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Social media can bridge us

ōǳǘ ǊŀǘƘŜǊ ƛǘΩǎ ŘƛǾƛŘƛƴƎ ǳǎΦ

How can we be more intentional in designing online spaces?
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άŘƻƴΩǘ ǊŀƛǎŜ ȅƻǳǊ ǾƻƛŎŜέ

Work
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Sports teamMusic band
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άȅƻǳ Ƴǳǎǘ ǎŀƭǳǘŜ ƻǘƘŜǊǎέ
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άƳŀƪŜ ǎǳǊŜ ȅƻǳ ȅŜƭƭ Ƴȅ ƴŀƳŜέ
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άŘƻƴΩǘ ǘŀƭƪ ŀōƻǳǘ ǘƘŜ ƴŜǿ ŀƭōǳƳέ
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Family

Sports teamMusic band



10Context collapse



11The problem of conflicting social spheres. Binder. (2009)
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Decentralization

Community centered

V  

V  

Empowering communitiesV  

SelfςgovernanceV  
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Decentralization

Community centered

Isolating communities or increasing divides

Discouraging cross-community connections
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Bridging
Spaces

A pattern language. Alexander. (1977)
16



Exposure to opposing views on social media can 
increase polarization

ά!ggregation in homophilic clusters of 

ǳǎŜǊǎ ŘƻƳƛƴŀǘŜǎ ƻƴƭƛƴŜ ŘȅƴŀƳƛŎǎΦέ
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Average daily time spent using the internet. DataReportal (2024)

The echo chamber effect on social media. Cinelli M  et al. (2021)

Exposure to ideologically diverse news and opinion on Facebook. Eytan Bakshy et al. (2015)

Exposure to opposing views on social media can increase political polarization. Christopher A. Bail et al. (2018)

Where are we?

ά!ǎ ƻŦ нлнпΣ ƛƴǘŜǊƴŜǘ ǳǎŜǊǎ ǎǇŜƴŘ ƳƻǊŜ ǘƘŀƴ 

ǎƛȄ ƘƻǳǊǎ ŀ Řŀȅ ƛƴ ƻƴƭƛƴŜ ŀŎǘƛǾƛǘƛŜǎΦέ

άCǊƛŜƴŘǎ ǎƘŀǊŜ ǎǳōǎǘŀƴǘƛŀƭƭȅ ƭŜǎǎ 

ƴŜǿǎ ŦǊƻƳ ƻǇǇƻǎƛƴƎ ƛŘŜƻƭƻƎȅΦέ



Algorithmic moderation and ranking define our 
experience online

ά²Ŝ ƴŜŜŘ ƘǳƳŀƴ ƳƻŘŜǊŀǘƻǊǎ ǿƛǘƘ ŎǳƭǘǳǊŀƭ 

context, with meaningful accountability and 

ǘǊŀƴǎǇŀǊŜƴŎȅΦέ
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Content moderation in under-resourced regions. Tech Global Institute. (2023)

Black in moderation. Anika Collier Navaroli. (2023)

What we know about using non-engagement signals in content ranking. Tom Cunningham et al. (2024)

We need to do something

ά¦ƴƛƭŀǘŜǊŀƭ ŘŜŎƛǎƛƻƴǎ are likely to be 

inconsistent, especially for 

ƳŀǊƎƛƴŀƭƛȊŜŘ ŎƻƳƳǳƴƛǘƛŜǎΦέ

ά¢ƘŜ ǿƻǊƪ ŦǊƻƳ ǘƘŜǎŜ ƛƴǾƛǎƛōƭŜ ƘŀƴŘǎ ŦƻǊƳǎ ǘƘŜ 

bedrock of how our internet was built and is 

ǊŜƎǳƭŀǘŜŘΦέ



Moving towards more transparent community-
centered approaches

19

Current opportunities

V Since 2019

V Decentralization

V Content moderation

V Algorithm customization

V Since 2008

V Decentralization

V Content moderation

V Community-specific rules

V Algorithmic experimentation

V Decentralization

V Explainable moderation

V Surfacing differences

V Bridging communities

Where can researchers 
test algorithms?



My dissertation

1. How can we design opportunities for community-centered, 
explainable decentralized governance?

2. How can we design bridging opportunities for communities with 
differing norms and values?

20

Research Questions

RQ

RQ



Contributions

Part I: Data

Surfacing patterns from 
online communities

Part III: System

Odessa, a Decentralized 
Social Systems App

Part II: Tools

Self-governance and 
surfacing differences
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Contributions

Part I: Data

Surfacing patterns from 
online communities

Part III: System

Odessa, a Decentralized 
Social Systems App

Part II: Tools

Self-governance and 
surfacing differences

V Demonstrating how community purpose and norms 
set the tone for pro-social discourse.

V Providing large scale analysis of Reddit norms, 
mapping them to an empirical schema of norms that 
captures their nuances.

V Releasing comprehensive dataset of over 230,000 
norm-violating posts, complete with moderation 
explanations.
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Contributions

Part I: Data

Surfacing patterns from 
online communities

Part III: System

Odessa, a Decentralized 
Social Systems App

Part II: Tools

Self-governance and 
surfacing differences

V Framing content moderation as an explainable 
classification task, releasing the first rationale 
focused dataset for norm-violating content, along 
with benchmarked NLP models.

V Defining two new tasks to identify variations in 
norms interpretation across communities, enabling 
mutual understanding and bridging governance gaps.
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Contributions

Part I: Data

Surfacing patterns from 
online communities

Part III: System

Odessa, a Decentralized 
Social Systems App

Part II: Tools

Self-governance and 
surfacing differences

V Designing and deploying, Odessa, an open-source 
experimental social network as a test space for 
human-AI interaction focused on decentralized 
governance.

V Designing and evaluating bridging mechanisms that 
enable cross-community interactions.
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Contributions

Part I: Data

Surfacing patterns from 
online communities

Part III: System

Odessa, a Decentralized 
Social Systems App

Part II: Tools

Self-governance and 
surfacing differences

Odessa
Social Network App
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Part I: Data

Surfacing patterns from 
online communities

Part III: System

Odessa, a Decentralized 
Social Systems App

Part II: Tools

Self-governance and 
surfacing differences

Surfacing patterns from 
online communities

Part I > Data 26

Contributions



What does each community care about?

Your community. Your values.

Research Questions:

ÅWhat do communities care about?
ÅHow do they express these values?

Part I > Data > Research Questions 27

Evaluating hypothesis:

VPurpose
VSpeech norms



Part I > Data > Community norms 28

Posting community rules prevents harassing behavior

Preventing harassment and increasing group participation. J. Nathan Matias (2019)



Part I > Data > How?

Releasing new dataset

Reddit

+ 230K removed comments with moderators' 

follow-ups

+19K communities

+122K moderators

+ 3M removed comments

+ 60K unique rules

29

Sinclair Target | 
Collaborator

Surfacing patterns from online communities

Real time tracking of original content

Mapped norms to removed content

Reddit Rules! Fiesler at al. (2018)



Part I > Data 30

Disclaimer
All examples were sampled from actual online 
content. Many of these examples include 
moderated content, a.k.a, profanity.

Releasing new dataset

Reddit

+ 230K removed comments with moderators' 

follow-ups

Surfacing patterns from online communities



Part I > Data > Community purpose 31

Community 
purpose sets the 
tone

Perspective API. (2024)
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Community 
purpose sets the 
tone

Perspective API. (2024)
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Community purpose sets the tone

Perspective API. (2024)
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Community norms set the tone
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Community norms set the tone



Part I > Data > Norms taxonomy 38

Some norms are 
better understood 
than others



Part I > Data > Norms taxonomy 39

Norms are not 
clearly 
differentiated 
across 
communities



Part I > Data > Norms taxonomy 40

Speech norms taxonomy

Normative Conduct. Cialdini. (1990)
Descriptive and Injunctive Norms in a Wikipedia. Morgan and Filippova. (2018)
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Speech norms taxonomy

Normative Conduct. Cialdini. (1990)
Descriptive and Injunctive Norms in a Wikipedia. Morgan and Filippova. (2018)



Contributions
Surfacing patterns from online communities

Part I > Data > What? 44

V Release of unique dataset, largest to our knowledge, to study 
norms (+60k) and content moderation (+230K).

V Large scale analysis of pro-social metrics within online 
communities conditioned on community purpose.

V Design considerations for turning norms taxonomy into 
features in Odessa.



1. How can we design opportunities for community-centered, explainable 
decentralized governance?

Contributions
Research Questions

RQ

V Release of unique dataset, largest to our knowledge, to study norms (+60k) 
and content moderation (+230K).

V Large scale analysis of pro-social metrics within online communities 
conditioned on community purpose.

V Design considerations for turning norms taxonomy into features in Odessa.
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What does each community care about?

Your community. Your values.

Research Questions:

ÅWhat do communities care about?
ÅHow do they express these values?
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Evaluating hypothesis:

VPurpose
VSpeech norms



What does each community care about?

Your community. Your values.

Research Questions:

ÅWhat do communities care about?
ÅHow do they express these values?
ÅHow can we operationalize these values?  ỉ  Tools

Part I > Data > Research Questions 47



Part I > Data 48

Part I: Data

Surfacing patterns from 
online communities

Part III: System

Odessa, a Decentralized 
Social Systems App

Part II: Tools

Self-governance and 
surfacing differences
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surfacing differences
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Explainable content moderation

Understanding shared norms

explicit norms

implicit norms



Part I: Data

Surfacing patterns from 
online communities

Part III: System

Odessa, a Decentralized 
Social Systems App

Part II: Tools

Self-governance and 
surfacing differences

Part II > Tools 51

Sasha Rush | 
Collaborator

Explainable content moderation

Understanding shared norms

explicit norms

implicit norms



Assisting explainable, decentralized governance

Part II > Tools > Why? 52

ά{ŀŘƭȅΣ ǿŜ Řƻ ƎŜǘ ŀ ƭƻǘ ƻŦ ōǳǊƴƻǳǘΣ ώΧϐΦ !ǎ ŦŀǊ 
as keeping everything alive, we just keep 
moving forward. Try and encourage them. But, 
ȅƻǳ ƪƴƻǿΣ ƛǘΩǎ ǘƻǳƎƘΦέ

Moderation practices as emotional labor in sustaining
online communities. Dosono, B., & Semaan, B. (2019).

ά²Ŝ ƴŜŜŘ ƘǳƳŀƴ ƳƻŘŜǊŀǘƻǊǎ ǿƛǘƘ ŎǳƭǘǳǊŀƭ 

ŎƻƴǘŜȄǘΦέ

ά¦ƴƛƭŀǘŜǊŀƭ ŎƻƴǘŜƴǘ ǇƻƭƛŎƛŜǎ ŀǊŜ ƭƛƪŜƭȅ ǘƻ ōŜ 

inconsistent, especially for marginalized 

ŎƻƳƳǳƴƛǘƛŜǎΦέ

Content moderation in under-resourced regions. 

Tech Global Institute. (2023).



Part II > Tools > Explainable content moderation 53

Moderation is taxing and difficult

џòŸƨЮũŔƣĲƖċũũǃЮƖċŰЮŉƖŸůЮǃŸƨƖЮőŸƨƚĲЮċŰĬЮĲǂőŔĤŔƣЮƚŔŊŰƚЮŸŉЮőŸůĲƚŔĦťŰĲƚƚЮŉŸƖЮŔƣдЮ

Lmao the world would not miss your absence, in fact your existence is 

ŰƨŔƚċŰĦĲдЮ?ŸЮǃŸƨЮťŰŸƽЮƽőĲƖĲЮǃŸƨЮċƖĲлЮòŸƨЮċƖĲЮŰŸƣЮƽĲũĦŸůĲЮőĲƖĲдЮxŔťĲЮċƣЮċũũдѠ

Discouraged behavior: ĬŸŰќƣШĤĲШċШĬŔĦť.
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Moderation benefits from A.I. assistance

џòŸƨЮũŔƣĲƖċũũǃЮƖċŰЮŉƖŸůЮǃŸƨƖЮőŸƨƚĲЮċŰĬЮĲǂőŔĤŔƣЮƚŔŊŰƚЮŸŉЮőŸůĲƚŔĦťŰĲƚƚЮŉŸƖЮŔƣдЮ

Lmao the world would not miss your absence, in fact your existence is 

ŰƨŔƚċŰĦĲдЮ?ŸЮǃŸƨЮťŰŸƽЮƽőĲƖĲЮǃŸƨЮċƖĲлЮòŸƨЮċƖĲЮŰŸƣЮƽĲũĦŸůĲЮőĲƖĲдЮxŔťĲЮċƣЮċũũдѠ

Discouraged behavior: ĬŸŰќƣШĤĲШċШĬŔĦť.
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Framing moderation as explainable 
classification task

NLP Task

 Given a comment, extract the exact the violating subsequence that triggers the violation



Part II > Tools > Explainable content moderation 56

Asking moderators for explanations

Crowdsourcing task

Ç 200 comments

Ç 4 annotators each*

Ç lengths between 200 and 
400 characters

V Result: extracted around 
20% of text as explanation

Collecting human-generated rationales



Part II > Tools > Explainable content moderation 57

Explainable and scalable approaches

Integrated gradients

Saliency

Lime

Discrete rational

input text BERT classifier

BERT. Devlin at al., (2018)  Deep inside convolutional networks. Simonyan et al. (2013) Why should I trust you? Ribeiro et al. (2016)

Axiomatic attribution for deep networks. Sundararajan et al. (2017) Rationalizing neural predictions. Lei et al. (2016)
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Explainable and scalable approaches

Integrated gradients

Saliency

Lime

Discrete rational

input text BERT classifier

BERT. Devlin at al., (2018)  Deep inside convolutional networks. Simonyan et al. (2013) Why should I trust you? Ribeiro et al. (2016)

Axiomatic attribution for deep networks. Sundararajan et al. (2017) Rationalizing neural predictions. Lei et al. (2016)



Part II > Tools > Explainable content moderation 59

Prompting moderators and language models for 
explainable decisions

Instructions, select the violating portion of this comment:

ü It is a collection of up to three phrases, where each phrase is as short as possible.

ü Each phrase provides sufficient evidence for triggering norm violation.

ü If the collection of phrases was removed, the comment wouldn't violate the norm.



Instructions, select the violating portion of this comment:

ü It is a collection of up to three phrases, where each phrase is as short as possible.

ü Each phrase provides sufficient evidence for triggering norm violation.

ü If the collection of phrases was removed, the comment wouldn't violate the norm.
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Prompting moderators and language models for 
explainable decisions



High-level approach

Rationalizing neural predictions. Lei, T., Barzilay, R., & Jaakkola, T. (2016)

norm

post

rationale

Part II > Tools > Explainable content moderation 61



High-level approach

ÅÎÃ  ÇÅÎ Ø    ÅÎÃ  Úȟ Ø   ÅÎÃ Ø   

Joint objective

1. The rationale must suffice:

2. Short and coherent rationales:

Part II > Tools > Explainable content moderation 62

Rationalizing neural predictions. Lei, T., Barzilay, R., & Jaakkola, T. (2016)



(Saldías et al. 2020)

Explainable and scalable approaches

Part II > Tools > Explainable content moderation 63

input text BERT classifier



BERT-based approaches

Å Require post processing
Å Require some fine tuning
Å As norms change and evolve these 

may become less generalizable

Large language models can help!

input text BERT classifier

Part II > Tools > Explainable content moderation 64Language models are few-shot learners. Brown at al. (2020)

LLM-based approaches

Å Prompt takes care of processing
Å No need for fine tuning
ÅMore easily generalizes with few 

examples

CoPE, the Content Policy Evaluator
Hoover and the Cyber Policy Center discuss tech policy at Stanford. 

Michael McFaul and Amy Zegart. (2024).

LLM
prompt 

text



Contributions
Self-governance and surfacing differences in shared norms

65

V Re-imagined content moderation as an explainable task.

V Benchmarked interpretable BERT-based and compared to 
human performance.

V Collected human annotated explanations for hundreds of 
moderated posts for future evaluations.

Part II > Tools > What?
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V Re-imagined content moderation as an explainable task.

V Benchmarked interpretable BERT-based and compared to human performance.

V Collected human annotated explanations for hundreds of moderated posts for 
future evaluations.

Part II > Tools > What?

1. How can we design opportunities for community-centered, explainable 
decentralized governance?

Contributions
Research Questions

RQ



Part I: Data

Surfacing patterns from 
online communities

Part III: System

Odessa, a Decentralized 
Social Systems App

Part II: Tools

Self-governance and 
surfacing differences

Part II > Tools 67

Sasha Krigel | 
Collaborator, Student

Explainable content moderation

Understanding shared norms

explicit norms

implicit norms
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Understanding shared norms

Part II > Tools > Why? > Understanding shared norms

Creating bridges



Understanding shared norms

Part II > Tools > Understanding shared norms 69

Task 1

How can we surface shared norms among communities?

Task 2

How can we uncover underlying differences for the same norm?



Part II > Tools > Understanding shared norms 70

Bridging Dictionary: AI-Generated Dictionary of Partisan 
Language Use. Hang Jiang et al. (2024)

Word-usage level ς Political parties

ValueScope: Unveiling Implicit Norms and Values via Return Potential 
Model of Social Interactions. Chan Y. Park et al. 2024.

Community level ς Six categories of norms

Looking at differences across communities



Part II > Tools > Understanding shared norms 71

Norm: Disrespectful Personal Attacks

Community 1 (r/medicine):

Comments that aim to demean or belittle 
individuals based on their views are not tolerated.

Community 2 (r/Texas):

Disrespect is identified as belittling remarks about a 
person's intelligence or character.

Finding differences for the same norms
Our approach



Two unsupervised tasks

Part II > Tools > Understanding shared norms 72

Task 1

Ç  Identify shared norms and their community-specific interpretations

Task 2

Ç  Uncover how the same norm is enforced differently across two communities

Our approach
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Task 1

Ç  Identify shared norms and their community-specific interpretations

Task 2

Ç  Uncover how the same norm is enforced differently across two communities

Our approach



Pipeline to compare communities

Part II > Tools > Understanding shared norms 74

Sample N 
comments from 
each of two 
community

Response must cite 
comments from each 
community

Quantitative Metrics

Qualitative Analysis
Prompt LLM

Our approach
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Requesting implicit norms
Task 1



Part II > Tools 77

Communities are represented equally
Task 1
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Communities are represented equally
Task 1

V Run a systematic series of prompt-engineering 

improvements

V [[aΩǎ ƻǳǘǇǳǘ ƛǎ ŀǎ ŜȄǇŜŎǘŜŘ ŀƴŘ ǎǘŀōƭŜ

V Evaluated convergence and performance of:

V Coverage

V Redundancy

V Community representation

V Number of norms generated

V Proportion of violating comments

V Adjusted for comment length
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Task 1

V Run a systematic series of prompt-engineering 

improvements

V [[aΩǎ ƻǳǘǇǳǘ ƛǎ ŀǎ ŜȄǇŜŎǘŜŘ ŀƴŘ ǎǘŀōƭŜ
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V Coverage

V Redundancy

V Community representation

V Number of norms generated

V Proportion of violating comments

V Adjusted for comment length



Shared implicit norms

Part II > Tools > Understanding shared norms > Task 1 80

Making implicit norms explicit

V Effectively surface implicit norms with different 
interpretations among two communities.

V We can use this method to increase awareness 
differences among communities.

Ç How are these different per community?

     ỉ  Task 2



Two unsupervised tasks

Part II > Tools > Understanding shared norms 81

Task 1

Ç  Identify shared norms and their community-specific interpretations

Task 2

Ç  Uncover how the same norm is enforced differently across two communities

Task 2



Part II > Tools > Understanding shared norms > Task 2 82

Generating definition per community



Part II > Tools > Understanding shared norms > Task 2 83

Revealing accurate interpretations

V Unsupervised 
approach

V Small sample of 
violating comments 
needed

V Approach generalizes 
to other tasks



Part II > Tools > Understanding shared norms > Task 2 84

Why prompting two communities?

Joint Prompt Independent Prompts



Part II > Tools > Understanding shared norms > Task 2 85

Definitions are statistically more specific when the model 
has access to outside perspectives

V Cited comments are not 
statistically different to 
each other


