social commentary is another meso value which was
extracted from 43 and 25 communities in D2016 and
D2022 respectively. These comments discuss social issues
like corruption, justice, fairness, and legal order, among
others. Example comments include the following from
r/SandersForPresident (D2022):

Context: “Congress: Urgent stimulus package. Com-
pany: Sudden windfall. TV Economists: Inflation?
Wall Street: Record Profits!”
Comment: “That Chips bill bailout is wild. Those
companies are making money hand over fist. Use tar-
iffs, quotas... anything but our tax dollars. And if you
must use tax dollars, the government should get a
massive block of stock in return.”

Other meso values specific to D2016 are community ori-
ented and passion, and those specific to D2022 include accu-
racy, authenticity, concise, emotional response, encourag-
ing, inquisitiveness, insightful, personal, and responsibility.
Micro values: Micro values appear in only a small set
of communities. These communities often share a common
trait, such as topic of discussion. Using our framework we
extracted a total of 47 and 49 micro values from D2016 and
D2022 respectively. The full set of micro values are available
in Appendix D, but we highlight two examples below.

The value resilience appeared in seven sub-
reddits in D2022: r/CFB, r/OldSchoolCool,
r/churning, r/gifs, r/movies, r/socialism,
and r/UpliftingNews. An example comment
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exhibiting this value includes the following from
r/UpliftingNews (D2022):

Context: “All I hear is woman lacking proper mater-
nity leave forced to worked until labor”
Comment: “She was involved in a multi car crash
and decided to help someone who was trapped.”

Inclusivity was another value extracted from four-
teen subreddits: r/AskTrumpSupporters, r/wow,
r/sex, r/GetMotivated, r/OldSchoolCool,
r/books, r/canada, r/changemyview, r/europe,
r/dataisbeautiful, r/personalfinance,
r/photoshopbattles, and r/nba. An example
comment from r/CanadaPolitics (D2022):

Context: “who cares. we are all human, most of us
get along well and enjoy each others’ differences and
thats all that matters.”
Comment: “Agreed. People have migrated since the
beginning of time and everyone needs a place to call
home. Get to know your neighbours man, there are
really great people around you.”

Overall, we notice that most individual communities re-
ward content with similar kinds of values in both 2016 and
2022. However, the scale at which values manifest varied,
primarily at the meso and micro scales. Moreover, the over-
all increase in the number of meso and micro values from
D2016 to D2022 indicates a rise in the range of values that
users reward in content over the years, either in individual
communities or in a related set of communities.
Case Study—r/2007scape and r/TwoXChromosomes: We
now provide descriptive temporal insights using a case study
of r/2007scape, a subreddit for discussion around the online
game Old School RuneScape, and r/TwoXChromosomes, a
subreddit for both casual and serious discussions centered
around women’s perspectives. We chose these two commu-
nities for their vastly different topics of discussion and com-
munity sizes (≈1.2M and ≈14M members for r/2007scape
and r/TwoXChromosomes respectively).

We extracted nine values from r/2007scape in 2016:
“community oriented,” “agreement,” “humor,” “relatable,”
“insightful,” “prosociality,” “concise,” “helpful,” “nostal-
gia”. We extracted eleven values from the same commu-
nity in 2022, where “expertise,” “respectful,” “passion,” and
“critical perspective” replaced “agreement” and “insightful”
from the set of extracted values from 2016. We infer that
the values appearing in the highly-upvoted content from
2016 and 2022 represent those more core to the community.
Namely, r/2007scape seems to value humorous and relat-
able content that is concise, prosocial, helpful, community
oriented, and nostalgic. On the other hand, we observe that
the community valued critical perspectives over agreement
in 2022 and valued respectful yet passionate content more
than it did in 2016. Interestingly, “N/A”s were not extracted
from this community in either year.

For r/TwoXChromosomes we see a different temporal
trend in which values there was minimal change between
values extracted from 2016 and 2022. Those extracted from

Categories Frequency

Offensive/Derogatory Language 58
Personal Attack/Harassment 25
Off-topic/Irrelevant 18
Low Effort/No Value 15
Sensitive Topic Handled Insensitively 10
Controversial/Divisive Statement 9

Table 1: Open-coded categories of LLM-generated explana-
tions for comments labeled with “N/A”.

2016 include “personal,” “concise,” “pragmatism,” “hu-
mor,” “encouraging,” “safety,” “social commentary,” “em-
pathetic,” “community oriented,” “creativity,” “responsibil-
ity,” and “relatable”, and only change in 2022 is the addi-
tional extracted value “authenticity”. This indicates that the
extracted values from r/TwoXChromosomes may primarily
be core community values held across the two time periods.

These observed temporal trends highlight that not only do
different communities find distinct values to be desirable,
but also that the kind of content valued by the same com-
munity can shift over time. The shift in these values across
time could depend on factors such as changing community
dynamics resulting from rule changes, shift in topics of dis-
cussion, or world events. Future work can more deeply ex-
plore the reasons for these shifts, and explore similar case
studies of temporal shifts using other subreddits.

It is important to note that our current analysis is limited
to the extraction of values and descriptive analysis of tem-
poral variations. We are unable to quantify temporal varia-
tions (between 2016 and 2022) based on the prevalence of
individual values since our data may not capture all possible
occurrences of these values due to being a sample of all the
comments posted in the entire year. Future work can perform
a prevalence analysis to examine temporal variations in val-
ues, similar to prior work on prevalence estimation of norm
violations on Reddit (Park, Seering, and Bernstein 2022).
When are “N/A”s returned by the model? We inspected
the 135 instances in Dstudy where the LLM returned “N/A”
across both years indicating that a comment should not have
been highly-upvoted to understand the mismatch between
the community and LLM’s notions of desirability. The most
common themes in these comments are that they are polit-
ical, toxic, reference religion, and manifest in the form of
controversial opinions, dark humor, or racism. Prior work
(Röttger et al. 2023) has shown that reinforcement learning
with human feedback (RLHF) (Ouyang et al. 2022) makes
the model avoidant of promoting or reflecting positively on
content that may be controversial in these ways to maintain
safety standards.

We perform manual validation of LLM-generated expla-
nations for “N/A”s and open-code them into the six cate-
gories shown in Table 1. We find that the model is able to
identify instances where the comment does not contribute
positively to the discussion, or has derogatory remarks. It
further identifies content that may be off-topic, or uses per-
sonal attacks on the poster of the context. A complete list
of subreddits that returned “N/A”s across the two years in
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Dstudy can be found in Appendix G.
While the LLM does not consider potentially offensive

comments and repetitive comments that do not add meaning-
fully to the discussion as desirable and worthy of an upvote,
the observation that such undesirable behavior was some-
times encouraged (i.e., highly upvoted) within communities
further emphasizes the complexities of desirability notions
across different online spaces.

5 RQ2: Examining the Sufficiency of
Existing Prosociality Measures in

Explaining Upvotes
Next, we investigate whether existing prosociality mea-
sures (Bao et al. 2021), namely supportiveness, agreement,
and politeness: (a) are sufficient to explain what content re-
ceives upvotes on Reddit, and (b) have recall—i.e., the abil-
ity to identify all data points in a relevant class—for our
computationally-extracted values. Our focus is to investigate
the recall of current detection strategies, by examining how
well current approaches are able to identify different forms
of desirable behavior—using our extracted values.

Sufficiency in Explaining Upvotes
Methodology: To conduct our analysis, we randomly sam-
pled 2,500 “high” and “low” score category comments
from the initial stages of our data curation for each sub-
reddit to create two subreddit-specific datasets containing
5,000 comments from both 2016 and 2022. For subreddits
where 2,500 comments from either category did not exist,
we sampled the minimum of the number of comments in the
two categories from both. We then used the BERT models
trained by Bao et al. (2021) on Reddit data to assign quan-
titative supportiveness, agreement, and politeness scores to
these comments. All scores were then normalized to fall
within the range [0, 1].

We measured the Variance Inflation Factor (VIF) between
these metrics in order to determine the degree of correla-
tion between them. For 2016, we obtained VIFs of 4.44,
2.82, and 2.12 for supportiveness, agreement, and polite-
ness respectively and for 2022, we obtained VIFs of 4.96,
3.28, and 2.13 respectively, indicating moderate correlation.
To handle this moderate correlation, we followed prior re-
search (Bao et al. 2021; Voigt et al. 2017) to synthesize a
single-dimensional prosociality measure. We did this by per-
forming Principal Component Analysis (PCA) (Wold, Es-
bensen, and Geladi 1987) over the three metrics, captur-
ing between 75% and 82% of the variance in the original
data across the different subreddits. We then quantified the
relationship between this composite prosociality score and
a comment’s score by regressing the binary upvote label
(“high” or “low”) on the synthesized prosociality metric,
separately for D2016 and D2022.
Findings: Figure 2 presents the odds ratios from the lo-
gistic regression plotted against the number of subscribers
for each subreddit that yielded a statistically significant re-
sult (α = 0.05) across each year. The odds ratios represent
the likelihood that higher prosociality scores are associated
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Figure 2: Plot depicting odds ratios by logistic regression
analysis on subreddits plotted against the number of sub-
scribers of each subreddit for D2016 and D2022. An odds ratio
greater than 1 indicates a positive relationship of prosocial-
ity measures on likelihood of getting “high” upvotes. We see
that for the majority of the subreddits in both years (76.3%
in D2016 and 82% in D2022), prosociality alone does not in-
crease the likelihood being highly upvoted. Only subreddits
with statistically significant results are plotted.

with comments in the “high” upvote category, relative to the
“low” upvote category, for each subreddit.

From the vertical axis, we observe that only four sub-
reddits in total—r/aww, r/pokemongo, r/science in
D2016, and r/photoshopbattles in D2022—exhibit a
high odds ratio of greater than 5. This suggests that in these
subreddits, content that is more prosocial is five times more
likely to receive a “high” number of upvotes. Additionally,
eleven and eight other subreddits in D2016 and D2022 respec-
tively show a moderate odds ratio (i.e., greater than one),
indicating that higher prosociality is associated with higher
likelihood of being highly upvoted, albeit to a lesser degree.
However, the vast majority of all subreddits (76.3% in D2016
and 82% in D2022) are clustered at the bottom of the plot
with a low odds ratio of less than one. This indicates that
across these communities, higher prosociality in content is
actually inversely related to the likelihood of being highly
upvoted, suggesting that prosocial behavior may not always
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Scale Proportion of “High”
Prosociality Comments

# Values
2016 2022

Macro
< 0.1 1 0

≥ 0.1 & < 0.25 2 2
≥ 0.25 0 0

Meso
< 0.1 2 1

≥ 0.1 & < 0.25 8 16
≥ 0.25 3 3

Micro
< 0.1 20 19

≥ 0.1 & < 0.25 16 23
≥ 0.25 11 7

Table 2: Proportion of comments exhibiting macro, meso,
and micro values that are also labeled with “high” prosocial-
ity by existing computational models. Only 14 values from
D2016 and 10 values from D2022 had more than 25% recall,
while 23 values from D2016 and 20 values from D2022 had
less than 10% recall. This demonstrates that existing models
lack recall on most of the values extracted by our framework.

align with what these communities encourage with upvotes.

Recall of Current Prosociality Measures
Methodology: To conduct an analysis of how well current
measures are able to capture the different community values
we extracted, we use the 16,000 comments in Dstudy from
which we computationally extracted values and obtained the
PCA-synthesized prosociality scores for these comments us-
ing the BERT models as described in the previous section.
Next, we threshold these PCA prosociality scores at one
standard deviation above the mean, and labeled the com-
ments with a prosociality score above and below this thresh-
old with binary “high” and “low” prosociality. Finally, we
calculate the proportion of comments that exhibit each of the
extracted values and also have a “high” prosociality label as
determined by the BERT scores, i.e., the recall of prosocial-
ity measures for that particular value.
Findings: Table 2 presents the proportion of comments ex-
hibiting extracted values (at macro, meso, and micro scales)
and having a “high” prosociality label. We observe that there
were no macro values assigned to “high” prosociality at least
25% of the time, though there were two macro values each
in D2016 (relatable and concise) and D2022 (relatable and hu-
mor) for which between 10% and 25% of the pool of com-
ments exhibiting such values were “high” prosociality. For
the remaining macro value in D2016 (humor), less than 10%
of the comments exhibiting them were labeled with “high.”

The five values with the highest average recall across
D2016 and D2022 were efficiency (60%), prosociality (46.1%),
agreement (43.4%), resource management (33.33%), pas-
sion (32.8%). On the other hand, there were eleven values
for which the prosociality measures had 0% recall in D2016
and six such values in D2022.

Overall, we find that there are only 14 and 10 values in
D2016 and D2022 respectively where the recall of the proso-
ciality measures is at least 25%. We also found that 26 values
from D2016 and 41 values from D2022 were captured by the

prosociality measures with 10% and 25% recall respectively.
Finally, there were 23 values from D2016 and 20 remaining
values from D2022 where the recall is below 10%, highlight-
ing that existing general-purpose prosociality measures are
inadequate at capturing the values being upvoted in practice.

6 RQ3: Comparison with Prior Taxonomies
We now compare our computationally-extracted values with
prior taxonomies of community and moderator values de-
veloped by Weld, Zhang, and Althoff (2024) and Lambert,
Choi, and Chandrasekharan (2024). We manually inspected
all computationally-extracted values and compared each to
the categories presented in the two taxonomies from prior
work. Through this analysis, we find that the categories in
these taxonomies are well represented by our macro, meso,
and micro values.
Findings: Our set of values overlaps with four of the nine
categories in the taxonomy of values developed from a sur-
vey of Reddit users (Weld, Zhang, and Althoff 2024). These
four categories are “Quality of Content,” “Community En-
gagement,” “Participation & Inclusion,” and “Trust,” which
show up as the computationally-extracted values of per-
sonal, educational, quality, engagement, inclusivity, accu-
racy, and authenticity. One category not covered in our val-
ues was “norm-adherence,” which is not detectable from
the comment alone without access to community-specific
rules. Other categories not present in our set of values in-
clude “Size,” “Technical Features,” “Diversity,” and “Mods.”
These categories are more platform- and demographic-
specific which are more high-level and cannot be detected
based on the comment text alone. Overall, our set of val-
ues covers 11 of the 29 subcategories in this taxonomy, and
excluding the five categories not detectable from comment
text, our values cover 11 out of 18 subcategories.

The seven uncaptured subcategories from (Weld, Zhang,
and Althoff 2021) include three related to “Norms” (the
model lacked subreddit rules), two pertaining to “Quality
of Content” (model required post metadata), and two un-
der “Participation and Inclusion” (model needed user demo-
graphics and community-specific tools information). All of
these uncaptured subcategories require access to informa-
tion that is not available from comments alone.

We also find substantial overlap between our extracted
values and the taxonomy of attributes that Reddit modera-
tors want to encourage (Lambert, Choi, and Chandrasekha-
ran 2024). Specifically, both the taxonomy and our set of
values include “Prosociality,” “Participation,” “Quality,” and
“Community-Specific Content.” Various attributes of proso-
ciality (e.g., prosociality, and respectful) appear in our set
of values as meso and micro values. Similarly, we iden-
tify engagement as a meso value. Overall, we were able to
computationally extract values that map to 14 of the 21 at-
tributes in this taxonomy. The seven attributes not captured
are “Creating a Safe Environment,” “Supporting Newcom-
ers,” “General Participation,” “Norm-Abiding,” “Format and
Type of Contribution,”, “External Participation,” and “Ask-
ing Questions”—several of which cannot be effectively cap-
tured by just considering the comment itself. For example,
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“Supporting Newcomers” cannot be inferred without know-
ing if a comment is replying to a newcomer, and “Gen-
eral Participation” and “External Participation” are not dis-
cernible without augmenting the data provided to the LLM.

7 Discussion and Implications
We now discuss the implications of our findings.
Implications for Online Moderation: Our findings revealed
macro values being rewarded consistently across communi-
ties through the use of upvotes. These values represent the
traits that most users would like to see from content on Red-
dit. Macro values we identified can be used as “sensible de-
faults” for desirable behavior that moderators could incor-
porate into their subreddits’ guidelines.

Our analysis also uncovered meso and micro values re-
warded by a smaller set of communities which can of-
ten depend on community norms. For example, the micro
value guidance which contains extracted keywords such as
‘constructive advice’ and ‘constructive suggestion’ is ex-
plicitly discouraged in communities like r/depression
and r/Showerthoughts which include rules like “No
achievement/advice posts or AMAs,” “Do not give or re-
quest clinical advice or advocate for or against treatments
& self-help strategies,” and “No ‘life pro-tips’ or advice”.
In line with these explicit dismissals of advice-giving, we
find that guidance was not a value extracted from these two
communities. Similarly, the meso value personal that in-
volves ‘personal opinion’ and ‘personal experience’ are ex-
plicitly discouraged in subreddits like r/legaladvice
and r/science with rules such as “Personal anecdotes
are off-topic.” and “Non-professional personal anecdotes
will be removed” respectively, and we find that personal
was not a value that we extracted from these communities.
Therefore, we encourage moderators to explicitly state what
is considered to be desirable behavior given that the values
we extract seem to be impacted by community guidelines.

Our work has further implications for Reddit modera-
tors given that prior work has shown that users and mod-
erators do not always agree on the importance of various
values (Weld, Zhang, and Althoff 2022). By understanding
preferences and values of their community, moderators can
strategically highlight or promote content that aligns with
community values for norm-setting and increasing desirable
contributions (Kiesler et al. 2012). Moreover, our work also
reveals that in practice, values that community members re-
ward may evolve over time, which should be taken into con-
sideration for norm-setting. Our framework can help mod-
eration teams understand the values their communities are
inherently rewarding through positive feedback.
Improving Models of Desirable Behavior: Our work high-
lights a clear distinction between notions of prosociality and
content desirability. We find that current prosociality mea-
sures (e.g., supportiveness, agreement, and politeness) were
unable to reliably capture the macro, meso, and micro val-
ues we extracted. Moreover, prosociality metrics alone are
inadequate at explaining the relationship between desirable
behavior and upvoting patterns on Reddit.

Different communities hold distinct values and view
prosocial behavior in diverse ways, reflecting varying com-

munity cultures and norms. Consequently, certain commu-
nities may have unique interpretations of what constitutes
valuable or upvote-worthy content, which may not always
align with traditional prosociality measures. This under-
scores the need for a deeper exploration into the specific
attributes or values that individual communities consider
to be desirable. The misalignment between the values be-
ing rewarded in practice and existing computational mod-
els of prosociality emphasize the need for better approaches
to detect desirable behavior. This calls for the development
of models that are tailored towards capturing community-
specific values in order to improve recall and align such
measures of desirability with the content and behavior that
is actually encouraged in practice.

Being able to detect these values in practice can benefit
moderators interested in encouraging desirable behavior in
their communities by enabling automated tools to aid in the
discovery (Choi et al. 2023) of desirable content. For exam-
ple, prior work has developed a tool leveraging community-
specific models of norms to assist moderators in identifying
content to remove (Chandrasekharan et al. 2019). Similarly,
modeling desirability can facilitate the process of modera-
tors and users discovering content they want to encourage.

Recent work has explored LLM-based approaches for de-
tecting undesirable content at scale, such as language mod-
els for content moderation (Zhan et al. 2025; Goyal et al.
2025). We argue that an important complementary direc-
tion is adapting similar frameworks for the identification and
highlighting of desirable content. Along these lines, Goyal,
Lambert, and Chandrasekharan (2025) develop a causal un-
derstanding of the linguistic drivers of positive community
feedback on Reddit, with Lambert et al. (2025) applying this
to the moderation queue to enable positive reinforcement.
Parallel work has also analyzed community-specific models
for highlighting desirable content (Goyal et al. 2026b). To-
gether with our work, these efforts point toward a more com-
plete picture of computational approaches that can actively
surface what communities value.
Extracting Community Values Using LLMs: Our work
provides a simple but powerful framework that uses LLMs
to extract community-specific values. Given the scale of
Reddit communities, it is not feasible to qualitatively gain
insights about each of their perspectives on desirability. Our
framework is able to accomplish this task at a much larger
scale than qualitative work, while also capturing many of the
same insights. A key advantage of our approach is also that
values are extracted in a context-dependent manner as no-
tions of what users in online communities find desirable can
be highly context dependent.

Furthermore, the values we extract sufficiently capture
content-specific values from prior survey-based taxonomies,
primarily at the macro and meso levels. Additionally, we un-
cover values at the meso and micro levels that are not found
in existing taxonomies, thereby extending our understanding
of what is considered desirable across Reddit communities.
Our framework can supplement qualitative work with large-
scale analyses of online communities and provide modera-
tors with resources to learn about their communities.
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8 Limitations and Future Work
Next, we discuss limitations and directions for future work.
Other Components of Desirability, Lack of Causal In-
sights: We focused on upvotes as a proxy for content desir-
ability because of their widespread usage by users and mod-
erators on Reddit. However, upvotes alone may not capture
the full spectrum of desirable behavior in online communi-
ties. Other signals such as flairs, awards, and stickied posts
are more sparse, but may provide alternative indicators of
what communities value. For example, gilded or awarded
content may reflect contributions that are more insightful,
humorous, or helpful, while stickied posts may signal con-
tent of high importance or relevance within a particular com-
munity. Moreover, since score is a measure of net-upvotes,
our pipeline may have missed the category of controversial
comments with high upvotes but roughly equal number of
downvotes. Future work should incorporate additional sig-
nals of desirability to reveal more nuanced patterns of de-
sirable behavior. In addition, our work focuses on comment
data from Reddit, and as discussed in Section 6, extraction
of other kinds of values requires going beyond comment-
level features to subreddit-level metadata and the posts to
which these comments replied. Future research can augment
our framework with these additional forms of data to extract
additional relevant values. Finally, our study contributes a
descriptive analysis of values present in highly-scored Red-
dit comments and does not draw causal insights or provide
explanations for why certain content got upvoted over oth-
ers, but rather describes the values present within content
that was considered to be desirable (i.e., well-received) by
online communities.
Cross-platform Study of Desirable Behavior: Our frame-
work is intended to provide community-specific insights,
thus our set of macro, meso, and micro values may not di-
rectly apply to communities on other platforms. However,
since out framework does not specifically depend on Reddit
data in any manner, our methodology can easily be extended
to other platforms like YouTube and X using their specific
mechanisms for content engagement (e.g., likes, retweets,
YouTube’s “Super Chat” and “Creator Hearts”). Researchers
can conduct similar analyses on other platforms to com-
pare the importance of extracted values and reveal how no-
tions of desirability may vary across platforms. Moreover,
as AI-populated platforms such as Moltbook emerge, where
LLM-driven agents interact in community settings and ex-
hibit meaningful variation compared to human communi-
ties (Goyal et al. 2026a), understanding and highlighting
desirable contributions in these new sociotechnical environ-
ments presents an important open direction.
Use of Closed Source Pre-trained Model: We relied on
GPT-4o model to extract community values encoded in
highly-upvoted comments. However, this is a closed-source,
pre-trained model, which introduces limitations such as the
lack of transparency and potential biases from proprietary
training data. This may limit its accessibility for broader use
in academic or open research environments. However, due to
the lack of studies aimed at computationally extracting val-
ues from community-approved desirable content, there were
no suitable open-source datasets for fine-tuning on tasks like

community value extraction. Our work can be extended by
curating appropriate datasets in a similar unsupervised fash-
ion to fine-tuned smaller, open-sourced language models.

9 Conclusion
This paper advances our understanding of desirable behav-
ior in online platforms through a large-scale empirical analy-
sis of highly-upvoted content on Reddit. We present a com-
putational framework that employs large language models
(LLMs) to extract community values in a context-dependent
manner. Using this framework, we analyze highly-upvoted
content from 80 popular subreddits and identify values at
three scales: macro (rewarded by most subreddits), meso (re-
warded by many but not all subreddits), and micro (rewarded
by specific types of subreddits). We highlight that exist-
ing prosociality measures alone do not fully explain what
types of content get upvoted by communities, and demon-
strate the low recall of preexisting computational models to
measure prosociality. This underscores the need for more
community-specific models capturing the values that are
encouraged in practice. Our findings show alignment with
prior taxonomies at macro and meso scales, while also pro-
viding new insights at the meso and micro scales. This paper
lays the groundwork for future exploration into different as-
pects of desirable behavior online and highlights the need to
improve the recall of computational approaches to identify
and predict desirable behavior online.
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Paper Checklist
1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying dis-
respect to societies or cultures? Yes, online content
moderation has for long been an important problem
that impacts users online and proactive moderation has
been shown to lead to positive outcomes in practice.

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes.

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes, justi-
fication has been provided throughout the paper.

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes, see
the “List of Subreddits in This Study” section in Ap-
pendix F.

(e) Did you describe the limitations of your work? Yes,
see the “Limitations and Future Work” section in the
main text.

(f) Did you discuss any potential negative societal im-
pacts of your work? Yes, see the “Ethics Statement”
above.

(g) Did you discuss any potential misuse of your work?
Yes, see the “Ethics Statement” above.

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes, see the “Ethics Statement” above
for data anonymization, “Code and Data Availabil-
ity” section in Appendix A for responsible release,
and “Model and Inference Parameters” section in Ap-
pendix B for reproducibility of findings.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes.

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? NA

(b) Have you provided justifications for all theoretical re-
sults? NA

(c) Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? NA

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? NA

(e) Did you address potential biases or limitations in your
theoretical framework? NA

(f) Have you related your theoretical results to the existing
literature in social science? NA

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? NA

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theoret-
ical results? NA

(b) Did you include complete proofs of all theoretical re-
sults? NA

4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? Yes,
see “Code and Data Availability” in Appendix A.

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? NA

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
NA

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes, see “Model and Infer-
ence Parameters” section in Appendix B.

(e) Do you justify how the proposed evaluation is suf-
ficient and appropriate to the claims made? Yes, see
the “Methodology” subsections part of the “RQ2: Ex-
amining the Sufficiency of Existing Prosociality Mea-
sures in Explaining Upvotes” section in the main text.

(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? NA

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes, the original creators of models were cited
in the “Methodology” subsections of the appropriate
section as well as in the “Related Work” sections.

(b) Did you mention the license of the assets? NA
(c) Did you include any new assets in the supplemental

material or as a URL? NA
(d) Did you discuss whether and how consent was ob-

tained from people whose data you’re using/curating?
NA

(e) Did you discuss whether the data you are using/curat-
ing contains personally identifiable information or of-
fensive content? Yes, see the “Ethics Statement” above
and “When are “N/A”s returned by the model?” sub-
section in the “Discussion and Implications” section in
the main text.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see FORCE11 (2020))? NA

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see Gebru et al.
(2021))? NA
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6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA

A Data Availability
To ensure responsible usage of data, we invite researchers
interested in using the data to contact the authors for access.

B Model and Inference Parameters
Since our framework utilizes a large language model for
extracting relevant community values, we state our model
specification and inference parameters to facilitate repro-
ducibility. We use OpenAI’s GPT-4o (Achiam et al. 2023)
(gpt-4o-2024-08-06) and 4-bit quantized Gemma-3-
27B-IT (Team et al. 2025) with temperature = 0.0, and
top-p = 1.0. We set the temperature to 0 to ensure that the
extracted values stay consistent across runs for the same
{comment, subreddit, prompt}, and allow sampling over the
entire vocabulary (top-p = 1) to allow the model to output a
wide range of values, which we refine later.

The value extraction procedure using GPT-4o including
input and output token cost and the generation of explana-
tions for the 16, 000 comments in our dataset cost us approx-
imately 50 USD, and was performed on an internal clus-
ter using CPUs only. The experiments on Gemma-3-27B-IT
was performed on an internal GPU cluster consisting of 3
NVIDIA A40 GPUs.

C Prompt Design
In order to arrive at the prompt we used in our study, we
tested a few different prompts and finally settled on the fol-
lowing prompt:

‘‘You are a user on Reddit browsing
comments on r/{SUBREDDIT}.
Here is the description of the
subreddit: {SUBREDDIT DESCRIPTION}
Below is a comment from a Reddit
conversation in r/{SUBREDDIT} that
received a high number of upvotes. You
will also be given the context of the
conversation (preceding comment) to the
comment in question.

Answer in a brief comma-separated list
with either one, two, or three keywords
that summarizes certain traits or
qualities within the text that might
have led to the comment being highly

upvoted. If you think only one or
two keywords are necessary, then only
include that many in your response.

If for some reason you think this
comment should have instead been
downvoted, answer with ’N/A’.

Perform your analysis in two steps:
----------------------------

1. Thinking: Think step by step about
the comment, context, and values the
comment portrays that might have led to
the comment being highly upvoted.

2. Answer: Answer with the brief
(MAXIMUM 3) comma-separated list of
values that the comment portrays or
’N/A’ if the comment should have been
downvoted.

----------------------------

Try to use the same words for related
values, trying to reuse the values
you have already output for previous
comments. For example, if you think
’brevity’ is a portrayed value but you
already used ’concise’, reuse them when
appropriate.

Here’s the bank of values you have
already used: {VALUE BANK}
Note: If a comment contains a line
starting with "&gt;", it means that
that line of the comment is a quote
from the context, so focus on the part
that is not quoted for the values you
extract.

Here is the context and comment:

Context: {CONTEXT}
Comment: {COMMENT} ’’

We ask the model to produce its output in strict JSON
format for ease of downstream analysis.
Older Prompts Before settling on the chain-of-thought rea-
soning prompt above, we also tried various simpler versions
like the one below that uses a zero-shot prompting approach,
and iteratively modified the prompt upon manual validation
to improve the quality of value extraction.

‘‘You are a user on Reddit browsing
comments on r/{Sj}. Below is a comment
from a Reddit conversation in r/{Sj}
that received a high number of upvotes.
Answer in a brief comma-separated list
with either one, two, or three keywords
that summarizes certain traits or
qualities within the text that might
have led to the comment being highly
upvoted. If you think only one or
two keywords are necessary, then only
include that many in your response.
If for some reason you think this
comment should’ve instead been
downvoted, answer with ‘N/A’.
Here’s the comment: {cji}
Your list:’’

where cji is comment i from subreddit Sj .
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D Detailed Examples of Extracted
Community Values at Different Scales

We list here the set of micro, meso, and micro values we ex-
tract through our methodology. Note that these are not an ex-
haustive set of values but rather the values that we obtained
from our analysis using out framework on the 80 subreddits
used in this study.

Values for 2016 Comments
Macro Values: humor, relatable, concise
Meso Values: community oriented, prosociality, helpful, nostal-
gia, clarity, empathetic, engagement, creativity, social commen-
tary, passion, pragmatism, critical perspective, respectful
Micro Values: agreement, insightful, relevance, expertise, re-
silience, emotional response, objectivity, rationality, growth mind-
set, authenticity, inclusivity, responsibility, inquisitiveness, encour-
aging, optimism, ethical, education, gameplay, guidance, safety,
well-being, resource management, consistency, efficiency, consid-
eration, historical context, personal, awareness, discourse, con-
troversial, traditionalism, accuracy, shared experience, straight-
forward, thoughtfulness, strategic thinking, initiative, quality, lib-
erty, cultural appreciation, autonomy, openness, identity, creative
expression, entertaining, progressivism, futurism

Values for 2022 Comments
Macro Values: humor, relatable
Meso Values: helpful, respectful, prosociality, critical perspec-
tive, concise, nostalgia, accuracy, clarity, engagement, insightful,
encouraging, personal, empathetic, inquisitiveness, responsibility,
social commentary, authenticity, pragmatism, emotional response,
creativity
Micro Values: expertise, community oriented, passion, discus-
sion, liberty, confidentiality, optimism, discourse, straightforward,
diversity, historical context, relevance, rationality, inclusivity, ef-
ficiency, futurism, well-being, openness, autonomy, philosophical,
creative expression, wholesomeness, safety, resilience, dissent, pro-
gressivism, systemics, strategic thinking, ethical, guidance, media
awareness, sociocultural, traditionalism, initiative, shared experi-
ence, resource management, growth mindset, objectivity, politics,
entertaining, education, identity, explicit, controversial, thought-
fulness, quality, consumerism, cultural appreciation, agreement

E Further Details on Data Preprocessing
In order to determine thresholds for “high” and “low” up-
vote labels, we plotted the quantiles of the score (# up-
votes – # downvotes) for each subreddit. From Figure 3 we
notice that a significant rise (elbow) in the score appears at
the 95th percentile across almost all subreddits, and since we
are interested in analyzing the highly rewarded content and
extract values from them, we use this as our threshold for
the “high” upvote label. Furthermore, for the logistic regres-
sion analysis, we also needed a “low” upvote labeled class.
For this, we chose 0.7 as our threshold since most subred-
dits saw a very minor gradual increase in the score up to the
70th percentile indicating that most comments in this bracket
received relatively low upvotes.

Figure 3: Plot depicting quantiles of the score and two
thresholds marked in red at 0.9 and 0.95. The first signifi-
cant rise in the score occurs at 0.95 which we therefore use
as the threshold for “high” upvote comments. Since there is
little to no rise until 0.7, we use that as our threshold for
“low” upvote comments.

F List of Subreddits in This Study
We studied 80 popular subreddits in this work listed below:

r/2007scape, r/Android, r/AskHistorians, r/AskTrump-
Supporters, r/AskWomen, r/BlackPeopleTwitter, r/CFB,
r/CanadaPolitics, r/Christianity, r/DIY, r/DestinyTheGame,
r/Futurology, r/Games, r/GetMotivated, r/GlobalOffensive,
r/IAmA, r/LateStageCapitalism, r/LifeProTips, r/MMA,
r/NSFW GIF, r/OldSchoolCool, r/OutOfTheLoop, r/Over-
watch, r/PoliticalDiscussion, r/PurplePillDebate, r/Sander-
sForPresident, r/Showerthoughts, r/SubredditDrama,
r/TheSilphRoad, r/TwoXChromosomes, r/UpliftingNews,
r/anime, r/askscience, r/asoiaf, r/atheism, r/aww, r/books,
r/canada, r/changemyview, r/churning, r/creepyPMs,
r/dataisbeautiful, r/depression, r/europe, r/explainlikeim-
five, r/fantasyfootball, r/food, r/funny, r/gameofthrones,
r/gaming, r/gifs, r/hearthstone, r/hiphopheads, r/history,
r/india, r/jailbreak, r/legaladvice, r/me irl, r/movies, r/nba,
r/nosleep, r/nottheonion, r/pcmasterrace, r/personalfinance,
r/philosophy, r/photoshopbattles, r/pokemon, r/pokemongo,
r/relationships, r/science, r/sex, r/socialism, r/spacex,
r/syriancivilwar, r/technology, r/television, r/tifu, r/videos,
r/whatisthisthing, r/wow.

G Subreddits Where LLM Returns “N/A”s
The LLM extracted 135 total “N/A”s coming from a
mix of both 2016 and 2022, with 122 comments from
56 communities in 2016 and 13 comments from 12 sub-
reddits in 2022. A list of subreddits returning the “N/A”
values for each year are listed below. 2016: r/Android,
r/AskHistorians, r/AskTrumpSupporters, r/AskWomen,
r/BlackPeopleTwitter, r/CFB, r/CanadaPolitics, r/Christian-
ity, r/DestinyTheGame, r/Futurology, r/Games, r/GetMo-
tivated, r/GlobalOffensive, r/LifeProTips, r/NSFW GIF,
r/Overwatch, r/PoliticalDiscussion, r/PurplePillDebate,
r/SandersForPresident, r/Showerthoughts, r/Subreddit-
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Drama, r/UpliftingNews, r/anime, r/askscience, r/atheism,
r/aww, r/books, r/canada, r/changemyview, r/churning,
r/dataisbeautiful, r/depression, r/europe, r/explainlikeimfive,
r/food, r/funny, r/gameofthrones, r/gifs, r/hearthstone,
r/history, r/india, r/legaladvice, r/movies, r/nba, r/nosleep,
r/nottheonion, r/personalfinance, r/philosophy, r/photo-
shopbattles, r/pokemon, r/relationships, r/science, r/sex,
r/spacex, r/syriancivilwar, r/technology 2022: r/AskHis-
torians, r/DIY, r/IAmA, r/LifeProTips, r/UpliftingNews,
r/depression, r/hiphopheads, r/nosleep, r/pokemongo, r/sex,
r/tifu, r/videos

H Replication of Value Extraction with 4-bit
Quantized Gemma-3-27B-IT

To mitigate potential effects of bias due to using a closed
source model in GPT-4o, we perform a replication of value
extraction using 4-bit quantized version of Gemma-3-27B-
IT (Team et al. 2025). Below are the list of values extracted
by the LLM for both 2016 and 2022.

Values for 2016 Comments
Macro Values: humor, relatable, concise
Meso Values: community oriented, prosociality, helpful, nostal-
gia, clarity, empathetic, engagement, creativity, social commen-
tary, passion, critical perspective, respectful
Micro Values: agreement, pragmatism, insightful, relevance,
expertise, resilience, emotional response, objectivity, rationality,
growth mindset, authenticity, inclusivity, responsibility, inquisitive-
ness, encouraging, optimism, ethical, education, gameplay, guid-
ance, well-being, consistency, efficiency, consideration, histori-
cal context, personal, awareness, discourse, accuracy, straightfor-
ward, thoughtfulness, strategic thinking, initiative, quality, cultural
appreciation, autonomy, openness, entertaining, futurism

Values for 2022 Comments
Macro Values: humor, relatable, concise
Meso Values: helpful, respectful, prosociality, critical perspec-
tive, nostalgia, accuracy, clarity, engagement, insightful, encour-
aging, personal, empathetic, inquisitiveness, responsibility, social
commentary, authenticity, creativity
Micro Values: expertise, pragmatism, community oriented, pas-
sion, liberty, optimism, discourse, straightforward, diversity, his-
torical context, relevance, rationality, inclusivity, efficiency, futur-
ism, well-being, openness, autonomy, philosophical, wholesome-
ness, resilience, dissent, progressivism, strategic thinking, ethical,
guidance, sociocultural, traditionalism, initiative, shared experi-
ence, growth mindset, objectivity, politics, entertaining, education,
explicit, controversial, thoughtfulness, quality, cultural apprecia-
tion, agreement
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