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Abstract

Despite recent advancements in natural language processing (NLP), current mod-
els often overlook the critical influence of social context on language. This thesis
develops methods to incorporate sociocultural context into NLP models, enhancing
their performance, fairness, and generalizability. By focusing on cultural, commu-
nity, and personal contexts, this thesis aims to enrich NLP models with a deeper
understanding of the social dynamics that shape language. The thesis introduces
novel approaches for measuring and operationalizing social context, as well as for
integrating this information into model architectures and datasets. Through empiri-
cal studies across various NLP tasks, this work demonstrates the effectiveness of the
proposed methods in improving model performance and addressing social biases.
Ultimately, this research contributes to the development of more robust, inclusive,
and human-centered language technologies.
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Chapter 1

Introduction

Recent years have witnessed a remarkable surge in the capabilities of language models. Fueled
by the scaling of datasets, input lengths, and model complexity, these models [25, 209] have
demonstrated unprecedented capabilities in understanding and generating human language, and
achieved impressive results on a wide range of NLP tasks, ranging from machine translation to
sentiment analysis [12, 15, 18, 25, 99, 112, 209, 226].

Despite these advancements, current NLP models face a critical limitation: their failure to
incorporate the rich social contexts that profoundly shape language. The absence of social con-
text in NLP models leads to significant shortcomings, including misinterpretations, biases, and
a lack of generalizability. Language is inherently social, and its meaning is deeply embedded
in the social contexts in which it is used. When these contexts are ignored, models can produce
outputs that are contextually inappropriate or biased, failing to grasp the subtleties that human
language often carries [77, 101]. For instance, a model trained solely on text data may struggle
to accurately interpret culturally specific idioms or community-specific slang, leading to errors
that can undermine its reliability in real-world applications [119, 227]. These limitations suggest
that current NLP systems, while powerful, remain incomplete in their ability to fully understand
and generate human language as it is naturally used.

Among various social factors, cultural, community, and personal factors are one of the most
influential and essential factors in understanding of language, yet are often overlooked in cur-
rent NLP systems. Cultural context plays a crucial role in how language is used and interpreted,
influencing everything from sentiment analysis to cross-lingual transfer [132, 175]. For exam-
ple, the same word or phrase can carry vastly different connotations depending on the cultural
background of the speaker and listener. Similarly, community context, defined by the norms and
values specific to particular groups, shapes language use in ways that are critical to understand-
ing meaning within those groups [32, 34]. Personal context, which includes individual attributes
like social identity, personal experiences and beliefs, further complicates the task of accurately
modeling and understanding anguage [175]. Ignoring these dimensions can lead to oversimplifi-
cations and perpetuate biases within NLP systems, highlighting the need for more sophisticated
approaches that integrate these diverse contexts.

This thesis aims to bridge this gap by developing NLP models that are deeply grounded
in sociocultural context. By focusing on cultural, community, and personal contexts, we seek
to create more accurate and inclusive language technologies that can operate effectively across
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diverse contexts and populations. To achieve this goal, we introduce new models, datasets, and
methodologies that explicitly capture and integrate social context into the NLP pipeline.

Along the three types of social contexts, this work focuses on two key areas. First, we
develop methods for measuring and operationalizing social context. This includes identifying
and quantifying relevant social contexts that can be directly integrated into NLP models or can
provide valuable insights into the underlying mechanisms of language use and develop more
effective models. Second, we explore ways to integrate social context directly into NLP models,
enhancing their ability to understand and generate language that is contextually appropriate and
socially sensitive. This involves developing model architectures that can effectively leverage
social information, as well as creating datasets that are annotated with rich social context.

Ultimately, this thesis strives to push the boundaries of NLP by creating language technolo-
gies that are more socially aware and contextually grounded. By addressing the limitations of
current models and developing new approaches, we aim to contribute to the development of NLP
systems that are better aligned with the complexities and nuanced nature of human language and
society.

1.1 Thesis Statement

This thesis aims to advance NLP by integrating sociocultural contexts into model development
and analysis, addressing the limitations in performance, generalizability, and fairness result-
ing from current models’ neglect of social context. By focusing on three primary sociocul-
tural contexts—Cultural, Community, and Personal—the thesis presents novel methodologies
and datasets that enable NLP models to adapt to diverse social norms and cultural backgrounds.
It introduces new computational methods, model architectures, and analysis algorithms that in-
corporate sociocultural awareness, demonstrating the significant impact of social context on lan-
guage understanding. Additionally, the thesis explores how state-of-the-art NLP models can be
leveraged to uncover new social meanings, thereby enhancing our comprehension of language’s
role within various sociocultural environments. Through these contributions, this work seeks to
make NLP more inclusive, accurate, and socially aware, pushing the boundaries of traditional
language technologies.

1.2 Thesis Overview

This thesis aims to explore the question, “How can sociocultural context enhance NLP systems?”
by presenting concrete examples of how social context can be integrated into NLP models to
make them more socially aware and effective. The thesis is organized into three main parts: cul-
tural context and language, community values and language, and personal context and language.
Each section addresses specific aspects of sociocultural awareness in NLP:

Part I: Cultural Context and Language In this part, I explore the significance of cultural
context in understanding language and demonstrate how it can be leveraged to improve NLP
tasks such as cross-lingual transfer.



* Chapter 2. Public Sentiment on Culture and Language Adoption: This chapter explores
how NLP systems can operationalize cultural context, particularly cultural public senti-
ment. By capturing and analyzing public sentiment, we illustrate how it contributes to a
deeper understanding of social phenomena such as language borrowing. The chapter high-
lights the importance of considering social context when studying language change and
provides empirical evidences of its role in influencing language borrowing.

* Chapter 3. Cultural Similarity for Cross-Lingual Transfer: This chapter investigates the
use of cultural context to enhance the performance of multilingual NLP models, particu-
larly in cross-lingual transfer tasks. The research emphasizes the importance of cultural
similarity between languages as a critical factor in selecting training data. We demon-
strate that cultural context provides valuable insights that go beyond what can be captured
by semantic similarity alone, thereby contributing to more effective cross-lingual model
performance.

Part II: Community Values and Language Part II focuses on the interplay between commu-
nity values and language. I first introduce methods for uncovering the implicit values of com-
munities, then discuss how these community-specific values and norms can be used to develop
more effective NLP models for community moderation.

* Chapter 4. Uncovering Community Values Through Social Interactions: Community
norms and values play a pivotal role in shaping both behavior and language within a
group. This chapter introduces a framework for identifying and understanding these im-
plicit norms and values based on the language and recognition signals used within the
community. The insights gained from this analysis can provide valuable guidance on how
community norms may evolve over time and offer practical support for community mod-
erators in maintaining the cohesion and healthy environment for the community.

* Chapter 5. Community Norms and Community Moderation: This chapter examines how
NLP systems can be improved by incorporating community context, with a particular fo-
cus on community moderation. We propose a novel task of detecting community-sensitive
norm violations and introduce new datasets and models designed specifically for this pur-
pose. The findings demonstrate the critical importance of understanding and integrat-
ing community context into moderation systems, both quantitatively and qualitatively, by
showing how communities have their own ways of enforcing rules and maintaining their
standards.

Part III: Personal Context and Language The final part of the thesis explores the impact of
individual contexts, such as gender and age, on language use and explores how these factors can
be leveraged to create more adaptive and effective NLP systems.

* Chapter 6. Identifying Social Biases Using Individuals’ Social Attributes: This chapter
focuses on identifying social biases in language by considering individual contexts, partic-
ularly social attributes. We present a method that matches individuals with others who are
comparable except for the target attribute, enabling a controlled analysis of the attribute’s
impact. As a case study, we apply this matching algorithm to measure and analyze so-



cial biases present in the descriptions of the LGBT community in Wikipedia biographies,
providing concrete examples of how social biases manifest in language.

* Chapter 7. Socially Aware Empowering Text Detection: In this chapter, we highlight the
significance and potential of incorporating personal context into text classification tasks.
We introduce a new dataset designed for the important yet underexplored task of em-
powerment detection, analyzing how various aspects of social context influence this task.
Through extensive modeling, we demonstrate that integrating social context into text clas-
sification can significantly enhance the effectiveness of empowerment detection.

The thesis concludes with a discussion of the ethical implications of this work (Chapter 8)
and a summary of the key contributions made throughout the research (Chapter 9). These fi-
nal chapters reflect on the broader impact of integrating sociocultural awareness into NLP and
suggest directions for future research.



Part 1

Cultural Context and Language



Chapter 2

Public Sentiment on Culture and Language
Adoption

Language and culture are intricately intertwined, with culture playing a crucial role in shaping the
way language evolves and is used. In this first chapter, I investigate the importance of cultural
context in understanding language, aligned with the two main themes of this thesis: (1) how
NLP can be used to measure and operationalize social context to deepen our understanding of
the relationship between society and language, and (2) how these operationalized social contexts
can be leveraged to advance NLP systems.

Understanding the dynamics of language change is a central focus in linguistics, and culture
is an indispensable factor in this process. Culture determines the words and expressions present
in a language, and language, in turn, adapts according to the cultural and cognitive frameworks
of its speakers. This chapter introduces methods to measure cultural context, such as the public
sentiment of culture A towards culture B, and explores its relationship with language change,
particularly word borrowing. We illustrate that advanced language technologies, such as word
connotation classifiers, combined with historical corpora, can effectively measure public sen-
timent towards different cultures, providing quantitative evidence and insights into how such
sentiments influence language adoption and change over time.

2.1 Introduction

Lexical borrowing is the phenomenon of transferring linguistic constructions from a “donor”
language to a “recipient” language as a result of contacts between communities speaking those
languages [205]. Borrowed words (or loanwords) are found in nearly all languages; they account
for 10-70% of the vocabulary, making up the “overwhelming majority” of language [168]. Natu-
rally, many studies in historical linguistics are aimed at understanding this universal phenomenon
and at gaining meaningful insights into how languages have changed and evolved [91, 92, 221].

Prior work has claimed that the susceptibility of a language to borrowing is determined by
both linguistic and socio-political factors [169, 205]. Linguistic considerations include filling a
lexical gap for a concept that has no word yet in the recipient language, e.g., new information
or technology, or foreign cultural terms [90]. Socio-political factors reflect the socio-economic
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Historical Country Public

Corpora Mentions f Portrayals
Word
Connotation
Classifier
List of Loanwords | Loanwords
Loanwords Mentions Connotation

Borrowipg& Correlation
Retention Analvsi
Botes nalysis

Figure 2.1: Overview of the framework. With two types of resources (historical corpora and
lists of loanwords) and word connotation classifiers, we analyze the relationships between public
portrayals and lexical borrowing.

and political status quo of contact communities [57]. For example, Krouglov [123] showed how
changes in Russian-Ukrainian relations have historically influenced the linguistic structure and
behavior of the Russian and Ukrainian languages. Also, McMahon [147] found that when loan-
words enter from less prestigious to more prestigious language, they often connote derogatory
meanings.

However, as pointed out by Appel and Muysken [7, p. 174], although such literature com-
bines a number of case studies, it lacks generality because loanword lists are typically collected
manually and therefore have limited scalability. In this work we develop computational tools
and collect resources for studying the phenomenon of lexical borrowing at scale. We introduce a
computational framework including (1) classifiers that identify the connotations that loanwords
carry in context [70, 165]; and (2) classifiers that automatically detect the changes in public
portrayals of contact communities throughout long periods of time. We automatically construct
lists of loanwords, training data for connotation classifiers, and historical (:orpora.1 Our method
does not rely on any language-specific techniques, which makes it generalizable to any language
of interest . We then use these resources to investigate the correlations between borrowing and
socio-political relations.

We focus on two research questions:

RQ1 Is there a systematic correlation between socio-political relations in contact communities
and the rate of borrowing?

RQ2 Are there correlations between such socio-political relations and the semantic orientation
that loanwords acquire in borrowing?

We conduct a large-scale analysis to investigate these research questions using language re-
sources that we collected in Hebrew, Korean, and Russian alongside donor languages for them
(Arabic, English, Japanese, and French). Figure 2.1 outlines the structure of our paper. We pro-
pose a new method to quantify socio-political relations between countries by employing word
connotation classifiers, which predict whether a word implies a positive or negative connotation

! All these resources (and our code) are publicly available.
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in a given context (§2.3). We connect the measured socio-political relations with the borrow-
ing rate and frequency of loanwords. Finally, we measure the connotations of loanwords and
examine how they are connected to political relations and how they change over time (§6.5).

2.2 Background

2.2.1 Country and Language Pairs

Before we dive into the methodology and experiments, we begin by describing the specific target

languages
Additionally, we describe the nations affiliated
with each recipient and donor language, which
we categorize as donor and recipient coun-
tries. The countries we have chosen have a
single dominant official language that is spo-
ken natively by more than half of the popula-
tion.”

Additionally, we provide concise descrip-
tions of the relationships between the donor
and recipient countries. Our primary objec-
tive is to select pairs of target and donor lan-
guages that have a well-documented history of
interaction, resulting in a significant presence
of loanwords and linguistic exchange between
them. Ideally, one of the donor languages
should exhibit a distinctively positive or neg-
ative political relationship in contrast to the
other , thereby facilitating clear expectations
for the findings from experimental results.

Figure 2.2 illustrates notable historical
events involving the recipient and donor coun-
tries which indirectly connote the relation-
ships between them. Notably, in this work we
limit our analyses to time periods after 1920,
as data collected before this point may not be
reliable (e.g., due to scarcity of language re-
sources or poor OCR quality) and may not
be representative of the overall linguistic land-
scape and prevailing sentiment.

and their corresponding donor languages

we focus on in this study.
Israel
1917 1948 1953 1963 1970 1993
Pro-zionist End of Economic US confronts Rogers plan; us
declaration british aidby thenuclear US called offered
by UK mandate US program a cease-fire $100M aid

— -

1929 1948 1956 1967 1987 1993 2000
Arab Arab-Israeli Suez Six-Day Intifada Oslo  Second
riots war crisis war Peace intifada
Accords
Korea
1882 1950 1953 1970
Treaty of Koreanwar Mutual Nixon decided
peace Defense to withdraw
defenced SK  Treaty troops
1905 1910 1945 1965 1984 2002
Protec Annexation Gained Treaty on First Co-hosted
-torate treaty Independence Basic president World Cup
treaty relations visit
Russia
1922 1947 1964 1989 2002

US refused Cold war Signed a Cold warUS withdrew

To recognize began Consular over From the
The SU convention ABM treaty

T

1894 1924 1939 1944 1955 1992
Franco French Alliance Alliance  Treaty Bilateral
-Russian Recognition disbanded treaty renounced treaty
alliance  of the SU

Figure 2.2: Major historical events involving Is-
rael, Korea, and Russia, and their corresponding
linguistic donor communities.

2 Although we make the simplifying assumption that certain countries represent certain languages (e.g., Israel
for Hebrew) to simplify our analyses, we acknowledge the fact that there are wider language communities outside
of those countries and speakers of other languages within these countries.



Korean In the case of the Korean language, South Korea is identified as the primary recipient
country.> We chose two donor languages for Korean: English and Japanese. We consider the
United States as the primary donor country for English, given the relatively lower degree of
linguistic and social interaction with other English-speaking countries. For Japanese, Japan is
designated as the donor country.

This choice is underpinned by the historical context of Korea being colonized by the Empire
of Japan from 1910 to 1945, following years of conflict and war. It is widely acknowledged
that the Korean populace exhibits negative sentiments toward Japan, persisting even after the
colonization period, although Japan is often perceived as a more advanced and powerful country.

In contrast, the United States was initially regarded as a foreign adversary before the end of
the colonization period. However, the United States played a pivotal role in helping South Korea
establish a modern state after gaining independence and notably became a key ally during the
Korean war. Consequently, the United States has become South Korea’s most influential ally. As
a result, the South Korean populace generally maintains a favorable view of the United States
and American culture, with South Korea being one of the most pro-American nations worldwide.

Hebrew For Hebrew, we designate Israel as the primary country associated with the recipient
language. We consider two donor languages for Hebrew: English and Arabic. Unlike the Korean
case, we incorporate multiple donor countries for each language. For English, both the United
Kingdom and the United States are designated as donor countries during different time periods.
The United Kingdom is associated with English until 1950, after which the United States ex-
clusively represents the language. In contrast, Arabic is spoken across numerous countries.
Therefore, we extend our association of Arabic to the entire Arab-speaking world.

In general, the Israeli populace consistently shows negative sentiments toward Arab nations
since their establishment, but concurrently maintains more positive relationships with the United
States due to substantial economic aid and a long-term alliance.

Russian For Russian, we designate Russia and the Soviet Union as the primary countries as-
sociated with the recipient language. We focus on two donor languages for Russian: English and
French. The United States is the primary donor country associated with English, while France
represents French. While the relationship between the United States and Russia has experienced
fluctuations, such as during the Cold War, France and Russia have generally maintained a co-
operative relationship. Unlike the previous two cases where English and the United States were
associated with relatively more positive sentiments, in the case of Russian, we anticipate that
English may be perceived as relatively less positive and prestigious than French, at least during
some time periods .

3The majority of Korean text we can find online primarily reflects the South Korean context, although North
Korea also uses the same language.



2.3 Methodology

The primary goal of this work is to develop a comprehensive framework for a large-scale in-
vestigation of lexical borrowing, with a specific emphasis on elucidating the intricate interplay
between socio-political variables and lexical borrowing. Our work tries to extend the scope of
analysis, overcoming the limitations associated with studies that rely on a limited number of
illustrative examples.

An overview of the proposed framework is described in Figure 2.1. To address our research
questions, we first develop a computational model that quantifies word connotations, i.e., the im-
plicit sentiments associated with words (here, country mentions and loanwords) within a context.
This model forms a foundational component of our analyses. Subsequently, we apply this model
to extensive historical corpora, enabling us to gauge the prevailing sentiment exhibited in the
text, specifically examining how donor countries and loanwords are portrayed at specific points
in time.

In tandem with word connotation analyses, we employ several metrics, including borrow-
ing rates of loanwords, derived from a curated list of loanwords and historical corpora. These
metrics are designed to capture different aspects of lexical borrowing. By leveraging these quan-
titative measures, we provide correlation analyses that investigate the relationship between socio-
political factors and lexical borrowing. We now describe in detail the methodology, resources,
preprocessing, and computation involved.

2.3.1 Word Connotation Classifier

A standard approach to building a classifier for a specific application is finetuning a language
model such as RoBERTa [139] with human-annotated data. Compared with general-purpose
generative models such as GPT-3, finetuned models are usually more efficient, as they require
fewer parameters, and more effective, as they are specifically trained with application-specific
data . Ideally, to obtain a model that works well for the target data, we would want to minimize
the difference between the training data and the test data of the specific application. However, in
many cases, available annotated data sets are from different domains, which may result in lower
performance .

On the other hand, generative language models have demonstrated remarkable capabilities
in various tasks even in a zero-shot setting. For example, Koto et al. [122] showed that zero-
shot multilingual sentiment classifiers can outperform models fine-tuned on English sentiment
datasets, showing opportunities of using LL.Ms to eliminate the need for training data. Unfor-
tunately, the most advanced models (e.g., GPT-4) are neither transparent (a problem for repro-
ducibility) nor cheap to use. In our case, if we were to use GPT-4 for all country mentions in
historical texts, it would have cost more than $5000+ for inferring word connotation for 20M+
sentences.

In order to leverage the benefits of each approach (good zero-shot performance of generative
language models and efficient fine-tuned classifiers), we propose a new framework that consists
of two steps: (1) use large generative language models with prompts for the target application
to construct in-domain training data, and (2) train a RoBERTa-based word connotation classifier
using the constructed data.
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Training Data Construction with Generative Language Models We use three prompts to
generate labels for word connotation classifiers. For example, one of the prompts we use is
“{TEXT}. IS THE IMPLIED SENTIMENT TOWARDS {WORD} IN THE GIVEN TEXT POSITIVE,
NEUTRAL OR NEGATIVE?”. The language models generate answers, which we then categorize
into one of the three labels based on the frequency of specific words that correspond to each
label. Once the responses have been mapped to a label, we take the majority vote of the three
prompts. Any ties, or samples where more than one response cannot be mapped to a label (e.g.,
“need more context to answer the question”), are ignored.

We employed GPT-3.5 to curate our classifier’s training dataset, which comprises two distinct
categories. In the first category, we used sentences that reference donor countries in historical
texts as the input text in the prompt, with the donor country serving as the target word. For
the second category, we used sentences containing loanwords in historical texts as the input in
the prompt, with the loanword as the target word. To construct the first category, we randomly
selected 3,000 sentences for each donor country across three languages, totaling 18,000 samples.
For the second category, we employed a similar approach, randomly selecting 4,500 sentences
for each of the six donor-recipient language pairs, which amounted to 27,000 training samples.
We then combined these two subsets, resulting in a training dataset comprising 45,000 samples,
which was subsequently used to train our classifier.

It’s worth highlighting that our approach involves presenting a sentence to the language
model and then ask its prediction for the word, making our labels inherently context-specific.
Consequently, these labels are taken to indicate the connotation of the word within the context
of the sentence, providing a nuanced perspective that differs from more abstract lexicon-based
word connotation frameworks, which are primarily focused on aggregated sentiment. This con-
textualized approach not only enhances the robustness and comprehensiveness of our analysis
but also enables us to conduct fine-grained temporal sentiment analysis, as we have access to the
timestamp of each example.

RoBERTa-Based Classifier In line with the instructions provided in the data construction
prompt, we have framed the word connotation classification task as a three-class text classifi-
cation challenge. In this context, our model is tasked with analyzing input text and categorizing
it into one of three sentiment categories: negative, neutral, or positive. To prepare a classifier for
this specific task, we used the dataset we constructed using GPT-3.5 and followed the standard
training procedure employed for RoOBERTa-based classifiers.

The input format for our classifier is as follows: “{text}</s>the sentiment expressed towards
{word},” with the </s> token indicating the end of a sentence. We intentionally chose this for-
mat over a more conventional structure , like “{text} </s>{word},” based on our observation that
many pretrained language models trained on a task of predicting the subsequent sentence. Con-
sequently, we aimed to ensure that the second part of our input constitutes a complete sentence.
Our choice was reinforced by preliminary results, which demonstrated improved performance
compared to using only the word as input.

11



2.3.2 Data and Resources

We now describe how we collected the list of loanwords and historical texts, which we used to
study the relationship between political relations and language borrowing at large.

Lists of Loanwords

Previous research has attempted to automatically identify loanwords by comparing the phonemic
similarity between words in source and target languages that are translation equivalents. How-
ever, these studies have demonstrated the significant challenges in robustly identifying loanwords
due to various factors. For instance, two languages may sound similar, yet both could borrow the
same word from a third language. In contrast, prior linguistic studies on loanwords have often re-
lied on a limited set of expert-curated loanwords. However, these lists are not generalizable (i.e.,
collecting one list for one language pair does not provide useful resources for other language
pairs) and often limited to the scope of specific phenomena the studies are investigating.

In our work, we adopt a hybrid approach by leveraging loanwords curated by Wiktionary
users. Wiktionary hosts a collection of borrowed words for various language pairs. For ex-
ample, the Category:Hebrew_terms_borrowed_from_English on English Wiktionary contains a
list of over 200 English loanwords in Hebrew. Similar lists can be found in other languages
on Wiktionary as well (e.g., English loanwords in Hebrew on Hebrew Wiktionary ). For each
donor—recipient language pair, we merge these two loanword lists from English and the target
languages’ Wiktionary.

By incorporating Wiktionary into our framework, we ensure that the lists remain continually
updated and maintained by a large user community. Furthermore, this framework can be easily
expanded to include other languages, thanks to the extensive coverage of Wiktionary pages across
a wide range of languages beyond the three languages we analyze in this study. To further
improve our lists’ coverage, we supplemented the loanword datasets collected from Wiktionary
with loanwords manually curated in previous studies on lexical borrowing in Hebrew and Korean.

In the final step, we refined the lists by only retaining words that unambiguously qualify as
common loanwords by filtering out the following categories: 1) words that were designated as
loanwords in both donor languages, as they typically result from borrowing from a third lan-
guage, 2) named entities (e.g., names of cities, individuals, organizations, etc.), 3) stop words,*
4) extremely short words (those with fewer than 4 characters in Hebrew and Russian, and fewer
than 2 characters in Korean—these thresholds were empirically determined through manual in-
spection), and 5) words that appeared fewer than three times in our historical text corpus (detailed
in the following section). To ensure the accuracy of the final lists of loanwords in each language,
native speakers of Hebrew, Korean, and Russian with a background in linguistics conducted
manual verification.

Historical Texts

In order to analyze when loanwords entered the recipient language and how they are used over
time, we need a corpus of historical texts with creation dates. Unfortunately, there is no single

“Defined following https://pypi.org/project/stopwordsiso/
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Wik. Manual Final

Hebrew <« Arabic 208 542 314
Hebrew «— English 413 282 321
Korean < Japanese 1694 124 506
Korean < English 1036 242 497
Russian <— French 934 - 633
Russian < English 745 - 363

Table 2.1: The number of loanwords found in Wiktionary (Wik.) and in manual sources
(Manual), and the final number after filtering.

comprehensive dataset with such texts for all three of our target languages. Hence we sourced
each language’s texts differently. Our focus primarily centered on nonfiction texts, with the
exclusion of literary, religious, and encyclopedic texts, as we expect these to be less relevant to
the study of loanwords across communities speaking different languages.

Hebrew For Hebrew, we leveraged Google Books to gather historical texts. Google Books is
an extensive digital library comprising a diverse range of books and printed materials, digitized
through optical character recognition (OCR) technology. The Google Books API allows us to
retrieve book excerpts containing specific queries, along with metadata such as the book’s title,
author, and publication date. We adopted the published year of the books as timestamps for the
text snippets, covering a period ranging from the 16th century to the present. However, due to the
unreliable OCR results in the earliest books, we opted to include only those published after 1920.
Additionally, we excluded a substantial number of religious books, as they often lack accurate
timestamps (e.g., religious texts from centuries ago may still be published in the 2000s) and are
likely less related to the focus of our study on political relations.

It is worth noting that our approach for collecting historical corpora from Google Books is
not limited to any specific language, such as Hebrew in our case, and can be applied to any
language for which Google Books has data.

Korean The Yonsei 20th Century Corpus [186] comprises approximately 150 million words
drawn from a variety of 20th-century texts. In this corpus, timestamps of the texts are binned
into decades and do not provide the exact publication date or year. They also provide category
information of the sources of the texts (e.g., newspapers, magazines, literature). We chose to
exclude literary texts, which are more likely to be fictional, as well as encyclopedic texts.

Russian The Russian National Corpus (RNC) [1] is an extensive corpus of contemporary
Russian, encompassing over 2 billion tokens. It covers a period ranging from the mid-18th
century to the early 21st century and includes a diverse categories of content, such as fiction,
essays, news articles, public speeches, and more. Similar to Korean, we excluded fictional texts
such as novels, tales, scenarios, religious texts, and translations based on category information
available in the dataset.
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Data Collection through Search Interface All three resources we used for collecting histor-
ical texts do not grant full access to the entire dataset but instead provide a search interface that
allows users to input search terms and retrieve texts containing those query terms. Consequently,
we employed extensive query words to maximize the retrieval of texts and to construct the com-
prehensive historical corpora. To ensure the broadest coverage of our data while ensuring the
inclusion of texts containing loanwords, we utilized a word list comprising the final loanword
lists and the most frequently used 200,000 words selected by word frequency from Wikipedia.

Following the collection of texts using the search interface, we performed postprocessing
on the gathered historical corpora. This involved segmenting texts into sentences and removing
duplicate sentences originating from the same source. Additionally, we excluded sentences with
fewer than five words to ensure that each sentence in our corpus contained sufficient context.
The final historical corpus we constructed consists of approximately 10.2 million, 5.6 million,
and 5.7 million unique sentences for Hebrew, Korean, and Russian, respectively. It is important
to note that our analysis is confined to the constructed historical corpora and may not represent
spoken language.

Translation The word connotation classifier we developed is primarily optimized for English
and may not perform as effectively in other languages. This limitation arises from the LLMs’
limited capacity to generate training examples in languages other than English reliably. There-
fore, we employed off-the-shelf translation models from the HuggingFace platform to translate
the historical corpora we collected into English. Specifically, for Hebrew, Korean, and Russian,
we used the tiedeman/opus-mt-he-en, Helsinki-NLP/opus-mt-ko-en, and Helsinki-NLP/opus-mt-
ru-en models, respectively. Following the translation process, native speakers of each language
conducted manual reviews of sampled texts to ensure that the overall translation quality and the
sentiment expressed in the texts were preserved accurately after translation.

Lemmatization In our analysis, we focus on the implicit connotations that specific words carry
within different sentences provided as context. To analyze trends for a given word, it is crucial to
identify the sentences in which those words appear. This process was relatively straightforward
before the translation because the search interfaces explicitly returned all texts containing the
queried word. However, after translation, there is no guarantee that a direct translation of the
word used in the search query will still be present in the translated sentence. As a solution,
we employed lemmatization for all translated sentences in our historical corpora using SpaCy’s
en_core_web_md model. Then, we searched for the English translations of target words (i.e.,
loanwords and country names in our case) with the lemmatized sentences. When the possible
English translation of target words are not found in the translated sentence, we exclude those
sentences from word connotation analysis. It’s worth noting that we used the lemmatized form
exclusively for matching sentences to words but used the original forms for word connotation
classification.

>Word frequencies were counted based on the Wikipedia dump version from March 2022.
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2.3.3 Evaluation

In order to measure how well generative language models in the zero-shot setting and the fine-
tuned models work, we collected human annotated data for word connotations in three languages.

Human Annotation We asked two native speakers of each language to assess the writer’s
sentiment towards a particular word in a given text. Annotators were asked to annotate whether
a word carries either positive, neutral, or negative connotation within a given sentence. For the
sentences, we used the samples from our historical corpora, and specifically chose sentences that
mention one of the target countries. Participants were given the option to skip instances that were
ambiguous in sentiment or not suitable for annotation (e.g., too short or not in their language).
After excluding any skipped examples, we obtained 124, 42, and 97 annotated instances for
Korean, Hebrew, and Russian, respectively. Tthe annotator agreement measured using Cohen’s
Kappa for Hebrew, Korean, and Russian was 0.48, 0.41, and 0.38, respectively.

Experiment Settings We used the ROBERTA-BASE checkpoint from the HuggingFace trans-
former repository® as a pretrained model for finetuning experiments. We train one classifier each
to infer word connotations of loanwords and countries in historical corpora. As described in
§2.3.1, we collected silver labels for 27,000 and 18,000 examples for loanwords and countries
using GPT-3. We divided each dataset into training, development, and test sets in an 8:1:1 ratio,
and used them to train a separate classifier. We conducted a hyperparameter search for each
model to find the best model using the development data, and used the best model for evaluation.

Baselines We evaluate our trained classifier using human-annotated data by comparing it with
two baselines, Majority and 165. The majority baseline predicts the most frequent class, which
is neutral in our dataset, for all inputs. Park et al. [165] is a logistic regression model introduced
in Park et al. [165] which uses contextualized word embeddings of a target word from a large
language model to predict its word connotations. We trained the model with our classifier training
data. Park et al. [165] is considered the most recent contextual word connotation classification
model among existing works.

Additionally, we evaluate two GPT-3 variants, GPT-3 Curie and GPT-3 Davinci, to determine
their performance on word connotation classification, which is crucial as we employ these mod-
els to construct a synthetic training dataset for our classifier. The comparison between GPT-3
Davinci and GPT-3 Curie helps us understand whether using a larger model (GPT-3 Davinci) is
essential by comparing it to the performance of a relatively smaller model (GPT-3 Curie). It is
important to note that our classifier was trained with data generated by GPT-3-davinci, so we do
not anticipate it to outperform GPT-3-davinci. Instead, our evaluation offers insights into the ex-
tent of performance drop when transitioning from the large, computationally intensive language
model to a more efficient, task-specific model for inference on the entire dataset.

Classification Evaluation Results Table 2.2 presents the performance measured by the macro
F1 score for both the baselines and our proposed RoBERTa-based classifier. The evaluation

®https://huggingface.co/roberta-base
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| Al Kor Heb Rus

Majority 274 294 222 26.5
Park et al. [165] 314 336 194 302
GPT-3 Curie 26.7 200 37.6 284
GPT-3 Davinci 62.5 639 61.7 59.1
Finetuned RoBERTa (ours) | 58.0 60.9 53.6 53.2

Table 2.2: Macro F1 scores of word connotation classifiers. Our student model, trained on
synthetic data generated by GPT-3 Davinci, significantly outperforms other baselines and per-
forms closely to GPT-3 Davinci, while being significantly more efficient and cost-effective.
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Figure 2.3: Average sentiment expressed towards the countries in Korean(left), Hebrew (middle),
and Russian (right).

results reveal three key findings: First, our RoBERTa-based classifier outperforms the two base-
line models significantly. Second, our model, trained with data generated by GPT-3, almost
approaches the effectiveness of the original GPT-3 Davinci model. This result validates the use
of our fine-tuned classifier as a cost-effective alternative to GPT-3 models for processing large
corpora, thus reducing API cost from using GPT-3 without substantial compromises in perfor-
mance. Lastly, the noticeable performance gap between GPT-3 Curie and GPT-3 Davinci shows
the impact of model size on their ability to infer word connotations. This observation highlights
the necessity of employing larger models in the data generation process.

2.3.4 Results

We applied our trained RoBERTa classifier to mentions of countries and loanwords in our his-
torical texts to measure general public sentiments expressed towards countries and loanwords in
the texts.

Country Sentiment

We applied the trained classifier to all mentions of donor countries in our historical texts. Ad-
ditionally, we employed the classifier to evaluate self-mentions, such as references to Israel in
the Hebrew corpus, and compared their sentiment with that of donor countries. Some of these
mentions were too brief and may not have provided sufficient context for the model to accurately
determine sentiment. To address this issue, we filtered out sentences with fewer than five words.
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Figure 2.4: Average sentiment expressed towards the loanwords in Korean(left), Hebrew (mid-
dle), and Russian (right).

As a result, our dataset consisted of 849,430 country mentions in Hebrew (Israel: 649,111, Arab
Nations: 123,028, US and UK: 77,291), 58,620 country mentions in Korean (Korea: 21,232,
Japan: 20,846, US: 16,542), and 55,319 country mentions in Russian (Russia: 26,829, France:
12,975, US: 15,515).

Subsequently, we assigned numerical values to the class labels inferred by our classifier: -1
for negative, O for neutral, and 1 for positive sentiment. We calculated the average sentiment
score for all mentions of a given country, grouped by decade, to analyze sentiment changes over
time.

Figure 2.3 shows the measured sentiment toward the donor countries in each of the three
recipient languages. We also depict, for each recipient language, the average sentiment toward
mentions of its own country. The results qualitatively show patterns that are aligned with histor-
ical events:

* Korean. In 1930, the sentiment towards the US was mostly neutral, but it dramatically
improved from 1940 to 1950, when the US became a powerful ally after World War II. On
the other hand, the sentiment towards Japan in Korean historical records was consistently
negative from 1930 to 1990, reaching its lowest point in 1940 during the harshest period of
Japanese oppression during the colonial era. However, the sentiment gradually improved
over time and became almost neutral by 1990.

* Hebrew. Compared to the other two languages, Hebrew demonstrates the most stable trend
in country sentiment. The sentiment towards Arab nations remained consistently negative
throughout the entire period, becoming even more negative after 1940.

* Russian. The most striking trend in Russian is the significant decline in sentiment towards
the US in 1950, which coincides with the start of the Cold War. The sentiment towards the
US improved consistently from 1960 onwards. Additionally, the sentiment towards France
was always more positive than the sentiment towards the US, except for 1920 and 1940,
which is in contrast to the other two languages where the US had a more positive sentiment
than the other country.

Loanwords Sentiment

We followed the same procedure to keep the filtered loanword mentions and assign numerical
values to the sentiment implied by the word in context. We then calculated the average senti-
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ment score of each loanword across the entire timespan in our data. Based on this score, we
categorized the loanwords as positive, neutral, or negative. Words that had average scores more
than half a standard deviation above the mean were labeled as positive, while those that were
half a standard deviation below the mean were labeled as negative. Finally, we determined the
average proportion of positive and negative loanwords in all mentions at a given time period.
This calculation was done using the full loanwords data, not just the filtered mentions, as it does
not depend on the classifier. Figure 2.4 shows the measured loanwords sentiment of language
pairs in three languages. We find that:

* Korean. In the Korean data, we observe that the sentiment of loanwords borrowed from
English shows a clear distinction over time. Positive sentiment is relatively stable, while
negative sentiment fluctuates, particularly during the 1930s and 1950s, possibly reflecting
historical events such as Japanese occupation and the Korean War. The trend suggests that
negative sentiment peaks correspond with periods of political tension, highlighting how
socio-political circumstances can influence the sentiment of borrowed words.

* Hebrew. The Hebrew data presents an interesting pattern, where both positive and negative
sentiments show relatively stable trends over the years. The positive sentiment towards En-
glish loanwords remains consistently higher compared to the negative sentiment, especially
from the 1970s onwards. This could be attributed to the growing influence of Western cul-
ture and technology during this period, leading to a more favorable perception of English
loanwords. On the other hand, Arabic loanwords exhibit a different trend, where positive
sentiment towards Arab nations to be consistently high except around 1940, possibly re-
flecting changing socio-political relations between Hebrew speakers and Arabic-speaking
communities.

* Russian. In the Russian data, there is a notable fluctuation in the sentiment of loanwords.
English loanwords show a distinct peak in positive sentiment in the early 20th century,
followed by a decline during the Soviet era, likely due to the political climate and the Cold
War. However, towards the late 20th and early 21st centuries, positive sentiment towards
English loanwords rises again, indicating a renewed openness to Western influence post-
Soviet Union. The sentiment towards French loanwords, while more stable, generally
trends upwards, suggesting a longstanding cultural appreciation for French language and
culture, which has persisted despite political changes.

2.4 Analysis: Socio-Political Relations and Lexical Borrowing

In this section, we use the measured word connotation of loanwords and the sentiment towards
nations to address our two original research questions concerning the relationship between socio-
political dynamics and lexical borrowing. We focus on two key metrics: the level of interaction
between countries and the public sentiment they share. First, we explain how we measure the
interaction between countries using historical data, and then we conduct a regression analysis to
examine how socio-political factors influence language borrowing, including the rate at which
words are borrowed and the sentiment associated with these borrowed terms.
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Figure 2.5: Normalized country mention rate in Korean (left), Hebrew (middle), and Russian
(right).

2.4.1 Measuring Interaction Between Countries

To quantify the intensity of (geo-political as well as linguistic) interaction between two countries,
we defined two frequency-based metrics: country mention rate and borrowing rate.

Country Mention Rate Country mention rate is the number of mentions of countries in our
historical corpus, normalized by the corpus size. We assume that if a country was frequently
mentioned in publicly available texts written in language L, then the country and the correspond-
ing speakers of L had intensive interaction with the mentioned country. This approach, however,
has limitations, such as the possibility that mentions of a country might be driven by specific
events rather than sustained interaction, and that the context of mentions (e.g., negative or neu-
tral) is not considered in this metric.

Figure 2.5 shows the country mention rates of respective target countries in Hebrew, Korean,
and Russian. We observe distinct patterns across languages:

In Hebrew, the data shows that mentions of the US/UK were higher than mentions of Arab
nations during the 1940s—1950s. However, starting in the 1960s, mentions of Arab nations began
to surpass those of the US/UK, coinciding with the escalation of the Arab-Israeli conflict. This
trend suggests a shift in focus towards regional geopolitical dynamics during this period, reflect-
ing the increased importance of interactions, both conflictual and diplomatic, between Israel and
its neighboring Arab countries.

In Korean texts, since Korea’s liberation in 1950, Japan was more frequently mentioned than
US except for 1950 and 1990. This trend might be rather surprising as one could expect the
US, which had helped with the nation’s liberation in 1950, might have more interaction than
Japan after 1950. However, our results show that even after the colonization period, Japan and
Korea had a significant amount of interaction. We note that there are significantly fewer country
mentions during the 1920-1940s, which can be attributed to the fact that the Korean language
was forbidden in schools and in official documents during the colonization period.

In Russian, the data shows that France had significantly more mentions than the US until the
1980s, after which mentions of the US steadily increased, eventually surpassing those of France.
This shift likely reflects the changing geopolitical landscape, particularly during the Cold War,
where the US became increasingly central to Soviet foreign relations and domestic discourse.
The increase in US mentions coincides with the deterioration of US-Soviet relations and the
eventual dissolution of the Soviet Union.
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Figure 2.6: Normalized borrowing rate of Korean (left), Hebrew (middle), and Russian (right).

Overall, these results align with historical expectations: the patterns of country mentions
reflect the geopolitical realities of the times, suggesting that our country mention rate metric is a
valid indicator of the level of interaction between countries.

Borrowing Rate Figure 2.6 shows the borrowing rate of each donor-recipient language pair
normalized by the total number of new words entered in the target language. The total number
of words entered in each time frame was calculated using the control group — all words in target
language’s bilingual dictionaries. Thus the y-axis value denotes the portion of loanwords from
each language.

The results show how borrowing rate is closely related to the relationship between nations.
For example, in Korean, the crossing point of two graphs in 1950 coincides with an important
historical event — the Korean war which began on 1950. This war, after the Japanese colonial
period, was when the country with the biggest influence was changed from Japan to the US. Since
1940, the number of loanwords adopted from English continuously increased. For Hebrew, while
borrowing from Arabic consistently constitutes a significant portion of loanwords, the borrowing
rate of English is significantly higher than that of Arabic.

In contrast, in Russian, until 1990, the borrowing rate of French was always higher than that
of English. However, after 1990, the end of Cold War, there are slightly more English loanwords
than French loanwords.

2.4.2 Socio-political Relations and Lexical Borrowing

Regression analysis To determine the extent to which the metrics we have established for
socio-political relations affect borrowing rates, we performed a regression analysis. We provide
three features as inputs (x): country mention , country sentiment, and year. These inputs are
standardized and were used to predict the borrowing rate. In total, there were 64 data points from
three languages to fit the model.

Socio-political Relations and Borrowing Rates We investigated the relationship between
socio-political relations and the frequency of language borrowing. Table 2.3 shows the coef-
ficients for the input features of the trained model. The results indicate a significant correla-
tion between the frequency of mention and the rate of borrowing (p < 0.01). This finding
is consistent with prior research suggesting that higher visibility or salience of a country in dis-
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country country
mention sentiment

borrowing rate  0.074 0.008 0.015
loanwords 515 9040t _0.011
sentiment (pos)
loanwords
sentiment (neg)

year

-0.029" 0.001 0.005

Table 2.3: Regression coeffcients of trained regression models. (*: p < 0.01, {: p < 0.1.)

course—measured by mentions—can be associated with increased linguistic influence, including
borrowing of lexical items.

However, it is important to note that this relationship does not necessarily imply a direct
causal link. While increased interaction and discussion of a country might contribute to greater
borrowing from its language, the direction of causality is not definitive. Other factors, such as
the underlying political power of the donor country, could drive both increased mentions and
borrowing. Thus, the observed correlation should be interpreted with caution, considering the
complex socio-political factors that may influence these dynamics.

Socio-political Relations and Loanwords Sentiment We examined our second research ques-
tion on the connection between socio-political relations and the semantic orientation (sentiment)
of borrowed words. We used the same regression analysis method as in the previous section,
the only difference being the dependent variable (y). This time, the sentiment of loanwords,
measured as the proportion of positive and negative words in Section 5.2, was used as the target
feature.

Table 2.3 shows that the positive sentiment of loanwords is positively correlated with country
sentiment, while the negative sentiment of loanwords is negatively correlated with the country
mentions. This suggests that when a country is viewed positively in the socio-political context,
the words borrowed from that country’s language tend to carry a positive connotation. Con-
versely, frequent mentions of a country, which might indicate heightened interaction or visibil-
ity, are associated with borrowing words that have a negative sentiment. This could be because
increased mention may often occur in contexts of conflict or criticism, leading to the adoption of
terms with negative connotations. Our results corroborate prior work that found during periods of
political tension, languages often borrow words with negative connotations from the languages
of opposing groups, reflecting the strained relations.

2.5 Conclusion

In this work, we proposed methods to operationalize political relationships between nations and
lexical borrowing. We introduced Public Mentions and Public Portrayals which represent how
much interaction and how positive portrayal they have with a donor country. For lexical bor-
rowing, we quantified borrowing rate (i.e. volume of loanwords entering the language), use
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rate (i.e. how frequently the loanwords are used), and loanwords connotation by their adopted
time and by used time. Our analysis on Hebrew, Korean, and Russian showed that the proposed
political relation-related metrics were well aligned with various historical events and the rela-
tionship with their major language donor countries at the time. We further investigated how
socio-political relations between contact communities are related with lexical borrowing behav-
ior. Our results show that there is a high correlation between how donor countries are portrayed
in public and how positive their loanwords are, and also between how frequently donor coun-
tries are mentioned and how frequently their loanwords are used. Our work is the first attempt
to quantitatively study the intersection of lexical borrowing and political factors at a large-scale
using advanced NLP methods. We publicly release the trained models and codes and the entire
pipeline of our method is language-agnostic, thus can be extended to any other languages with
adequate resources. [163]
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Chapter 3

Cultural Similarity for Cross-Lingual
Transfer

Having explored the impact of cultural context on language change in Chapter 2, we now turn our
attention to how cultural context can be leveraged to enhance NLP systems. One of the key chal-
lenges in NLP is improving the performance of models across different languages, particularly in
low-resource settings. Cross-lingual transfer learning, where models trained on one language are
adapted to another, offers a promising solution. This chapter examines the role of cultural simi-
larity in this process, proposing that understanding the relationships between cultures can guide
the selection of training datasets for cross-lingual NLP systems, especially for pragmatics-related
tasks. By proposing metrics that can operationalize similarity between cultures and languages,
we demonstrate how they can be applied to improve cross-lingual transfer, enhancing model
performance and enabling more effective and culturally aware NLP applications. This chapter
presents the findings of feature analyses and extensive experiments that validate the proposed
methods, shedding light on the importance of cultural context in cross-lingual NLP.

3.1 Introduction

Hofstede et al. [100] defined culture as the collective mind which “distinguishes the members
of one group of people from another.” Cultural idiosyncrasies affect and shape people’s beliefs
and behaviors. Linguists have particularly focused on the relationship between culture and lan-
guage, revealing in qualitative case studies how cultural differences are manifested as linguistic
variations [198].

Quantifying cross-cultural similarities from linguistic patterns has largely been unexplored
in NLP, with the exception of studies that focused on cross-cultural differences in word usage
[81, 134]. In this work, we aim to quantify cross-cultural similarity, focusing on semantic and
pragmatic differences across languages.! We devise a new distance measure between languages
based on linguistic proxies of culture. We hypothesize that it can be used to select transfer
languages and improve cross-lingual transfer learning, specifically in pragmatically-motivated
tasks such as sentiment analysis, since expressions of subtle sentiment or emotion—such as

*The first three authors contributed equally.
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subjective well-being [200], anger [162], or irony [113]—have been shown to vary significantly
by culture.

We focus on three distinct aspects in the intersection of language and culture, and propose
features to operationalize them. First, every language and culture rely on different levels of
context in communication. Western European languages are generally considered low-context
languages, whereas Korean and Japanese are considered high-context languages [88]. Second,
similar cultures construct and construe figurative language similarly [29, 215]. Finally, emotion
semantics is similar between languages that are culturally-related [105]. For example, in Persian,
‘grief” and ‘regret’ are expressed with the same word whereas ‘grief’ is co-lexified with ‘anxiety’
in Dargwa. Therefore, Persian speakers may perceive ‘grief’ as more similar to ‘regret, while
Dargwa speakers may associate the concept with ‘anxiety.’

We validate the proposed features qualitatively, and also quantitatively by an extrinsic eval-
uation method. We first analyze each linguistic feature to confirm that they capture the intended
cultural patterns. We find that the results corroborate the existing work in sociolinguistics and
linguistic anthropology. Next, as a practical application of our features, we use them to rank
transfer languages for cross-lingual transfer learning. Lin et al. [135] have shown that selecting
the right set of transfer languages with syntactic and semantic language-level features can signif-
icantly boost the performance of cross-lingual models. We incorporate our features into Lin et al.
[135]’s ranking model to evaluate the new cultural features’ utility in selecting better transfer lan-
guages. Experimental results show that incorporating the features improves the performance for
cross-lingual sentiment analysis, but not for dependency parsing. These results support our hy-
pothesis that cultural features are more helpful when the cross-lingual task is driven by pragmatic
knowledge. ?

3.2 Cultural Similarity Features

We propose three language-level features that quantify the cultural similarities across languages.

Language Context-level Ratio A language’s context-level reflects the extent to which the lan-
guage leaves the identity of entities and predicates to context. For example, an English sentence
Did you eat lunch? explicitly indicates the pronoun you, whereas the equivalent Korean sentence
A4 HAY? (= Did eat lunch?) omits the pronoun. Context-level is considered one of the
distinctive attributes of a language’s pragmatics in linguistics and communication studies, and if
two languages have similar levels of context, their speakers are more likely to be from similar
cultures [155].

The language context-level ratio (L.CR) feature approximates this linguistic quality. We com-
pute the pronoun- and verb-token ratio, pt r(l;) and vtr(l;) for each language I, using part-

'In linguistics, pragmatics has both a broad and a narrow sense. Narrowly, the term refers to formal pragmatics.
In the broad sense, which we employ in this paper, pragmatics refers to contextual factors in language use. We
are particularly concerned with cross-cultural pragmatics and finding quantifiable linguistic measures that corre-
spond to aspects of cultural context. These measures are not the cultural characteristics that would be identified by
anthropological linguists themselves but are rather intended to be measurable correlates of these characteristics.
2Code and data are publicly available at ht tps://github.com/hwijeen/langrank.
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of-speech tagging results. We first run language-specific POS-taggers over a large mono-lingual
corpus for each language. Next, we compute pt r as the ratio of count of pronouns in the corpus
to the count of all tokens. vt r is obtained likewise with verb tokens. Low ptr, vt r values may
indicate that a language leaves the identity of entities and predicates, respectively, to context. We
then compare these values between the target language l,, and transfer language [, s, which leads
to the following definition of LCR:

LCR—pron(ltf, ltg) == ptr(ltg)/ptr(ltf)
LCR-verb(lif, lyy) = vtr(ly)/vtr(ly)

Literal Translation Quality Similar cultures tend to share similar figurative expressions, in-
cluding idiomatic multiword expressions (MWEs) and metaphors [125, 126]. For example, like
father like son in English can be translated word-by-word into a similar idiom fel pére tel fils in
French. However, in Japanese, a similar idiom Y131 (Kaeru no ko wa kaeru) “A frog’s
child is a frog.” cannot be literally translated.

Literal translation quality (LTQ) feature quantifies how well a given language pair’s MWEs
are preserved in literal (word-by-word) translation, using a bilingual dictionary. A well-curated
list of MWEs is not available for the majority of languages. We thus follow an automatic ex-
traction approach of MWEs [211]. First, a variant of pointwise mutual information, PMI? [43]
is used to extract noisy lists of top-scoring n-grams from two large monolingual corpora from
different domains, and intersecting the lists filters out domain-specific n-grams and retains the
language-specific top-£# MWESs. Then, a bilingual dictionary between /,; and [,, and a parallel
corpus between the pair are used. * For each n-gram in [;,;’s MWEs, we search for its literal
translations extracted using the dictionary in parallel sentences containing the n-gram. For any
word in the n-gram, if there is a translation in the parallel sentence, we consider this as hit, other-
wise as miss. And we calculate hif ratio as (hnjf#ys) for each n-gram found in the parallel corpus.
Finally, we average the hit ratios of all n-grams and z-normalize over the transfer languages to
obtain LTQ(l;y, ly,).

Emotion Semantics Distance Emotion semantic distance (ESD) measures how similarly emo-
tions are lexicalized across languages. This is inspired by Jackson et al. [105] who used colexifi-
cation patterns (i.e., when different concepts are expressed using the same lexical item) to capture
the semantic similarity of languages. However, colexification patterns require human annotation,
and existing annotations may not be comprehensive. We extend Jackson et al. [105]’s method by
using cross-lingual word embeddings.

We define ESD as the average distance of emotion word vectors in transfer and target lan-
guages, after aligning word embeddings into the same space. More specifically, we use 24 emo-
tion concepts defined in Jackson et al. [ 105] and use bilingual dictionaries to expand each concept
into every other language (e.g., love and proud to Liebe and stolz in German). We then remove
the emotion word pairs from the bilingual dictionaries, and use the remaining pairs to align word

3While dictionaries and parallel corpora are not available for many languages, they are easier to obtain than the
task-specific annotations of MWEs.
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embeddings of source into the space of target languages. We hypothesize that if words corre-
spond to the same emotion concept in different languages (e.g., proud and stolz) have similar
meaning, they should be aligned to the same point despite the lack of supervision. However, be-
cause each language possesses different emotion semantics, emotions are scattered into different
positions. We thus define ESD as the average cosine distance between languages:

ESD(lis, lig) = > 0S(Vige, Vige)/ | E|

ecl
where £ is the set of emotion concepts and v, . is the aligned emotion word vector of language
lif.

3.3 Feature Analysis

In this section, we evaluate the proposed pragmatically-motivated features intrinsically. Through-
out the analyses, we use 16 languages listed in Figure 3.4 which are later used for extrinsic
evaluation (§3.5).

Implementation Details We used multilingual word tokenizers from NLTK and RDR POS
Tagger [158] for most of the languages except for Arabic, Chinese, Japanese, and Korean, where
we used PyArabic, Jieba, Kytea, and Mecab, respectively. For monolingual corpora, we used the
news-crawl 1M corpora from Leipzig [84] for both LCR and LTQ. We used bilingual dictionaries
from Choe et al. [36] and TED talks corpora [176] for both parallel corpora and an additional
monolingual corpus for LTQ. We focused on bigrams and trigrams and set k, the number of
extracted MWEs, to 500. We followed Lample et al. [130] to generate the supervised cross-
lingual word embeddings for ESD.

LCR and Language Context-level ptr approximates how often discourse entities are in-
dexed with pronouns rather than left conjecturable from context. Similarly, vt r estimates the
rate at which predicates appear explicitly as verbs. In order to examine to which extent these
features reflect context-levels, we plot languages on a two-dimensional plane where the x-axis
indicates pt r and the y-axis indicates vt r in Figure 3.1.

The plot reveals a clear pattern of context-levels in different languages. Low-context lan-
guages such as German and English [88] possess the largest values of ptr. On the other ex-
treme are located Korean and Japanese with low pt r, which are representative of high-context
languages. One thing to notice is the isolated location of Turkish with a high vtr. This is
morphosyntactically plausible as a lot of information is expressed by the affixation to verbs in
Turkish.

LTQ and MWEs LTQ uses n-grams with high PMI scores as proxies for figurative language
MWE (PMI MWEs). We evaluate the quality of selected MWESs and the resulting LTQ by com-
paring with human-curated list of figurative language MWE (gold MWEs) that are available in
some languages. We collected gold MWEs in multiple languages from Wiktionary*. We dis-

“For example, https://en.wiktionary.org/wiki/Category:English_idioms
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Figure 3.1: Plot of languages in ptr and vtr plane. Languages are color-coded according to
the cultural areas defined in Siegel [198].

carded languages with less than 2,000 phrases on the list, resulting in four languages (English,
French, German, Spanish) for analysis.

First, we check how many PMI MWE:s are actually in the gold MWESs. Out of the top-500
PMI bigrams and trigrams, 19.0% of bigrams and 3.8% of trigrams are included in the gold
MWE list (averaged over four languages). For example, the trigrams in the PMI MWEs, keep
an eye and take into account, are considered to be in the gold MWEs as keep an eye peeled
and take into account are in the list. The seemingly low percentages are reasonable, regarding
that the PMI scores are designed to extract collocations patterns rather than figurative languages
themselves.

Secondly, to validate using PMI MWE:s as proxies, we compare the LTQ of PMI MWEs with
the LTQ using gold MWEs. Specifically, we obtained the LTQ scores of each language pair with
target languages limited to the four European languages mentioned above. Then for each target
language, we measured Pearson correlation coefficient between the two LTQ scores based on the
two MWE lists. The average coefficient was 0.92, which indicates a strong correlation between
the two resulting LTQ scores, and thus justifies using PMI MWE:s for all other languages.

ESD and Cultural Grouping We investigate what is carried by ESD by visualizing and look-
ing at the nearest neighbors of emotion vectors.” Jackson et al. [105] used word colexification
patterns to reveal that the same emotion concepts cluster with different emotions according to the
language family they belong to. For instance, in Tai-Kadai languages, hope appears in the same

3 A visualization demo of emotion vectors can be found at https://bit.ly/emotion_vecs.
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(a) Network based on Emotion Semantics Dis- (b) Network based on syntactic distance.
tance.

Figure 3.2: Network of languages color-coded by their cultural areas. An edge is added between
the two languages if a language is ranked in the top-2 closest languages of the other language in
terms of feature value.

cluster as want and pity, while hope associates with good and love in the Nakh-Daghestanian
language family. Our results derived from ESD do not rely on colexification patterns, but also
support this finding. The nearest neighbors of the Chinese word for hope was want and pity,
while they were found as love and joy for hope in Arabic.

In Figure 3.2, we compare ESD to the syntactic distance between languages by constructing
two networks of languages based on each feature. Figure 3.2a uses ESD as reference while
Figure 3.2b uses the syntactic distance from the URIEL database [137]. Each node represents
a language, color-coded by its cultural area. For each language, we sort the other languages
according to the distance value. When a language is in the list of top-k closest languages, we
draw an edge between the two. We set k = 2.

We see that languages in the same cultural areas tend to form more cohesive clusters in
Figure 3.2a compared to Figure 3.2b. The portion of edges within the cultural areas is 76% for
ESD while it is 59% for syntactic distance. These results indicate that ESD effectively extracts
linguistic information that aligns well with the commonly shared perception of cultural areas.

Correlation with Geographical Distance Regarding the language clusters in Figure 3.2a,
some may suspect that geographic distance can substitute the pragmatically-inspired features.
For Chinese, Korean and Japanese are the closest languages by ESD, which can also be ex-
plained by their geographical proximity. Do our features add additional pragmatic information,
or can they simply be replaced by geographical distance?

To verify this speculation, we evaluate Pearson’s correlation coefficient of each pragmatic
feature value with geographical distance from URIEL. The feature with the strongest correlation
was ESD (r=0.4). The least correlated was LCR-verb (r=0.03), followed by LCR-pron
(r=0.17) and LTQ (r=—0.31)°. The results suggest that the pragmatic features contain extra
information that cannot be subsumed by geographic distance.

®When two languages are more similar, LTQ is higher whereas geographic distance is smaller.
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3.4 Extrinsic Evaluation: Ranking Transfer Languages

To demonstrate the utility of our features, we apply them to a transfer language ranking task for
cross-lingual transfer learning. We first present the overall task setting, including the datasets
and models used for the two cross-lingual tasks. Next, we describe the transfer language ranking
model and its evaluation metrics.

{Zru,fr >%ar,fr >zzh,fr}

Ter
far,fr - . I
Fons Ranking P
ru,fr D fr
Model
thvfr {ru>zh>ar}

Figure 3.3: Illustration of transfer language ranking problem when the target language is French
(fr) and there are three available transfer languages: Arabic (ar), Russian (ru), and Chinese (zh).
The output ranking 7 is compared to the ground truth ranking 7 which is determined by the
zero-shot performance z of cross-lingual models.

Task Setting

We define our task as the language ranking problem: given the target language [;,, we want

to rank a set of n candidate transfer languages Etf:{lgc), e ,lg?)} by their usefulness when
transferred to l;,, which we refer to as transferability (illustrated in Figure 3.3). The effectiveness
of cross-lingual transfer is often measured by evaluating the joint training or zero-shot transfer
performance [193, 223]. In this work, we quantify the effectiveness as the zero-shot transfer
performance, following Lin et al. [135]. Our goal is to train a model that ranks available transfer
languages in L, by their transferability for a target language ;.

To train the ranking model, we first need to find the ground-truth transferability rankings,
which operate as the model’s training data. We evaluate the zero-shot performance 27, by
training a task-specific cross-lingual model solely with transfer language ;s and testing on [;,.
After evaluating 2z, for each candidate transfer language in L, ¢, we obtain the optimal ranking
of languages 7, by sorting languages according to the measured 2 ,,. Note that 7, also depends
on downstream task.

Next, we train the language ranking model. The ranking model predicts the transfer ranking
of candidate languages. Each source, target pair (I;f, ;) is represented as a vector of language
features f,;, , which may include phonological similarity, typological similarity, word-overlap
to name a few. The ranking model takes f,, of every [, as input, and predicts the transferability
ranking 7,. Using 7, from the previous step as training data, the model learns to find optimal
transfer languages based on f,;, . The trained model can either be used to select the optimal
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set of transfer languages, or to decide which language to additionally annotate during the data
creation process.

Task & Dataset

We apply the proposed features to train a rank-
ing model for two distinctive tasks: multilin-

gual sentiment analysis (SA) and multilingual West Europe: East Europe:
dependency parsing (DEP). The tasks are cho- | Dutch (1089) Czech (54540)
sen based on our hypothesis that high-order = English (1472) Polish (26284)
information such as pragmatics would assist =~ French (20771) Russian (2289)
: . o ] : German
sentiment analysis while it may be less sig- k .
nificant for dependency parsing, where lower- Spanish (1396) Middle East:
order information such as syntax is relatively Arabic (4111)
stressed. East Asia: Persian (3904)
Turkish (907)
Chinese (2333)
SA  As there is no single sentiment analy- = Japanese (21095) South Asia:
sis dataset covering a wide variety of lan- | Korean (18000) :
guages, we collected various review datasets Hindi
Tamil (417)

from different sources. 7 All samples are la-
beled as either positive or negative. In case
of datasets rated with a five-point Likert scale, Figure 3.4: Languages used throughout the ex-
we mapped 1-2 to negative and 4-5 to posi- periments are grouped by their cultural areas
tive. We settled on a dataset consist of 16 lan- [198]. The numbers indicate the size of each
guages categorized into five distinct cultural dataset.

groups: West Europe, East Europe, East Asia,

South Asia, and Middle East (Figure 3.4).

DEP To compare the effectiveness of the proposed features on syntax-focused tasks, we chose
datasets of the same set of 16 languages from Universal Dependencies v2.2 [159].

Task-Specific Cross-Lingual Models

SA  Multilingual BERT (mBERT) [51], a multilingual extension of BERT pretrained with 104
different languages, has shown strong results in various text classification tasks in cross-lingual
settings [133, 204, 224]. We use mBERT to conduct zero-shot cross-lingual transfer and to
extract optimal transfer language rankings: fine-tune mBERT on transfer language data and test
it on target language data. The performance is measured by the macro F1 score on the test set.

DEP We adopt the setting from Ahmad et al. [2] to perform cross-lingual zero-shot trans-
fer. We train deep biaffine attentional graph-based models [58] which achieved state-of-the-art

"Note that the difference in domain and label distribution of data can also affect the transferability, and a related
discussion is in §3.5
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performance in dependency parsing for many languages. The performance is evaluated using
labeled attachment scores (LAS).

Ranking Model & Evaluation

Ranking Model For the language ranking model, we employ gradient boosted decision trees,
LightGBM [115], which is one of the state-of-the-art models for ranking tasks.

Ranking Evaluation Metric We evaluate the ranking models’ performance with two standard
metrics for ranking tasks: Mean Average Precision (MAP) and Normalized Discounted Cumu-
lative Gain at position p (NDCG@p) [106]. While MAP assumes a binary concept of relevance,
NDCG is a more fine-grained measure that reflects the ranking positions. The relevant languages
for computing MAP are defined as the top-k languages in terms of zero-shot performance in the
downstream task. In our experiments, we set k to 3 for MAP. Similarly, we use NDCG@3.

We train and evaluate the model using leave-one-out cross-validation: where one language is
set aside as the test language while other languages are used to train the ranking model. Among
the training languages, each language is posited in turn as the farget language while others are
the transfer languages.

3.5 Experiments

Baselines

LANGRANK LANGRANK [135] uses 13 features to train the ranking model: The dataset size
in transfer language (tf_size), target language (tg_size), and the ratio between the two
(ratio_size); Type-token-ratio (t t r) which measures lexical diversity and word_overlap
for lexical similarity between a pair of languages; various distances between a language pair from
the URIEL database (geographic geo, genetic gen, inventory inv, syntactic syn, phonological
phon and featural feat).

MTVEC Malaviya et al. [143] proposed to learn a language representation while training a
neural machine translation (NMT) system in a simliar fashion to Johnson et al. [109]. During
training, a language token is prepended to the source sentence and the learned token’s embed-
ding becomes the language vector. Bjerva et al. [17] has shown that such language represen-
tations contain various types of linguistic information ranging from word order to typological
information. We used the one released by Malaviya et al. [143] which has the dimension of 512.

Individual Feature Contribution

We first look into whether the proposed features are helpful in ranking transfer languages for
sentiment analysis and dependency parsing (Table 3.1). We add all three features (PRAG) to the
two baseline features (LANGRANK, MTVEC) and compare the performance in the two tasks.
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SA DEP
MAP NDCG MAP NDCG

LANGRANK 71.3  86.5 63.0 82.2
LANGRANK+PRAG | 76.0 90.9 61.7 80.5
- LCR 75.0 833 60.3 79.6
-LTQ 724 893 63.1° 81.3"
-ESD 77.7° 92.1° 582 785
MTVEC 71.1 89.5 430 69.7
MTVEC+PRAG 74.3  90.8 49.7 74.8
- LCR 729 90.1 54.1% 76.3"
-LTQ 712  89.0 53.0° 78.6°
-ESD 73.1  90.7 453 739

Table 3.1: Evaluation results of our features (PRAG) added to each baseline. The higher scores
are boldfaced. Rows in gray indicate ablation studies.

* is marked when improvements are made compared to LANGRANK+PRAG, MTVEC+PRAG
respectively.

Results show that our features improve both baselines in SA, implying that the pragmatic in-
formation captured by our features is helpful for discerning the subtle differences in sentiment
among languages.

In the case of DEP, including our features brings inconsistent results to performance. The fea-
tures help the performance of MTVEC while they deteriorate the performance of LANGRANK.
Although some performance increase was observed when applied to MTVEC, the performance
of MTVEC in DEP remains extremely poor. These conflicting trends suggest that pragmatic
information is not crucial to less pragmatically-driven tasks, represented as dependency parsing
in our case.

The low performance of MTVEC in DEP is noticeable as MTVEC is generally believed to
contain a significant amount of syntactic information, with much higher dimensionality than
LANGRANK. It also suggests the limitation of using distributional representations as language
features; their lack of interpretability makes it difficult to control the kinds of information used
in a model.

We additionally conduct ablation studies by removing each feature from the +PRAG models
to examine each feature’s contribution. The SA results show that LCR and LTQ significantly
contribute to overall improvements achieved by adding our features, while ESD turns out to be
less helpful. Sometimes, removing ESD resulted in a better performance. In contrast, the results
of DEP show that ESD consistently made a significant contribution, and LCR and LTQ were not
useful. The results imply that the emotion semantics information of languages is surprisingly not
useful in sentiment analysis, but more so in dependency parsing.

Group-wise Contribution

The previous experiment suggests that the same pragmatic information can be helpful to dif-
ferent extents depending on the downstream task. We further investigate to what extent each
kind of information is useful to each task by conducting group-wise comparisons. To this end,
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SA DEP
MAP NDCG MAP NDCG

Pretrain-specific | 39.0  55.5 - -

Data-specific 68.0 854 37.2 55.0
Typology 449  60.7 58.0 79.8
Geography 249  55.0 32.3 65.1
Orthography 342  56.6 | 355 60.5
Pragmatic 73.0 88.0 | 465 71.8

Table 3.2: Ranking performance using each feature group as input to the ranking model.

we group the features into five categories: Pretrain-specific, Data-specific, Typology, Geogra-
phy, Orthography, and Pragmatic. Pretrain-specific features cover factors that may be related
to the performance of pretrained language models used in our task-specific cross-lingual mod-
els. Specifically, we used the size of the Wikipedia training corpus of each language used in
training mBERT.® Note that we do not measure this feature group’s performance on DEP as no
pretrained language model was used in DEP. Data-specific features include t £ _size, tg_size,
and ratio_size. Typological features include geo, syn, feat, phon, and inv distances.
Geography includes geo distance in isolation. Orthographic feature is the word_overlap be-
tween languages. Finally, the Pragmatic group consists of tt r and the three proposed features,
LCR, LTQ, and ESD. ttr is included in Pragmatic as Richards [182] have suggested that it
encodes a significant amount of cultural information.

Table 3.2 reports the performance of ranking models trained with the respective feature cat-
egory. Interestingly, the two tasks showed significantly different results; the Pragmatic group
showed the best performance in SA while the Typology group outperformed all other groups
in DEP. This again confirms that the features indicating cross-lingual transferability differ de-
pending on the target task. Although the Pretrain-specific features were more predictive than the
Geography and Orthography features it was not as helpful as the Pragmatic features.

Controlling for Dataset Size

The performance of cross-lingual transfer depends not only on the cultural similarity between
transfer and target languages but also on other factors, including dataset size and label distri-
butions. Although our model already accounts for the dataset size to some extent by includ-
ing tf_size as input, we conduct a more rigorous experiment to better understand the im-
portance of cultural similarity in language selection. Specifically, we control the data size by
down-sampling all SA data to match both the size and label distribution of the second smallest
Turkish dataset.” We then trained two ranking models equipped with different sets of features:
LANGRANK and LANGRANK+PRAG.

In terms of languages, we focus on a setting where Turkish is the target and Arabic, Japanese
and Korean are the transfer languages. This is a particularly interesting set of languages because

Shttps://meta.wikimedia.org/wiki/List_of_Wikipedias
The size of the smallest language (Tamil; 417 samples) was too small to train an effective model.
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the source languages are similar/dissimilar to Turkish in different aspects; Korean and Japanese
are typologically similar to Turkish, yet in cultural terms, Arabic is more similar to Turkish.

In this controlled setting, the ground-truth ranking reveals that the optimal transfer language
among the three is Arabic, followed by Korean and Japanese. It indicates the important role
of cultural resemblance in sentiment analysis which encapsulates the rich historical relationship
shared between Arabic- and Turkish-speaking communities. LANGRANK+PRAG chose Arabic
as the best transfer language, suggesting that the imposed cultural similarity information from
the features helped the ranking model learn the cultural tie between the two languages. On the
other hand, LANGRANK ranked Japanese the highest over Arabic, possibly because the provided
features mainly focus on typological similarity over cultural similarity.

3.6 Related Work

Quantifying Cross-cultural Similarity A few recent work in psycholinguistics and NLP have
aimed to measure cultural differences, mainly from word-level semantics. Lin et al. [134] sug-
gested a cross-lingual word alignment method that preserves the cultural, social context of words.
They derive cross-cultural similarity from the embeddings of a bilingual lexicon in the shared
representation space. Thompson et al. [206] computed similarity by comparing the nearest neigh-
borhood of words in different languages, showing that words in some domains (e.g., time, quan-
tity) exhibit higher cross-lingual alignment than other domains (e.g., politics, food, emotions).
Jackson et al. [105] represented each language as a network of emotion concepts derived from
their colexification patterns and measured the similarity between networks.

Auxiliary Language Selection in Cross-lingual tasks There has been active work on leverag-
ing multiple languages to improve cross-lingual systems [5, 156]. Adapting auxiliary language
datasets to the target language task can be practiced through either language-selection or data-
selection. Previous work on language-selection mostly relied on leveraging syntactic or seman-
tic resemblance between languages (e.g. ngram overlap) to choose the best transfer languages
[217, 233]. Our approach extends this line of work by leveraging cross-cultural pragmatics, an
aspect that has been unexplored by prior work.

3.7 Conclusions and Future Work

In this work, we propose three pragmatically-inspired features that capture cross-cultural similar-
ities that arise as linguistic patterns: language context-level ratio, literal translation quality, and
emotion semantic distance. Our feature analyses validate these features as effective proxies for
cross-cultural similarity, with practical applications demonstrated in selecting the best transfer
language for cross-lingual transfer in pragmatically-driven tasks like sentiment analysis.
Looking ahead, these features open new avenues for research by providing a provisional
quantitative cross-linguistic typology of pragmatics in language. This typology can serve as a
stand-in for cross-cultural similarity in studies and raises intriguing questions about what other
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quantitative features of language may correlate with cultural and pragmatic differences. Ad-
ditionally, fine-tuning pretrained models to downstream tasks has become standard practice in
NLP, but the learning dynamics of these models remain largely obscure. Our proposed features
offer a valuable tool for probing models to evaluate their knowledge of cross-cultural pragmatics.
Exploring how different pretraining tasks influence the learning of pragmatic knowledge presents
an exciting direction for future research. Our work not only introduces innovative features for
analyzing cross-cultural pragmatics but also lays the groundwork for further exploration into the
intersection of language, culture, and machine learning models.
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Part 11

Community Values and Language
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Chapter 4

Uncovering Community Values Through
Social Interactions

Within a single culture, various communities may emerge, each with its own distinct values and
norms. Understanding these community-specific contexts is essential for numerous NLP tasks,
particularly in content moderation, where the goal is to determine whether a given comment
should be moderated (i.e., removed). As prior research has shown, different online communities
adhere to unique rules and norms, making community context critical in this task. However,
existing NLP approaches often overlook this community-specific context, focusing instead on
developing general classifiers, such as toxicity detectors, that capture a broad sense of accept-
ability.

In this chapter, we introduce a framework for measuring the implicit norms and values within
communities, laying the groundwork for improving NLP systems by incorporating community
context. We explore how advanced language models can simulate community preferences, an-
swering questions like, "Would a community prefer a more or less formal comment?” This ap-
proach is inspired by social science literature on social norms and illustrates the potential for
combining NLP with social theory to conduct large-scale, insightful analyses of community be-
havior.

4.1 Introduction

Social norms—the perceived, informal, and mostly unwritten rules that govern acceptable behav-
iors within a community—are foundational to understanding the dynamics of social interactions
and shaping the community’s identity [212]. Social values, in turn, are the deeper ideals and
principles that a community aspires to uphold, guiding the creation and enforcement of these
norms [145]. Social norms and values emerge organically through the interplay of behaviors
[16] and are difficult to grasp without gaining experience of the community firsthand. This com-
plexity poses challenges for new users to assimilate [129] and makes it difficult for automatic
community moderation systems, which lack the nuanced understanding of in-community human
moderators [164].

Previous studies have focused on a small subset of norms outlined by explicit rules, known as
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Figure 4.1: The VALUESCOPE framework. We characterize a comment along a norm dimen-
sion (e.g., formality), outputting the normness scale (e.g., a very casual comment has a formality
scale of 0.1). Then, we predict the return potential, reflecting community preference (e.g., the
number of upvotes). Finally, we plot the return potential against the normness scale using the
Return Potential Model (RPM) to visualize community values.

active norms, to examine active moderation and governance [34, 73, 157, 164]. However, most
social norms remain implicit, subtly revealed through social interactions and reinforced by the
community, presenting significant challenges for computational modeling. Most current methods
either rely on qualitative analysis and case studies [32, 114, 197] or analyze lexical variations,
which offer limited explanatory power and generalizability [202]. Consequently, we ask (RQ1):
How can we identify and measure implicit social norms ingrained in community interactions?
We posit that social norms should not be categorical but understood on a spectrum, reflecting the
diversity of human behavior and social groups [103], thereby defining the notion of normness
scale—the degree of conformity to a norm dimension inspired by Labovitz and Hagedorn [127].

To answer RQ1, we draw inspiration from social science, particularly the Return Potential
Model [RPM; 103], which views norms as dynamic elements shaped by interactions. We propose
a theoretically-grounded computational framework—VALUESCOPE (Figure 4.1)—to quantify
behaviors along social norm dimensions and investigate the interplay of normness scale and
community preference to study the formation and evolution of values. This leads to our second
research question (RQ2): Can we predict the change in community norms based on observed
normative behaviors? To address this question, we extend VALUESCOPE along the temporal
axis to capture the shifts in community norms. We examine whether the magnitude and variance
of community preferences can help predict future changes in norms.

VALUESCOPE offers a scalable framework applicable to diverse online communities and
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norm dimensions, facilitating large-scale analysis of social norm dynamics. Our contributions

include:

1. We introduce VALUESCOPE —a theoretically-grounded framework based on the Return Po-
tential Model (RPM)—to analyze social norms and values within online communities.

2. To operationalize the framework, we develop an innovative modeling pipeline consisting of
a Normness Scale Predictor to measure the scale of social norms in text and a Community
Preference Predictor to quantify community reactions to these variations. We also introduce
novel evaluation methods to validate both individual components and the pipeline holistically.

3. Our work offers new insights into the dynamics of social norms, especially how they evolve
over time. These findings have important scientific and practical implications for social sci-
entists and community moderators, helping them identify norms that are likely to change and
enabling proactive intervention.

4.2 Related Works

Social Science Literature on Social Norms A community represents a collective of individuals
united by shared interests [222] that develop unique norms, linguistic practices, and identities,
cultivating specific in-group languages and norms over time [59, 60, 61, 85]. To analyze these
norms, Jackson [103] introduced the Return Potential Model (RPM), viewing social norms as
dynamic processes influenced by community members’ (dis)approval of behaviors [104]. While
previous studies have applied RPM through qualitative methods in areas like communication
and leadership [83, 95, 160, 208], our work diverges as we computationally analyze implicit
norms and values in online communities at scale, focusing on the interplay between community
preference and behaviors.

Norms in Online Communities Computational studies have examined linguistic norms and
semantic changes in online communities [32, 45, 49, 50, 94, 118, 142, 202]. However, these
often focus narrowly on language use and neologisms, neglecting the wider spectrum of com-
munity values influenced by feedback. While some research has addressed explicit governance
[34, 73, 164] or qualitatively studied implicit norms [114, 197], our approach fills the gap by
(1) focusing on a range of implicit norms (e.g., formality and sarcasm) automatically selected
through a generalizable norm induction process, and (2) analyzing collective community prefer-
ence over behaviors along the selected norm dimensions to capture a comprehensive spectrum of
community values, which can provide more fine-grained and objective measurement for align-
ment [14, 76].

4.3 Methodology

We introduce VALUESCOPE—a theoretically-grounded framework to model social norms and
values in online communities (§4.3.1). This framework is operationalized through a modeling
pipeline consisting of a Normness Scale Predictor (§4.3.2) and a Community Preference Predic-
tor (§4.3.3) to capture two interwoven dimensions of community values.
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4.3.1 The VALUESCOPE Framework

Theoretical Background Community members acquire social adeptness by learning unwritten
rules, or implicit norms, that govern appropriate actions under various conditions, with feedback
from others to guide their behaviors [41, 230]. The Return Potential Model [103, RPM] quan-
tifies these norms by mapping the return potential—expected (dis)approval—across different
behaviors. Individuals in a community adjust their actions based on the learned mental model
of return potential. We propose VALUESCOPE, a computational framework that adapts RPM
to analyze the expected community preference to behaviors with varying normness scales (i.e.,
conforming to a norm dimension to different extents), offering scalable insights into community
values.

Problem Definition Let C be communities, .4 be comments, and D be norm dimensions (e.g.,
sarcasm). For an arbitrary community ¢ € C and norm dimension d € D, VALUESCOPE mea-
sures the normness scale ® via the Normness Scale Predictor, &, : A — R, and the community
preference ¥ via the Community Preference Predictor, ¥, : A — R, of all N comments in c:
A_.." For an arbitrary range of normness scales @/ := [¢/,, ¢/7) (e.g., “somewhat sarcastic”), we
take the set of comments A! ; := {a;|®4(a;) € ®}} with normness scales in the given range,
and let NV, éd = ||A§7d]| be the number of comments in this subset. We compute the community
preference of these comments:

i,d = W( i7d) = {¢1,... aT/JNng v =V (a;),a; € Ai@}»

: N?
. . . . 1 1 c,d .
and the estimated community preference of the given normness scale range: ¢, ; = N > =1 Yy

Finally, we obtain (®7, ¢ ;) as one point on the return potential curve® representing commu-
nity preferences for comments of varying normness scales. For instance, we later show that
r/askscience strongly prefers “very supportive” comments compared to its spin-off

r/shittyaskscience (§4.5).

Differing from the social-science RPM theory, our work proposes bidirectional continuous
normness dimensions to capture behaviors at both ends of a spectrum, such as identifying both
rude and polite comments rather than just measuring politeness. This bidirectionality broadens
the representational span of our analysis, empirically reduces cases where a comment is orthog-
onal to the norm dimension, and leads to easier generalization.

Interpreting VALUESCOPE Via VALUESCOPE, we quantitatively observe a number of fea-
tures of the RPM model proposed in social science literature [103, 136, 160], enhancing our
understanding of community values. Specifically, we use the point of maximum return—the
highest point on the RPM curve—to locate the ideal normative behavior one should follow to
maximize community preference, and the potential return difference—total positive feedback
minus total negative feedback—to discover norm regulation strategies; i.e., whether the commu-
nity tends to use reward or punishment to guide the formation and adaptation of its values.

"Here, we define &, and ¥, to be the vanilla normness scale and community preference; to obtain the distilled
scores derived in §4.3.2 and §4.3.3, we simply take the delta between two comments (a;, a;) to get V@, : (Ax.A) —
R =®4(al) — P4(a;) and VI, : (Ax A) = R=U.(a}) — P.(a;).

2 Alternatively, (V®?, Ay? ) for the distilled RPM plot.
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4.3.2 Normness Scale Predictor (NSP)

The Normness Scale Predictor (NSP) quantifies the extent to which a comment exhibits a spec-
ified social norm and is decomposed into two stages: normness measurement and normness
distillation.

Normness Measurement The measurement module should map a comment to a numerical
score that represents the scale of normness in the comment. We describe the challenges we
tackle to construct a robust norms measurement pipeline. First, the intricacy and complexity of
social norms make them extremely difficult to learn using a small regression model with limited
expressive power and scarce data. Yet, it is not ideal either to use an LLM to score the comments
directly; although LLLMs can perform tasks with few labeled data, they are computationally ex-
pensive or rely on external APIs, posing security risks [86]. To address this, we reformulate the
regression task into a binary classification task inspired by Lee and Vajjala [131]. Instead of
assigning a numerical normness label to a comment, the model only learns the relative normness
of comments. Then, we obtain numerical normness scales using win-rates and mathematically
show that this reformulation is equivalent to a regression task given that we are only interested
in relative differences in normness scales.

The second challenge is the lack of labeled data; to the best of our knowledge, there is no

oracle dataset with normness scale labels. To this end, we automatically label comment pairs
in terms of their relative normness scale using an LLM with high utility [231] to train a student
model [179, 203]. To summarize, we operationalize the NSP via training a lightweight binary
classifier using high-quality synthetic labels and evaluate both the synthetic labels and the trained
classifier with human annotations.
Normness Distillation The normness distillation stage addresses two key challenges. First,
unlike survey-based social science studies, our approach observes normative behaviors post-hoc,
lacking the opportunity to explore “alternative behaviors.” We attempt to recreate the “hypothet-
ical conditions” proposed in Jackson [103], in which the individual considers alternative options
to maximize return [230]. We achieve this with a community language simulation module,
which generate comments identical to the original, except for controlled variations in one norm
dimension. We then apply the normness measurement module to quantify the normness scales
of the transformed comments. E.g., for an original comment, “ty!,” we generate “thank you” by
varying formality, and obtain formality scales of 0.2 and 0.4, respectively.

Second, the unconstrained nature of language brings a myriad of potential confounding fac-
tors biasing the predictions of the NSP, such as content variations and personal linguistic habits.
By varying only one norm dimension and comparing the original and rewritten comments, the
norm distillation stage aims to mitigate these confounding factors. In the above example, com-
paring “ty/” and “thank you” eliminates gratitude as a potential confounder for formality. We
use a series of filters to ensure the quality of the generated text, including fluency and content
preservation, and evaluate with annotations from in-community members.

4.3.3 Community Preference Predictor (CPP)

The Community Preference Predictor (CPP) estimates community reactions to comments, thereby
serving as an indicator of prevailing community norms that govern behavior within online com-
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munities. Similar to the NSP, the CPP also consists of a measurement stage and a distillation
stage.

Community Preference Measurement The measurement stage of the CPP focuses on esti-
mating community preference, which is quantified using net preference scores computed as the
number of upvotes minus the number of downvotes of each comment. Unlike the NSP, which
requires synthetic labeling, the CPP leverages real-world data for training. To capture the nu-
ances of community approval, the CPP accounts for various contextual factors—post titles and
time metadata—in addition to the comments as inputs, and outputs the predicted net community
preference score.

Community Preference Distillation Is a comment receiving more upvotes because of its tim-
ing, its content, or because the amount of sarcasm is just right? To answer such questions, the
distillation stage of the CPP aims to isolate the effects of specific norm dimensions on commu-
nity reactions by calculating the difference in predicted preference between the original comment
and its rewrite (which vary only in one norm dimension), and comparing it with the change in
normness. Returning to the “fy/” and “thank you” example (§4.3.2), the CPP uses identical
contextual information and produces community preference scores of 2 and 5; thus, a preference
increase of 3 can be attributed to a formality increase of 0.2. Overall, this approach addresses
confounders such as temporal dynamics and content differences, by constraining variations to a
single norm dimension and comparing the preference predictions with the original comments.

4.4 Experiments

We outline our data curation process (§4.4.1) and describe experiments done to thoroughly vali-
date the Normness Scale Predictor (§4.4.2) and the Community Preference Predictor (§4.4.3).

4.4.1 Datasets

We obtain data from the Reddit Dump via Academic Torrents, which includes posts, comments,
and their metadata. Our analysis primarily focuses on first-order comments directly responding
to posts from the time period 2019 to 2023.

Inductive Norm Identification Given the flexibility of VALUESCOPE, we can select any norm
dimensions that describe the comments (aka behaviors) in the community. We employ an induc-
tive norm identification process to surface the overarching norms in Reddit communities to use in
our experiments as a proof of concept. First, we assume familiarity of GPT-4 with the top 5,000
subreddits [52], and instruct it to categorize them into 30 broad thematic topical groups such as
finance or politics. Then, we identify the prominent norm dimensions within each category; for
instance, the politics subreddits often consist of argumentative discussions. Consultations with
subreddit experts help prioritize the six most significant norms based on their prevalence and
relevance: Politeness, Supportiveness, Sarcasm, Humor, Formality, and Verbosity.

Subreddit Selection We select the subreddit topics of gender, politics, finance, and science
based on their relevance and on prior work discussing their norms [62, 96, 98, 177]. For each
topic, we take the most representative subreddits out of the top 5,000 SFW (safe-for-work) sub-
reddits based on the size of the subreddit. For the gender topical group, we have r/askmen,
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r/askwomen and r/asktransgender; for the politics topical group, we have r/republican,
r/demcoratsand r/libertarian. Forthe science topical groups, we select r /askscience,
its spinoff subreddit r/shittyaskscience which was created to mock r/askscience,

and a more open variant r/asksciencediscussion that discusses topics in science and
related to science, such as academia [98]. Lastly, for the finance-related topics, we selected the

most popular three subreddits from the top 5,000: wallstreetbets, stocks, pennystocks,

and additionally consider r /wallstreetbet snew, which is the spinoff subreddit of r/wallstreetbets.
Table 4.1 summarizes the topics, subreddits, and dataset sizes examined in this study.

Topic Subreddit Raw Data Synthetic Data
r/askmen 4.56M 1.08M
Gender r/askwomen 2.13M 1.21M
r/asktransgender 1.61M 1.01M
r/libertarian 3.66M 1.00M
Politics r/democrats 534K 922K
r/republican 502K 1.01M
r/askscience 426K 1.23M
Science r/shittyaskscience 185K 761K
r/asksciencediscussion 141K 1.10M
r/stocks 3.51M 1.05M
Finance r/pennystocks 1.23M 1.04M
r/wallstreetbets 49.3M 864K
r/wallstreetbetsnew 655K 784K

Table 4.1: Selected online communities (subreddits) across various topics. For each subreddit,
we show the number of existing comments within the community (“Raw Data”) and the number
of synthetic comments remaining after applying filters to ensure the quality of the simulated
comments (“Synthetic Data”).

4.4.2 Normness Scale Predictor (NSP)

Normness Measurement

Data Preprocessing Each topical group and norm dimension except for the verbosity dimen-
sion * has a dedicated classifier model, enabling comparisons across similar subreddits. Norm-
ness measurement relies on synthetic labels generated through stratified sampling and automatic
labeling. During the sampling stage, comments are rated on a S5-point Likert scale by GPT-3.5
[27] to gauge normness. Then, 10 comments are sampled per scale point per subreddit, re-
sulting in 150 comments per topic (200 for finance with 4 subreddits included). From these,
1,250 comment pairs are randomly selected to create binary synthetic labels using GPT-4 We
train DeBERTa-base [93] with the synthetic labels for each of the 4 topic groups and 5 norm
dimensions.

3Instead of training a verbosity scale classifier, we use the number of characters to intuitively measure verbosity.
Using the character counts, we compute winrates in the range [0-1] to match the scale of other dimensions.
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Gender Politics Science Finance
Acc. Fl ‘ACC. F1 ‘ACC. F1 ‘ACC. F1

GPT-4|81.8 82.4|73.7 75.2/80.8 82.1|81.3 82.2

Val.| 84.4 84.3|83.2 83.1|88.6 88.5|83.9 83.8
Test|78.1 77.9]74.3 74.2183.0 83.0|78.1 78.1

Table 4.2: Normness Scale Predictor evaluation for each topic, averaged across norm dimen-
sions: accuracy (Acc.) and F1 scores (F1). We evaluate GPT-4 generated labels against human
annotations (GPT-4) and the binary classifier predictions against a held-out set with synthetic
labels (Val.) and human annotations (Test).

Evaluation To evaluate the quality of GPT-4 generated training labels and the NSP models, we
curate a high-quality human annotation set of 450 samples for each norm dimension, where each
sample is annotated by 3 annotators with an average inter-annotator agreement, measured by
Fleiss’s kappa, of 0.58. Quantitative evaluation results of the GPT-4 generated synthetic labels
and trained classifiers using human annotations and a held-out validation split of the synthetic
labels are reported in Table 4.2, validating the quality of the NSP models.

Community Language Simulation

The norm distillation stage of NSP employs a community language simulation module to syn-
thesize comments and control for norm variations.

Data Generation To simulate community language, we instruct Llama-3-8B-Instruct [209] to
perform linguistic style transfer while preserving the original content and context. The model
takes post titles and comment content as input and generates five variations of each comment
representing different scales of normness, such as: “Very Toxic,” “Somewhat Toxic,”

“Neutral,” “Somewhat Supportive,” “Very Supportive” for the Toxic—Supportive
dimension.

Data Processing We sample 50K comments - N w EE N T P Kep‘ 'DD ept
per subreddit* to use as the seed comments for mmcm@ — @ —— comn; =
community language simulation. To ensure ) o8 e =S e g perplexit)—(e.g. BERTScore)

the synthetic data quality, we apply prepro-
cessing, lexical, fluency, and content preserva-
tion filters (Figure 4.2) inspired by prior works
in style transfer evaluation [23, 150], remov-
ing 33% of the synthetic comments.

Figure 4.2: Data filtering pipeline, includ-
ing preprocessing, lexical, fluency, and content
preservation filters to ensure data quality, keeps
67% data after filtering.

4The data is sampled from the subset not used to train the community preference predictor, which ensures that
the trained CPP model does not perform any inference on its training data in the community preference distillation
stage.

44



Metric Cont. Sim. Fluency  Authorship Holistic
Threshold roughly similar somewhat fluent human-written suitable

Original 36.0 94.0 81.0 91.0
Synthetic ) 95.9 50.0 71.3

Table 4.3: Human evaluation results of community language simulation. Numbers indicate the
% of original/synthetic comments rated at/above the threshold.

Evaluation Three expert annotators familiar with each topical group evaluated 5 original—
synthetic comment pairs per subreddit, resulting in 195 annotated samples. The annotators
assessed (1) content similarity of the pair, (2) fluency, (3) authorship (LLM or human), and
(4) overall quality (i.e., whether the comment is suitable to be posted in the subreddit) of each
comment. Table 4.3 shows that synthetic data fluently preserves content, and is of good overall
quality. Expert annotators failed to identify synthetic data as machine-generated 50% of the time.
Moreover, postmortem interviews revealed that being “politically correct” is a strong identifier
for machine-ness, and authorship is indistinguishable in science and finance topics. Overall,
these results validate the quality of the filtered data.

4.4.3 Community Preference Predictor (CPP)

Data Preprocessing We take all first-level comments and their associated up-/down-vote counts.
We filter out samples that are deleted, edited, created after 1 day of the post creation time, or cre-
ated within 1 day of the data scraping time as they would skew the true preference.

Models CPP is fine-tuned on the DialogRPT model—a dialog response ranking GPT-2 based
model trained on 133M data from Reddit [80]. Initializing CPP with DialogRPT weights en-
hances its understanding of general dialogue dynamics and community preferences. We train a
distinct CPP model for each selected subreddit; the fine-tuning process customizes the model to
better predict the preference habits of the specific community.

Baselines We investigate the effect of contextual data with 4 input format variants: comment
only, comment+post, comment+post+timestamp, and comment+post+timestamp+author.
Evaluation Following Gao et al. [80], model performance is evaluated using binary accuracy:
whether the relative relations between the predictions and ground truth labels of comment pairs
align. We found that including contextual information such as the post title and time of the
post significantly improves the accuracy, while adding author information only helps in certain
subreddits such as r/1ibertarian. The most performant setup, comment+post+timestamp,
achieved an accuracy of 73.9% (+£4.1), suggesting reliable prediction performance.

4.5 Results

Using the validated NSP and CPP, we explore prevailing norms and values of online communities
by modeling return potentials and analyzing the point of maximum return (PMR) and potential
return difference (PRD) to corroborate our findings with existing work on similar communities
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Figure 4.3: Estimated return potential over normness scales. Formality preferences in politics
subreddits (top) and supportiveness preferences in science subreddits both corroborate prior find-
ings about the communities.

and then uncover additional insights at scale.

Return Potential Modeling (RPM) Our RPM results demonstrate how a community’s pref-
erences varies with the scale of normness. We highlight two key RPM plots—formality pref-
erences in politics subreddits and supportiveness preferences in science subreddits—to validate
VALUESCORPE in Figure 4.3.

In the politics subreddits, community preference for formal to neutral comments is nearly
invariant, but as comments become progressively more casual, there is a steep decrease in pref-
erence across all subreddits. These patterns align with community rules that encourage more
formal interactions (e.g., “quality control” and “no disinformation”) and denounce casual behav-
iors (e.g., “no trolling” and “no spamming”). Higher preferences toward formal comments in
r/libertarian is consistent with its strict guidelines encouraging detailed explanations and
references to policies.

The RPM results of science subreddits show a general disapproval for toxic behaviors that
gradually changes to approval as the comments become supportive. r/askscience and
r/asksciencediscussion—subreddits designated for scientific discussion with guide-
lines discouraging offensive language and encouraging helpful answers—show a stronger pref-
erence for supportive comments than r/shittyaskscience, which is a parody created to
mock r/askscience [98]. Overall, VALUESCOPE effectively surfaces community norms
shaped by guidelines and core premises.

What Are the Ideal Norm Behaviors? The point of maximum return (PMR) signifies the be-
haviors most favored by each community. Figure 4.4 illustrates the PMR for the top 5 subreddits
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Figure 4.4: PMR of the top five subreddits for Serious—Humorous and Toxic-Supportive.
The point of maximum return on an RPM curve describes the “ideal” behavior that would max-
imize community preference. For instance, these results show that r/askscience strongly
prefers supportive comments.
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Figure 4.5: PRD across topical groups, reflecting the feedback strategy used by the community
to regulate certain norms. All studied communities tend to use positive feedback: the gender
related subreddits extensively reward behaviors aligned with their values, while the politics sub-
reddits reward much more conservatively.

across humor and supportiveness dimensions. For instance, r /askscience prefers supportive
comments, as discussed above, and serious comments, which is in line with its explicit commu-
nity rules (e.g., “memes or jokes are not allowed”) and implicit rules identified in prior work;
e.g., “no personal anecdotes” [34]. Additionally, all subreddits show a preference for supportive-
ness over toxicity to varying degrees, which aligns with Redditquette, which are informal values
held by most redditors [73].

Inferring Norm Regulation Strategies Potential return differences (PRD) in Figure 4.5 re-
veal how much communities emphasize rewards (PRD>0) or punishments (PRD<0) to enforce
norms. All communities significantly favor positive reinforcement, indicating a generally sup-
portive atmosphere [103], echoing calls for positivity in Redditquette [73]. Moreover, punitive
measures are ineffective in maintaining prosocial communities [48, 154, 197].

Feedback intensity distinctly varies across topics. Gender-related subreddits extensively re-
ward behaviors aligned with their values, suggesting a strong preference for promoting norms
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NI-only NI+CR

2 2
eyt R* eny ecr R

Politeness 0.26 0.17 0.16 -0.14 0.23
Supportiveness 0.16 0.04 0.05 -0.13 0.10
Sarcasm 042 0.13 045 -0.13 0.14
Humor 0.50 0.27 0.50 -0.13 0.28
Formality 040 0.17 0.27 -0.07 0.18
Verbosity 2.57 0.09 257 -035 0.09

Table 4.4: Coefficients of NI and C'R, and R? of two linear regression models (N I-only and
NI+CR).

that enhance inclusivity and respect. In contrast, politics subreddits are more conservative with
rewards, possibly due to explicit rules against “disproportionate upvoting,” “brigading,” and ‘“up-
vote spam,” which aim to prevent bias. These regulations may contribute to more measured re-
wards. Lastly, PRD variations across norm dimensions reveal which normative behaviors are
most regulated. The serious—humorous, genuine—sarcastic and concise—verbose dimensions wit-
ness the most intense regulation in all topical groups, suggesting the importance of tone and
authenticity of interactions in cultivating social identity [24].

Findings in this section validate VALUESCOPE and, more importantly, allude to the impact of
moderation on social norms and potential applications of VALUESCOPE: if undesirable behaviors
are detected to rise, moderation strategies should be updated to maintain healthy community
norms.

4.6 Analysis

To address RQ2—Can we predict the change in norms based on observed normative behav-
iors >—we study the fluidity and stability of social norms and its implications using VALUESCOPE
and social science theories, specifically norm intensity and crystallization [103, 160], then ana-
lyze their temporal changes in the context of external events and internal community conflicts.

Norm Crystallization Social norms are constantly evolving. Understanding such changes and
their predictive features can help community moderators respond effectively. Jackson [103] in-
troduces the concepts of norm intensity (N 1) and crystallization (C'R). N I measures the magni-
tude of community (dis)approval of behaviors at a given normness scale, indicating how strongly
the community cares about the norm, while C'R represents the level of consensus on the prefer-
ence.

Taking the year 2021 as a cutoff, we test the predictive power of N/ and C'R on upcoming
temporal changes (T'C' := ANI) with a linear regression model. We use results from VAL-
UESCOPE predictions and follow implementation defined in Linnan et al. [136]. Our results in
Table 4.4 show that NI and NI + CR are both significant predictors of 7'C’, while adding C'R
increases the coefficient of determination R? significantly. Additionally, higher norm intensity
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Figure 4.6: Temporal changes in average norm intensity for politics and finance subreddits.
Comments were binned by 6 month intervals based on their posting date. For instance, a point
for 2020.25 represents the average norm intensity of comments posted from January to June
2020. The vertical lines mark two events: the U.S. presidential election and the creation of
r/wallstreetbetsnew, highlighting changes before and after these events.

and less crystallization (i.e., community members have strong opinions but less agreement) are
correlated with larger shifts in norm intensity. Our findings support Jackson [104]’s hypothesis
that these volatile instances are more likely to generate conflicts and trigger changes in norms.
This demonstrates VALUESCOPE’s potential to help moderators identify and proactively address
norms likely to change by setting explicit community rules.

Temporal Change in Norm Intensity We further investigate how /NI changes over time, par-
ticularly in relation to external events. Figure 4.6 shows NI of the humor and supportiveness
dimensions from 2019-2023 in politics and finance subreddits.

For politics, a significant event during this period is the 2020 U.S. presidential election, repre-
sented by the vertical line in the plot (corresponding to July-December 2020). Our results reveal
highly similar patterns of norm shifts in r/republican and r/democrats, characterized
by a steep increase of community preference of humor and supportiveness during the election pe-
riod. Following this peak, both dimensions experienced a continuous decline until 2023. On the
other hand, r/1ibertarian bears a notable increase in supportiveness over time and was not
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community shift / norm dimension politeness supportiveness sarcasm humor formality

r/wallstreetbets — r/wallstreetbetsnew (925.6) -0.003 0.013 0.003 0.005 0.018
r/wallstreetbets — r/stocks (2157.6) 0.084 0.092 -0.044  -0.062 0.131
r/wallstreetbets — r/pennystocks (1052.0) 0.091 0.094 -0.023 -0.084 0.063
r/askwomen — r/askmen (717.4) -0.015 -0.022 0.026 0.036 0.004
r/republican — r/democrats (223.8) 0.026 0.016 0.036 0.018 -0.008

Table 4.5: User behavior shifts in select subreddit transition pairs. Gray cells indicate changes
that are insignificant (p > 0.05); red and green cells represent significant negative and positive
changes.

impacted as much by the election. These results suggest that external events, such as elections,
could potentially shape the overall norms in online communities.

For finance subreddits, a notable event was the creation of r/wallstreetbetsnew—
a spinoff from r/wallstreetbets—in 2021 by members dissatisfied with the culture of
r/wallstreetbets in an attempt to create a less toxic environment focused on serious
trading strategies on risky stocks.” Among the finance subreddits, our results show that the
NI of r/wallstreetbetsnew starts diverging from r/wallstreetbets and begins to
resemble the NI of r/stocks and r/pennystocks, becoming more supportive and less
humorous over time. This finding aligns with Zhang et al. [228] in showing that new com-
munities establish their own identities and norms over time. Additionally, after the creation of
r/wallstreetbetsnew, the NI of r/wallstreetbets also shifts, becoming less sup-
portive and more humorous. This suggests that the culture of the original community may be
influenced when some members leave to form a new spinoff community as explored below.

Community Norm Adaptation by Users Social norms can influence the behavior of commu-
nity members [146], so we examine how individual users modify their language and interaction
styles based on the subreddit they are participating in. We define user-level norm behavior in
a community as the average NI of comments left by the specific user in that community. For
related subreddits with shared users, we compute the change in normative behavior of these users
when they switch from subreddit A to subreddit B using a paired two-tailed t-test (Table 4.5).

Our results reveal significant variability in user normative behaviors between the selected
subreddit pairs. For example, users in r/wallstreetbets, known for its usage of profane
jargon and aggressive trading strategies [96], significantly modify their behaviors in r/stocks
and r /pennystocks, but adapt much less in the spinoff subreddit r /wallstreetbetsnew.
Additionally, user behaviors tend to remain consistent in identity-related subreddits (e.g., r /askwomen,
r/askmen) or those with competing relationships (r/republican, r/democrats). These
findings highlight the context-specific nature of community norm adaptations by users. We also
observe that users are more likely to change their formality to fit different subreddit contexts than
other dimensions, such as humor, indicating that certain norms are more malleable and adaptable
than others.

3As one user noted: “The moderators in the original r/wallstreetbets are driving the narrative away
from $GME and $AMC and the vibe is very negative/toxic over there” (paraphrased from a subreddit post in
r/wallstreetbetsnew).
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Different extents to which users adapt their language to the audience suggest that digital
identities are fluid and context-dependent. This can inform the development of tailored modera-
tion tools to align with the behavioral norms of specific communities, potentially improving user
experience and engagement on a more fine-grained level.

4.7 Conclusion and Future Work

We introduced VALUESCOPE, a novel framework based on the RPM theory from social science,
to quantify social norms and values at scale. We comprehensively validated the effectiveness
of VALUESCOPE to assess the normness of behaviors and predict community preferences while
controlling for confounders. VALUESCOPE enables numerous quantitative analyses, including
predicting norm shifts and contextualizing temporal changes with external events, providing a
deeper understanding of social norm dynamics in online communities.

Our work contributes a robust and generalizable method that can be easily extended to various
norms and communities. It opens up many exciting possibilities for applications and future
research:

Computational Modeling Applications Our framework can enhance community moderation
tools by integrating theoretically grounded insights, such as maximum return potential, to re-
fine toxicity detectors. It can also guide generation models to produce contextually appropriate
responses specialized to each community’s unique norms.

Applications for Social Scientists Our method empowers the development of new hypotheses
about social norms, by providing social scientists with enhanced tools to explore how norms
form and influence social interactions within communities.

Support Tools for Communities VALUESCOPE can enhance community management by en-
abling moderators to monitor and address norm shifts in real-time. It can help transform widely
accepted but informal norms into explicit rules, clarifying guidelines and easing new member
integration. This approach is applicable in various settings (e.g., workplaces) where it can guide
individuals on appropriate cultural expressions, improving their integration and acceptance. Plat-
form developers can use this method to refine community recommendation engines, aligning
users with groups that match their preferences and values, thereby enhancing user engagement
and community growth.

Ethical Considerations

We use publicly accessible LL.Ms to conduct this research, which includes generating more toxic
versions of comments. In our investigation to understand the implicit norms of online commu-
nities, our experiments inevitably produced toxic content to measure how communities react to
toxicity. However, we believe the benefits of our research outweigh the risks, as community
moderators and platform developers can use our framework to understand the implicit norms in
various communities, especially in response to toxic content, and self-assess and monitor their
culture. The generated toxic content was only used to compute aggregated metrics to identify
high-level patterns, and it will not be released to the public. To ensure reproducibility while
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protecting the rights of Reddit users, we will only release the IDs of the comments used in our
analysis. Using these provided IDs, practitioners will need to independently fetch the comments
from the publicly accessible Reddit Dump.
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Chapter 5

Community Norms and Community
Moderation

Building on the previous chapter’s exploration of implicit community norms and values, we now
shift our focus to the explicit rules that govern community moderation. While reward systems,
such as likes and dislikes, reflect implicit community norms, explicit community rules define
what behaviors are acceptable or unacceptable within a community. Community moderation is
typically guided by these rules, which vary from one community to another. In this chapter, we
propose several models that incorporate community context and rules into the content moderation
process, improving the ability to detect and explain norm violations. To enable these models, we
introduce a new dataset, NormVio, which includes instances of community moderation along
with contextual information about the communities and their rules. Our analysis of the model
results provides further insights into the distinct ways communities operate and apply different
rules in moderation, highlighting the need for community-aware approaches in NLP.

5.1 Introduction

Online communities establish their own norms of what is acceptable behavior [46, 108, 178].
These norms run the gamut from no hate speech or no personal attacks to more idiosyncratic
expectations of content formatting and content sharing [34, 74]. Community moderators are re-
sponsible for identifying and removing rule-breaking content, regardless of whether users violate
rules intentionally or unintentionally due to unfamiliarity with community norms.

Moderators of online communities often face a tough challenge of triaging the massive flow
of content [56, 120, 121]; for example, over 2 billion comments were posted to Reddit in just
2020." Moderators have looked to technology to help support their role, using regex-based tools
like Automoderator to flag potentially rule-breaking comments [107]. Prior work has aimed to
assist by developing machine learning techniques to recognize unacceptable content—yet these
have focused on only the most socially-harmful violations, such as hate speech. Furthermore,
the rules moderators enforce vary widely both in their formulation and interpretation across com-
munities, making a one-size-fits-all approach increasingly brittle. Since successful moderation

Thttps://backlinko.com/reddit-users#reddit-statistics
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relies on fine-grained understanding of a given community’s norms, we present a new dataset and
models for community-specific, contextualized norm violation detection for over twenty types

of norms.

We introduce a new approach to context-
sensitive automated content moderation that
explicitly encodes community norms. Using
a new dataset of 51K conversations across
3.2K communities, we show that the most
commonly-studied norm violation behavior in
NLP, hate speech, corresponds to a small mi-
nority of cases in which moderators intervene
in practice. We then create multiple models
to detect when moderators intervene and why
they intervene, adapting to the norms and rules
of a community.

Our paper offers the following four contri-
butions towards advancing the future of NLP
in community and context-specific modera-
tion. First, in a large scale analysis of rule
and moderation behavior, we show that sub-
reddits vary considerably in their rules, with
only some common themes. However, in
practice, most rules are not enforced and, fur-

Q. Does this comment
violate a community norm?

Previous Message

He got COVID-19 after
saying "not a real pandemic”

| exclaimed “HA!” really loud in my

room at 6:30AM reading this
Model Model
without

with context
context l

WV,

Linux rules :)

Incivility

Community Info
r/Windows10

ther, the enforcement of some types of rules,

e e : Model | Model
e.g., incivility, is highly varied across commu- without il
nities. Second, we introduce a new dataset, context context
NORMVI10, of 51K conversations across 3.2K V. v
subreddits and map the 25K rules from these VigBSoon Trolling
communities into nine categories of context- ¢

specific unacceptable behavior, including five
types of incivility. Third, we introduce a
new series of models aimed at detecting and
explaining rule-violating behavior based on
norms and rules of the community. Our ap-
proach enables not only identifying that con-
versation in a particular community (with par-
ticular rules) is likely to violate a rule, but also
which rule. We demonstrate the effectiveness of these models, showing our best model attains an
F1 of 78.64 across all rule types, a 50% improvement over context-insensitive baselines. Finally,
we perform an in-depth analysis of how much conversation context and community-sensitivity
affects predictability. Our work points towards key challenges in detecting particular rule viola-
tions, while providing high accuracy in others, which can allow moderators to quickly intervene.

Figure 5.1: Two example comments that were
moderated due to violating community norms.
The examples highlight the importance of con-
texts (i.e. conversation history and community
information) in detecting community norm vio-
lation.

' All example comments used in this paper are lightly paraphrased to preserve privacy.
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More generally, our work provides a clear next step for NLP to look beyond one-size-fits-all
methods for detecting incivility to developing holistic, context-sensitive approaches that better
suit the needs of moderators and their communities.

5.2 NORMVIO Dataset

Prior work has created datasets used to detect single types of norm violations in social media
messages (e.g. incivility, hate speech or hostility) [79, 219]. However, these datasets typically
focus on isolated texts and do not provide prior conversational context or community-specific
details.

In order to detect representative types of norm violations and account for context, we con-
struct a new dataset—NORMV10—a collection of 52K English conversation threads on Reddit.
NoRM VIoincludes comments removed for violating a variety of community norms beyond the
traditional hate speech and incivility, such as spamming or violating community format/topics.
Furthermore, NORM V1Oprovides additional context beyond the norm-violating comment itself
with (a) the entire conversation thread (i.e., the original post and prior comments) and (b) the
subreddit (i.e., community) in which the comment was posted.

Data Collection We collected our initial data via the Reddit API, which provides list of moder-
ators and their comments for each subreddit. For each of the top 100K most popular subreddits,?
we identified the most recent 500 comments from each moderator and retrieved comments that
moderators posted in response to a removed comment (henceforth, moderation comments).

Moderation comments often provide useful signals for inferring which community norm was
violated. From the full set of moderation comments, we selected those that contain a phrase
explicitly stating the rule number (e.g. “this comment violates Rule 2”) or the exact text of one
of its subreddit’s rules (e.g. “don’t be rude”).

We then fetch the entire conversation thread for this set of moderation comments: the original
post and all parent comments prior to the moderator’s comment. We also fetched the norm-
violating comment that was removed by moderators, by searching archived comments via the
Pushshift API [11].3

The final dataset is comprised of 20K conversations that have the last comment removed
by one of the moderators of the community. Following the approach in Chang and Danescu-
Niculescu-Mizil [35], we include 32K paired unmoderated conversations as a control set. Each
moderated conversation is matched with up to two unmoderated conversations from the same
post and with most similar conversation lengths as the target moderated conversation.

Ethical Considerations for Protecting User Privacy Our dataset focuses, in part, on com-
ments that moderators have viewed as objectionable and therefore removed. While these mod-
erated comments are still publicly available, their use requires additional ethical reflection and

2Ranked by number of subscribers as of April 2021

3We were unable to retrieve an additional 21K removed norm-violating comments, which were unavailable in
the PushShift archive. We still include these corresponding conversations in our data release as they can be useful
in the task of forecasting future norm violations.
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precautions to preserve the dignity and privacy of users [210]. Moderated comments offer sig-
nificant benefit to the study of supporting moderators and authorities in their goals of having
supportive technologies that match their community’s norms. At the same time, users who made
those comments may object to having them included in a dataset [75]. Therefore, we take addi-
tional measures to ensure that user privacy is protected, especially for the deleted comments.

We use Reddit data through Pushshift [11], an archive that has been widely used in NLP and
related fields since its first release in 2015 [54, 97, 117, 188, among many others]. Pushshift’s
collection policy explicitly states that it conforms to Reddit’s rules and user agreement with re-
gards to data collection. In releasing our dataset, we provide only the associated identifiers of
comments but not their textual content. Practitioners will need to independently fetch the texts
from Pushshift by using the provided comment IDs. Releasing only IDs ensures that any users
who request their data to be removed in Pushshift will also have it removed in our dataset. Ad-
ditionally, in our dataset we anonymize individual usernames and personal identifiers of posters
and moderators. Finally, along with our data release, we provide guidelines to the users who
wish to delete their comments from the Pushshift dump.

Classification of Community Norms Mod-
erator comments as well as rules defined in  Rule Types F1 Rule Types F1
each subreddit are free-form and diverse, and — Advertising 71.0 NSFW 882
it is not trivial to map the rule/comment to a  Moderation )
specific community norm it refers to. In or-  Enforcement 87.0  Off-topic 63.5
der to study norm violations, we thus first train ) ) Personal
classifiers that given a rule description label it Copyright/Piracy  70.6 Army 43.2
with a type of norm it violates. Doxxing 75.4 Personality 81.9
We follow Fiesler et al. [74]’s qualitative =~ Format 73.5 Politics 85.7
analysis of 1K subreddits, that identified main ~ Harassment 67.9 Reddiquette 83.2
categories of rules through annotating 3,789  Hate Speech 84.2 Reposting 814
rules from the subreddits.* We then use the Images 65.1 Spam 86.9
annotations from [74] to fine-tune a BERT- Outside Content  68.0 Spoilers 76.7
based binary classifier for each rule type.” Ta- Low-Quality .
ble 5.1 shows the list of the resulting 21 cat- Content 45.6  Trolling 96.0
egories of community norms and the perfor- Voting 85.6
mance of our classifiers evaluated using macro  A\vERAGE 753

F1 scores with stratified 10-fold cross valida-

tion.

We use the final models to map 183K rules
from the top 100K subreddits to their corre-
sponding rule types. Table 5.2 shows the ex-
amples of labeled community rules randomly sampled from our data. Finally, we classify mod-

Table 5.1: Macro F1 of classifying the diverse
sets of rules across subreddits to rule violation

types.

4Out of 24 categories, we exclude the ones describing the tone of rules (whether a rule is “Prescriptive” or
“Restrictive”) and one (Behavior/Content) that is extremely broad, covering over 90% of coded rules.

SBinary classifiers were used since each community rule can be categorized with multiple types. We used the
default hyperparameters suggested in the Transformers library and trained each model for 20 epochs.
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erators’ explanations of the rule-violating comments in NORMVI10. Because we only kept mod-
erators’ comments that mention a rule number or a rule’s exact text, we can determine which rule
was violated by the conversation.® Using our binary classifiers on rule text, we can now infer the

type of norm that was violated by the moderated (removed) comment.

Although the 21 types are well suited
for fine-grained analysis of rules on Red-
dit, they might leave insufficient number
of examples per type which can make
it more challenging to computationally
model them. We define relatively more
coarse-grained nine types and map the
21 types with the nine types as shown
in Table 5.2. We designed these types
to reflect our interest in text-based anal-
ysis of abusive language. We kept five
different subcategories of uncivil com-
ments (general incivility, trolling, harass-
ment, hate speech, spam) while aggregat-
ing Voting, Reddiquette, and Moderation
Enforcement into a broad "Meta-rules”
category. In the remainder of this paper,

Incivility: {Personality }

“Be civil”

Harassment: {Harassment,
Doxxing}

“Don’t harass others”

Spam:{Spam, Reposting,
Copyright}

“No excessive posting”

Format: {Format, Images,
Links}

“Use the correct tags”

Content:{Low-quality Content,
NSFW, Spoilers }

“No low-quality posts”

Off-topic :{Off-topic, Politics }

“Only relevant posts”

Hate speech:{Hatespeech}

“No racism, sexism”

Trolling:{ Trolling,
Personal Army}

“No trolls or bots”

we only use the coarse-level norm viola-

) Meta-rules:{ Voting, Moderation
tion types.

Enforcement, Reddiquette }

“No Downvoting”

Ultimately, each moderated comment
in NORMVIOhas the following informa-
tion: (1) its subreddit, (2) its conversa-
tion thread, (3) the community-specific
rule violated, and (4) the coarse- and fine-
grained rule types that were violated. To maximize user privacy, all comments are provided as
IDs, the content for which can be retrieved through the Reddit and PushShift APIs.

Table 5.2: The mapping between coarse- and fine-
grained rule types and examples.

Analysis of Community Norm Violations We analyze the types of rules and comments com-
prising NORMVIOwith a focus on what kinds of rules are established by communities, what
kinds of rules are violated in practice, and when in conversations these rules are violated.

The results in Figure 5.2 show that the rule types are evenly distributed over rules (left) while
the actual violations (right) are relatively more focused on abusive language rule types such as
Incivility and Harassment. A large proportion of all rules in our dataset fall under the Format and
Content categories, suggesting that there is a diverse set of community norms, beyond regulating
incivility, needed to operate healthy online communities. Critically, while the majority of efforts

®Any data collection procedure that relies on user-generated labels has the risk to absorb human biases. In our
setting too, there is a risk of moderator biases to be incorporated when we match moderation comments to rules
and violation types. However, in pilot work examining moderator comments with explicit rule violations and those
where we had to infer the rule(s), we found a near-identical distribution of violation types.
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Figure 5.3: Average number of utterances between the original post and the moderated com-
ments.

on identifying abusive language in the NLP community have been focused on hate speech, more
subtle types of incivility are significantly more prevalent in removed comments, which are also
harder to detect [20, 71, 111]. Moreover, only 55% of removed comments are violations of In-
civility and Hate Speech rules, again highlighting the importance of understanding the spectrum
of community norms in designing automated moderation assistance systems.

Figure 5.3 shows the average number of utterances from the original post to the norm-
violating removed comment. Overall, violations related to abusive language such as Harassment,
Incivility, and Trolling occur later in conversations than comments removed for other reasons
(e.g. Spam and Format). This timing has implications for the “forecastability” of violation types.
For example, the average conversation length within the Spam category is about 0.5 which indi-
cates that half of the violations happen in the original post or a reply to it, making it impractical
trying to forecast such violations.

Even though Hate Speech and Harassment are both related to abusive language, comments
removed due to Harassment occur after more interactions. We hypothesize this is because ha-

58



Comment,_

Violation (1) Violates rule, (1)
Non-violation(0)
A Context Encoder =
Context Encoder e 4
LSTM =~ --- —| LSTM LSTM
LSTM — --+ —>{ LSTM > LSTM
A A A
,T T T Uttr. Uttr. Uttr.
Uttr. Uttr. uttr. Sl Enc. Enc.
Enc. Enc. Enc.
comment,_
+
comment_ rule,

Figure 5.4: Structure of the baselines of the two proposed tasks: detecting norm violation (left)
and explaining norm violation (right). Inputs in gray (conversation history and community infor-
mation) are optional context.

rassment and trolling are intentionally expressed in less overt forms to delay the moderators’
intervention. These findings illustrate that with a more representative set of community rules
and a larger-scale dataset, NORM VIOfacilitates deeper understanding of community norm viola-
tion behaviors and provides guidance on more urgent tasks our field should be focusing on for a
practical impact.

5.3 Detecting and Explaining Community Norm Violations

With NORM V10, we can now train models for detecting contextualized, fine-grained community
norm violations. We present two tasks: (1) Detecting community norm violations, and (2) Ex-
plaining community norm violations. The former identifies coarse categories of norm violations
detailed in §6.3, and the latter is aimed at identifying specific local community rules being vio-
lated, to facilitate moderation transparency. For each task, we compare model variants without
or with varying types of incorporated context, including conversation history and community
information (e.g. subreddit name).

Detecting Community Norm Violations In this task we assume a set of pre-defined categories
of norm violations. For each category, we train a binary classifier to detect violations, since the
categories are not mutually exclusive.

As shown in Figure 5.4, we encode a conversational context of arbitrary length along with
community rules. Following Chang and Danescu-Niculescu-Mizil [35], we use a uni-directional
LSTM context encoder. The utterance encoder is initialized with a pretrained BERT model, with
each classifier is then fine-tuned using training data specific to each rule type. The last hidden
state from the last comment is fed into the classifier. The flexibility of this design allows for both
retroactive detection after violations occur (the focus of this work) as well as proactive prediction
of future rule violations.

We experiment with four model variants with different input contexts:
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* (COMMENT : Only the final comment.

* +HISTORY : Past conversation history and the final comment.

* +COMMUNITY : Community information and the final comment. We concatenated the sub-
reddit name in front of the comment (e.g. “r/AskReddit ask anything!”).”

* +HISTORY+COMMUNITY : Conversation history and community information.

Explaining Community Rule Violations In addition to categorizing rule violations by type
(type-based), we develop a model that leverages the specific community rule text to identify vio-
lations in context. This text-based model facilitates explanations of rule violations, and improves
transparency [110]. Such a system could lighten moderators’ workload through highlighting
why they might moderate a comment, enable more productive interventions, and improve the
relationship between community members and moderators.

Similar to the violation category detection task, we construct binary classifiers that detect vi-
olations given conversational and community context. However, as shown in Figure 5.4, the full
input and training procedure are different; we include the community’s verbatim rule description
as a model input. The rule text is appended to the input comment with a special token ([SEP])
added between the comment and the rule to leverage pretrained language models’ ability to infer
relationships between two sentences. Since the precise formulation of the target rule is given as
an input, we no longer need to train one model per rule type; we train one universal model with
all available training data.

NORMVIOcontains information about which rules are violated in each removed comment,
and we use these rule-comment pairs as positive examples. If a comment is tagged for violating
more than one rule, we include all comment-rule pairs as positive examples. We construct nega-
tive training examples using matched unmoderated conversations from NORM V10(described in
§6.3) by adding the text of the violated rule to the corresponding unmoderated conversation.

To guide the model in better discriminating rules, we construct additional negative exam-
ples by mapping each removed comment with an randomly chosen incorrect rule from the same
subreddit (e.g. “Here’s my referral code! [SEP] No Politics”).

Similarly, we experiment with three model variants with different input contexts:

* +RULE : Only the final comment and a rule text.
* +RULE+HISTORY : Past conversation history, the final comment, and a rule text.

* +RULE+HISTORY+COMMUNITY : Both conversation and community history, the final com-
ment, and a rule text.

The main advantage of the text-based model is in its interpretability and generalizability.
Since the model now looks at the community-specific rule texts, the system can provide more
meaningful feedback to moderators and users. For example, instead of saying “potential hate
speech detected”, now the model can be more informative in notifying users that “the comment
has breached our community’s Rule 2: No Racial Slurs”. Moreover, since the model takes free-
form rules as input, it can generalize to unseen rules and novel rule types.

"Note that the model variants without conversation history do not use a context encoder at all and thus have a
smaller number of trainable parameters.
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Figure 5.5: Average and breakdown of Macro F1 scores of the baselines and the model variants.
Error bars indicate 95% confidence interval and the types are sorted by their violation frequency
(percentage below x-axis labels).

5.4 Experiments

Baselines In addition to the seven model variants in §5.3, we consider three baselines that
represent current common approaches:
* MAIJORITY : Majority class baseline.

* PERSPECTIVE : Perspective API’s toxicity score of the final comment to make a binary deci-
sion. For each rule type, a threshold value was tuned to maximize development set F1 score.

* INCIVILHATE : We train a model using just the incivility and hate speech violations from
NoRrMVI10. The test set predictions from the trained model was evaluated over different rule

types.

Training Details We perform an 80-10-10 train/dev/test random split of moderated comments
in NORM V10 and then appended paired unmoderated comments into the same split. The result-
ing number of examples of train/dev/test split was 41667, 5214, and 5131, respectively. We ran
training for five different random seeds and report the average scores of multiple runs except for
MAIJORITY and PERSPECTIVE baselines.

The base utterance encoder is a pretrained Conversational BERT model. Each model was
trained for 10 epochs with an early stopping patience of 5, and with Adam optimizer with a
learning rate of 1e-5. We used a batch size of 32 for models that do not leverage past conversa-
tions and 8 for the ones that use comment history. We used 2 layers of GRUs with a hidden size
of 768 for the context encoder and 2 linear layers for the final classifier.

Evaluation We used macro F1 to evaluate all models. For models in §5.3, at test time we
cannot assume that we know which rule will be violated in a given conversation. We thus create
multiple comment-rule pairs for each comment in the test set by matching it with each commu-
nity rule. Out of the resulting pairs, we mark the pairs that were observed in the original test
set as positive, and the remaining pairs are marked as negative. We refer to these negative pairs
added to the test set of models explaining rule violations as augmented pairs. Note that the test
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sets of models in §5.3 are now different from the text sets in §5.3 and the F1 scores of two tasks
are not directly comparable.

Experiment Results Information from the social context of a comment substantially improves
performance (Figure 5.5). Compared to current approaches for inferring toxicity, all type-based
violation detection model performed significantly better—even for rule violation categories those
approaches are tailored for. While PERSPECTIVE and INCIVILHATE performed better in Inci-
vility and almost comparable with COMMENT and +HISTORY , adding community information
still resulted in a significant improvement of +8.0 absolute increase in F1.

Across all rule violation types, adding the context about community significantly improved
the performance, often resulting in the highest performing models when added. Adding con-
versation history showed mixed results. +HISTORY showed improvements over COMMENT
whereas +HISTORY+COMMUNITY was not necessarily better than +COMMUNITY . Models
with conversation history tend to perform worse on scarce violation types such as Meta-rules
and Trolling; we speculate that this decreased performance is due to the increased number of
parameters from adding context encoder layer to process conversation history and future work
with more examples of these violations may substantially improve performance. This result for
history greatly expands an analysis by Pavlopoulos et al. [167] that found minimal performance
gain when adding a single prior comment to identify toxicity; while we too find minimal im-
provement for Incivility and Harassment norms, adding history does improve the recognition for
other norm violations (e.g., Format and Content) indicating that prior context can be useful.

While the results of text-based violation detection models ( +RULE, +RULE+HISTORY ,

+RULE+HISTORY+COMMUNITY ) and type-based models are not directly comparable due to
the augmented pairs, they were evaluated over the same set of comments so the numbers can
provide a general sense of text-based model performance. An interesting distinction between
the two detection tasks is in how much additional context helps. In type-based models, adding
context made significant improvements in all or in some cases. However, with text-based mod-
els, the performance was relatively more uniform and additional context did not contribute as
much. This result suggests that providing full text of rules may help resolve certain ambiguous
comments and thus the model rely less on the additional context.

5.5 Analysis Perspective IncivilHate
How many violations do current systems g 0 609 |0 359
miss? In part due to their targeted fo- @©

cus, the PERSPECTIVE and INCIVILHATE %

baseline models miss a substantial propor- =1 853 1161 |11 680 1334
tion of the total norm violations.  Fig-

ure 5.6 shows the confusion matrices of 0 1 0 1
the violation detection task, where labels Predicted label Predicted label

are aggregated over all violation types to

test how many violations overall are not Figure 5.6: Confusion matrices of two baselines
captured by these systems.  The results over the norm violation detection task.
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show that PERSPECTIVE and INCIVILHATE fail to recognize 42% and 34% of
all violations, respectively. Moderators on platforms like Reddit must triage huge
numbers of comments daily and this points to a clear gap between current prac-
tice (represented by the baselines) and indicates what moderators act on in practice.

+ Comment +Communit
How does community information () _
help? We observed that adding com- c 1L 43 103
munity information provides the most & f
significant improvements in Harassment )
in Figure 5.5. We now look into the Ha- e 166 39 11 el 144 115
© : : : :
rassment type to understand more about T 0 1 0 1
how did the additional community infor- _
mation actually help to improve the per- - Comment +History
formance. =
What kinds of errors are corrected by g 4800 L 31 0-;‘:
adding community context? By compar- - o)
ing confusion matrices of  COMMENT @) 145 45 1| 125 65 1 E
and +COMMUNITY (Figure 5.7), we L=
find that +COMMUNITY has fewer false 0 1 0 1
positives. Out of 154 false positives from Predicted label Predicted label

the COMMENT model that were cor-
rected in the +COMMUNITY model, 106
(69%) were Incivility violations. Con-
sider the following example:

Figure 5.7: Confusion matrices of COMMENT and
+COMMUNITY for the Harassment detection task
(top), and of [COMMENT and +HISTORY for the
Format violation detection task (bottom).

Comment:

That game’s already dead to 99% of the world a few weeks later, get over it you stupid idiot.
Moderator Comment:

Your comment has been removed for Rule 2. Be civil and respectful. Do not attack or harass
other users or engage in hate-speech.

Paired Rule: Rule 2: Be civil and respectful.

Violation: Incivility

Community: r/classicwow

The final comment in this example could be considered as both a Incivility and Harassment
violation and (COMMENT model labels it as Harassment. Although the moderator refers to the
community’s Incivility rule, the rule mentions “do not attack or harass other users”, which makes
it clear that this example falls into both categories. However, the +COMMUNITY model labels
this comment as Incivility and not Harassment. We speculate that the +COMMUNITY model
learns about what rules exist in each community; #/classicwow has 8 rules and none of them
are about Harassment, so moderators refer to the Incivility rule when moderating Harassment
violations. In other words, depending on the community and their available community rules,
the same comments can be moderated as either incivility or harassment violation. Therefore,
providing the community information can help the model disambiguate this decision and ground
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its moderator support in the norms of the community.

How does conversation history help? Likewise, for the conversation history context, the
largest gain was achieved in the Format type. In Figure 5.7, we compare confusion matrices
of COMMENT and +HISTORY . The result again shows that additional context can help the
model in reducing the false positive rate.

Among the corrected false positives, the most prevalent type mistaken for Format was Spam.
One example of such case is given below:

Comment: UPDATE: I found it! here you go if you need it_LINK _
Violation: Spam (Piracy)

Moderator Comment:

See Rule 1: No Merchandise / Spam

Previous Message:

Does anyone know where to buy this?

If we only consider the final comment, there are two possible explanations for which rule was
violated: 1) Format: the outside link does not follow the community guideline 2) Spam: self-
promotion / promoting specific merchandise is banned. However, the previous message makes it
clear that the author had just posted about a product and then made a self-reply with a link to buy
the product. With this information, model can disambiguate this situation and choose the right
violation type.

5.6 Related Work

Community Norms and Rules Many studies have investigated how online conversations are
moderated and how each community has different norms to ensure a safe environment for discus-
sions [4, 34, 107, 108, 110, 178]. Fiesler et al. [74] conduct an analysis over the rules of Reddit
communities and define 24 types of the rules. They provide a thorough and large-scale analysis
over how the rules are phrased and how rules are different across subreddits. We adopt their rule
categorization and extend it to code actual rule violations.

Chandrasekharan et al. [34] also studied removed comments on Reddit to understand what
types of rules exist on Reddit by clustering the moderator comments and investigated how they
are governed. However, their dataset provides limited context of moderated comments, whereas
we focus on providing a dataset that has enough context and also explicit violation type that can
be leveraged in modeling rule violation.

Context in Detecting Online Abuse Most of the existing datasets for abusive language de-
tection implicitly assumes that comments may be judged independently taken out of context.
Pavlopoulos et al. [167] challenged this assumption and examined if context matters in toxic
language detection. While they found a significant number of human annotation labels were
changed when context is additionally given, they could not find evidence that context actually
improves the performance of classifiers. Our work also examines the importance of context, but
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we do not limit our scope to toxic language detection and investigate a broader set of community
norm violation ranging from formatting issues to trolling.

Beyond Incivility and Hate Speech Jurgens et al. [111] claims “abusive behavior online falls
along a spectrum, and current approaches focus only on a narrow range” and urges to expand
the scope of problems in online abuse. Most work on online conversation has been focused on
certain types of rule violation such as incivility and toxic language [e.g., 4, 35, 229]. In this work,
we focus on a broader concept of community norm violation and provide a new dataset and tasks
to facilitate future research in this direction.

5.7 Conclusions and Future Work

Online communities establish their own norms for what is acceptable behavior. However, cur-
rent NLP methods for identifying unacceptable behavior have largely overlooked the context in
which comments are made, and, moreover, have focused on a relatively small set of unacceptable
behaviors such as incivility. In this work, we introduce a new dataset, NORM V10, of 51K conver-
sations grounded with community-specific judgements of which rule is violated. Using this data,
we develop new models for detecting context-sensitive rule violations, demonstrating that across
nine categories of rules, by incorporating community and conversation history as context, our
best model provides a nearly 50% improvement over context-insensitive baselines; further, we
show that using our models, we can explain which rule is violated, providing a key assistive tech-
nology for helping moderators identify content not appropriate to their specific community and
better communicate to users why. Our work enables a critical new direction for NLP to develop
holistic, context-sensitive approaches that support the needs of moderators and communities.
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Part 111

Personal Context and Language
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Chapter 6

Identifying Social Biases Using Individuals’
Social Attributes

The last part of this thesis addresses the role of personal context in NLP, following our ex-
ploration of cultural and community contexts. Personal context encompasses the unique social
attributes and experiences of individuals, which can significantly influence language use and in-
terpretation. Understanding and modeling personal context is crucial for conducting more con-
trolled analyses and improving text classification. In this chapter, we focus on identifying social
biases in corpora by leveraging individuals’ social attributes, such as those found in Wikipedia
biographies. We propose a methodology for matching social attributes to create controlled com-
parisons, enabling the analysis of how different social attributes, such as gender, race, or sex-
ual orientation, influence the portrayal of individuals in text. Specifically, we use the method
to analyze Wikipedia biographies to uncover content biases related to the LGBT community,
demonstrating the utility of personal social context in revealing systematic social biases.

6.1 Introduction

Alan Turing was prosecuted for being gay in 1952 and underwent a hormonal injection. His
English Wikipedia page describes this situation as “He accepted the option of injections of what
was then called stilboestrol.” which suggests that Turing had little control over the situation. In
contrast, the Russian version describes the same situation as ““ Y4€HbIiH peIII0YET NHHEKITNN
crub0acTposia  (The scientist preferred stilbestrol injections)” which implies that he actively
made the decision and even implies positive sentiment towards the injections. These variations
in phrasing on Wikipedia could suggest that biases and stereotypes about LGBT individuals
manifest differently in English, and Russian-speaking cultures, violating the platform’s “Neutral
Point of View” policy.

In this work, we present computational methods for analyzing biases in multilingual narrative
text, which can help identify social stereotypes and reduce bias. Previous studies have used
Contextual Affective Analysis (CAA) to analyze affective dimensions of power, agency, and
sentiment to reveal biases in movie scripts and newspaper articles [68, 181, 190]. This analysis
relies on connotation frames, lexicons of verbs annotated to elicit implications, which until now

67



have only existed for English. While machine translation of lexicons is possible [152, 180], no
in-language evaluations of connotation translatability or extensive analysis in other languages
have been conducted.

Our goal is to measure the power, agency, and sentiment of people in multilingual text, partic-
ularly in English, Spanish, and Russian. This involves conducting in-language (in Russian text,
are LGBT people portrayed as more powerful than non-LGBT people?) and cross-language anal-
ysis (is the power differential between LGBT people and non-LGBT people greater in English or
in Russian?) by crowdsourcing annotations of connotation frames in the three languages. The re-
searchers use this data to develop multilingual CAA classifiers for power, agency, and sentiment.
The methodology is tested by analyzing how members of the LGBT community are portrayed
on Wikipedia in different languages, revealing that LGBT biographies have more negative con-
notations in Russian, while English and Spanish pages are generally neutral or positive. These
findings align with perceptions of LGBT people in English, Spanish, and Russian-speaking coun-
tries [78].

6.2 Matching Methodology

We introduce a method for identifying a comparison biography page for each page that corre-
sponds to a target attribute, ensuring that the comparison page closely matches the target page in
all known attributes except for the target attribute.'

The concept stems from modifying observational data to mimic the conditions of a random-
ized trial. Researchers create treatment and control groups from the observational data, ensuring
that the distribution of all covariates, except for the target one, is as similar as possible between
the two groups. [184].2 By comparing the constructed treatment and control groups, researchers
can separate the effects of the target attribute from other confounding variables. Matching is
also increasingly being recognized in language analysis. [33, 37, 63, 116, 183]. Here, our target
attribute is gender or race as perceived by editors and readers. Our goal is to create corpora that
balance other characteristics, such as age, occupation, and nationality, which could influence
how articles are written.

Given a set of target articles 7 (e.g., all biographies about women), our objective is to create
a set of comparison articles C from a pool of candidates A (e.g., all biographies about men), such
that C has a similar distribution of covariate as 7 for all attributes except the target one. We
build C using a greedy matching approach. For each t€7, we identify c,.s€.A that most closely
matches ¢ and include ¢ in C. For instance, if ¢ is about an American female actress, ¢y might
be about an American male actor. To find ¢, we utilize the category metadata associated with
each article. For example, the page for Steve Jobs includes categories such as “Pixar people”,
“Directors of Apple Inc.”, “American people of German descent”, etc. While articles may not
always be categorized correctly or with consistent detail, this metadata allows us to focus on
covariates likely to influence how the article is written. Individuals may have relevant traits that
are not listed on their Wikipedia page, but if no editor assigned a category related to those traits,

'All code and data is available at https://github.com/anjalief/wikipedia_bias_public
%Instead of treatment/control, we use target/comparison to clarify that this work does not involve actual “treat-
ment”.
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we have no reason to believe that editors were aware of them or that they influenced the edits. We
describe six methods for identifying c,.s€A. C' AT (c) indicates the set of categories associated
with c.

NUMBER We choose ¢y as the article with the highest number of categories in common
with ¢, as this intuitively represents the best match.

Chest = argmaze,|C AT (¢;) N CAT(t)]

PERCENT NUMBER tends to favor articles with more categories. For instance, a candidate
c¢; with 30 categories is more likely to share more categories with ¢ than a candidate c; with only
10 categories. However, this does not necessarily mean that ¢; has more traits in common with
t—it might simply indicate that the article is more thoroughly written. To mitigate this bias, we
normalize the number of shared categories by the total number of categories in the candidate ¢;:

CAT(¢;) N CAT(t)

Chest = QTG MAT,,

|
CAT (¢

TF-IDF Both of the previous methods assume that all c’ategorges) |are equally significant,
which oversimplifies the situation. A candidate c¢; sharing the category “American short story
writers” with ¢ is likely a better match than one sharing “Living People.” To address this, we
use TF-IDF weighting to give more weight to rarer categories [187]. We represent each ¢;€.A
as a sparse category vector, where each element is a product of the category’s frequency in c;
(m if the category is in C'AT'(¢;), 0 otherwise) and the inverse frequency of the category,
which down-weights broad, common categories. We then select c.s; as the ¢; with the highest
cosine similarity between its vector and a similarly constructed vector for ¢.

PROPENSITY For each article, we calculate a propensity score, estimating the probabil-
ity that the article contains the target attribute [184, 185], using a logistic regression classifier
trained on one-hot encoded category features. We then choose c;.; as the article with the closest
propensity score to ¢’s. While propensity matching is not ideal in our context, first, because it was
designed for lower-dimensional covariates and can fail with high-dimensional data, and second,
because it doesn’t always produce meaningful matched pairs, which hinders manual examination
of matches [183], we include it as a baseline due to its popularity in controlling for confounding
variables.

TF-IDF PROPENSITY We develop an additional propensity score model, using TF-IDF
weighted category vectors as features instead of one-hot encoded vectors.

P1voT1-SLOPE TF-IDF Both TF-IDF and PERCENT incorporate the term m to nor-
malize for differences in the number of categories across articles. However, information retrieval
research suggests that this over-correction can cause the algorithm to favor articles with fewer
categories [199]. To address this, we adopt pivot-slope normalization [199] and normalize TF-
IDF terms with an adjusted value: (1.0 — slope) * pivot + slope x |C AT (c;)|. This method
requires setting the slope and pivot, which control the adjustment’s strength. Following Singhal
et al. [199], we set the pivot to the average number of categories across all articles and tune the
slope using a development set. Tuning the slope is crucial, as adjusting this parameter affects the
selected matches. PIVOT-SLOPE TF-IDF is our novel proposed approach.

In practice, it is unlikely to find close matches for every target article, as some characteristics
of people in the target corpus may not be shared by anyone in the comparison corpus. To address
this, we discard “weak matches”: for direct matching methods, pairs with fewer than 2 categories
in common, and for propensity matching methods, pairs whose difference in propensity scores
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is more than 1 standard deviation away from the mean difference.

6.3 Crowdsourcing Contextualized Connotation Frames

We collected a corpus of multilingual connotation frames in English, Spanish, and Russian.
These annotations ask annotators to evaluate the power, agency, and sentiment of the agent and
theme of verbs in complete contexts drawn from newspaper articles. The connotation frames
differ from existing lexicons in that they are collected in languages other than English and use
complete contexts. Because these affective dimensions can be difficult to define, we took numer-
ous steps to ensure annotations would be of high quality.

We collected a corpus of multilingual connotation frames in English, Spanish, and Russian
by extracting frequent verbs and contexts representative of each verb’s most common usage from
a News Crawl corpus [10], which included tuples with at least one human subject or object us-
ing the noun.person category of WordNet [67]. Annotators from the United States, Russia, and
several South American countries were asked to provide judgments on the power, agency, and
sentiment of the verbs in these contexts. The judgments were aggregated, and connotations were
labeled as positive, neutral, or negative. For each of the three target languages, we collected
power, agency, and sentiment annotations for 300 verbs in three contexts each (900 instances).
For each instance, we collected judgements from three annotators, leading to 32, 400 total anno-
tations.

6.4 Classification of Connotations

Method We aim to develop a methodology for analyzing the portrayal of people in different
languages. To achieve this, we train a supervised classifier on contextualized multilingual anno-
tations to predict a connotation frame label for unseen verbs and contexts. Specifically, we use
pre-trained cross-lingual language models to obtain language-agnostic feature representations,
allowing us to combine different languages in the training and test data. The multilingual em-
beddings of verbs in-context are extracted using XLLM [40], a state-of-the-art pre-trained model.
A logistic regression model with sample weighting is used as the primary classifier, which is
trained on frozen contextual embeddings. Finally, the trained classifier is used to predict conno-
tation frame labels for verbs provided with their context in a target language corpus.

Evaluation We evaluate our model on the contextualized multilingual annotation data. Ta-
ble 6.1 reports macro F1 scores for single-language evaluations, where we train on the training
set of one language (“Src”) and evaluate on the test set of a second language (“Tgt”). Unsur-
prisingly, training and testing on the same language achieves better performance than training on
one language and testing on another. While the cross-lingual model works well in certain cases,
in most cases transferring languages yields a substantial decrease in performance. These results
offer further evidence of the importance of in-language connotations.

We also explore using in-language and out-of-language data in combination. This experi-
mentation is based on the hypothesis that while connotations differ in different languages, there
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Tgt H Src Seubj  Sobj Pow. Agen.

Tgt H Src  Sentyp Senty,; Pow.  Agen. EN 434 43.0 41.1 482
) ' ) ) RU 46.5° 432 41.8 499

EN | ES 38.1 434 295 434 +
RU 411 443 401 414 +ES+RU 450 443 417 50.0°
EN_ 389 66 245 313 ES 495 512 43.6 43.6
. . . ES || +EN 504 51.6 364 455
ES || ES 49.5 51.2°  43.6° 43.6 . .
RU 390 1o 340 389 +RU 51.0 55.0° 42.1 45.6
: : : : +EN+RU 51.8° 54.8 40.8 449
EN 436 492 364 445 RU 464 549 453 499
RUJES 372 493 = 382 427 Ry || 4EN 456 557 441 509
RU 464 549 453 499 +ES 460 592° 421 498
+EN+ES 47.7 53.7 469" 517"

Table 6.1: Macro F1 score of classifiers trained

and evaluated with different target and source Typle 6.2: Macro F1 score of classifiers, where
languages. in-language training data is augmented with
training data from other languages.

may be enough overlap for the cross-lingual model to learn useful signals from out-of-language
data. Table 6.2 shows results. For all connotation dimensions, the best performing augmented
models outperform the non-augmented models.

6.5 Multilingual Affective Analysis of LGBT People

Finally, we demonstrate how the new corpus of annotations and the cross-lingual model fa-
cilitate multilingual analysis by examining portrayals of LGBT people on Wikipedia. Little
prior computational work has studied narratives about the LGBT community, likely due to data
scarcity [149]. To facilitate analysis, we collect a new corpus, titled LGBTB10, which contains
Wikipedia biography pages of LGBT people and provide our analysis.

LGBTBIO Corpus We collected a multilingual corpus of 1,340 Wikipedia biography pages
for people in the LGBT community using Wikidata properties and lists of LGBT people from
Wikipedia. This corpus allows us to analyze how the same person is portrayed in different
languages. However, we cannot draw conclusions from this corpus alone, because we need to
control for overall language differences. For example, if we find that LGBT people have higher
power in English pages than in Russian pages, we cannot determine if this difference occurs
because LGBT people are actually described differently or because English verbs tend to have
more positive power connotations than Russian verbs. Therefore, we built a control corpus by
matching each LGBT person with a non-LGBT person who has similar characteristics using a
matching method we developed in Field et al. [69]. We constructed weighted TF-IDF vectors
from each person’s associated categories to identify matches, and selected the control person as
the one who has the most similar category vector as the LGBT person. Together, the 1,340 pages
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Figure 6.1: Average differences in affective scores in narratives about LGBT people vs. matched
control people across languages. Asterisks indicate scores are statistically different from zero
(x:p<0.05, **:p<0.01). Numbers in the legend indicate the number of biographies in each group.
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Figure 6.2: Average sentiment/power/agency diff scores for narratives of occupation subgroups.

about LGBT people and their matched controls constitute the corpus used for the analysis of how
the same person is portrayed in different languages.

Contextual Affective Analysis of Narratives Describing LGBT People For each language,
we used the best performing model from Table 6.2 to predict contextualized verb annotations
for all sentences that contain a target person’s name or pronoun as the subject of a verb. We
then mapped these verb scores to entities following Field et al. [68]. We report diff score as the
difference between sentiment/power/agency scores in each each article about an LGBT person
and its matched control, averaged across all pairs (e.g. “average treatment effect”); a positive
score means the articles about LGBT people had a higher affect connotation in aggregate.

Figure 6.1 shows diff scores across the entire corpus. The results reveal that English ar-
ticles had significantly positive connotations, while Russian articles had significantly negative
connotations. Spanish articles also had negative connotations, but only agency was statistically
significant. These differences could be influenced by global perceptions of LGBT individuals, as
studies have shown that social acceptance of LGBT individuals varies across countries [78].

In order to further examine possible cultural differences and in recognition that sexual orien-
tation does not reflect an individual’s entire identity, we divide our corpus according to national-
ity, birth year, and occupation and test if additional social theories manifest in our data. In this
proposal document, we only discuss the occupation dimension, while additional results will be
available in the main thesis.
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We focus on the two most common occupations identified in our corpus (Entertainer and
Artist) in order to ensure sufficient sample size. Survey and behavioral studies have suggested
that LGBT people are perceived as better suited to some occupations than others [38, 207]. In
Figure 6.2, we see little difference in how LGBT people of different occupations are portrayed
on Wikipedia in English. However, in Spanish, articles about entertainers have significantly
negative connotations, but articles about people of other occupations do not. Conversely, in
Russian, while entertainers have near-neutral connotations, people of other occupations, such
as politicians, scientists, and activists, are portrayed with significantly negative connotations.
While more investigation is needed, our data offers evidence suggesting that perceptions about
occupational stereotypes of LGBT people may differ across cultures.

6.6 Related Work

Our work follows on a series of prior work: Rashkin et al. [181] introduced sentiment connotation
frames, Sap et al. [190] extended them to power and agency, and Field et al. [68] introduced
the CAA framework. Connotation frames have been used to analyze films, newspaper articles,
and online stories [6, 68, 181, 190]. Rashkin et al. [180] extend connotation frames to other
languages through mapped embeddings, but they do not conduct evaluations against in-language
annotations nor provide multilingual annotations.

Our work is generally consistent with existing literature on cross-cultural biases and online
biographies. Dong et al. [55] show that perceptions of social roles differ across cultures, while
De-Arteaga et al. [47] reveal gender bias in online biographies. Other work has examined bi-
ases in Wikipedia. Wagner et al. [216] show that portrayals of men and women differ across
languages, and Callahan and Herring [28] reveal systematic cultural biases, particularly in biog-
raphy pages.

Several studies in social science literature have analyzed biases and their effects on the
LGBTQIA+ community, for example, examining mental health [3] microaggressions [8], and
sociopolitical involvement [89]. With a few exceptions [53, 65, 149, 192], biased language about
or against the LGBTQIA+ community has not been examined and analyzed extensively in auto-
mated analyses. The closest study to ours is an examination of gender, race, and LGBT portrayals
in 700 popular films [201].

6.7 Conclusions and Future Work

Our work provides methodology and datasets that extend the capabilities of affective analysis to
multilingual settings. While we focus on Wikipedia, our methodology could be used to conduct
analyses in any English, Russian, and Spanish narrative text, which can aid writers in obtain-
ing a neutral point of view and provide insight into social stereotypes, especially when used in
combination with other methods. This framework supports the investigation of a wide range of
research questions, and offers multiple avenues for future work such as improving the multilin-
gual model, expansion to additional languages, investigation of Wikipedia edit histories, and the
incorporation of additional connotations and existing linguistic databases.
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Chapter 7

Socially Aware Empowering Text Detection

The previous chapter demonstrated the importance of personal context in conducting controlled
analyses and revealing social biases. In this final chapter, we explore how diverse social attributes
can be directly leveraged to improve text classification tasks. For instance, determining whether
a statement like ”go get it girl” is empowering or condescending may depend heavily on the
gender of both the speaker and the recipient. In real-world communication, we naturally consider
these personal contexts to interpret the true meaning of text. This chapter presents methods for
modeling and incorporating diverse social contexts into text classification, without the need for
exhaustive data covering all possible scenarios. We introduce the TalkUp dataset and demonstrate
through various experiments how socially-aware models can significantly enhance the accuracy
and relevance of text classification tasks, paving the way for more nuanced and contextually
informed NLP systems.

7.1 Introduction

Empowerment — the act of supporting someone’s ability to make their own decisions, create
change, and improve their lives — is a goal in many social interactions. For instance, teachers
aim to empower their students, social workers aim to empower their clients, and politicians aim
to empower their supporters. A growing body of psychology and linguistics research shows
how empowerment — and disempowerment — can impact people by increasing their sense of
self-efficacy and self-esteem [31, 161].

Understanding how empowerment is conveyed in language becomes more important as lan-
guage technologies are increasingly being used in interactive contexts like education [153], work-
place communication [171, 173], and healthcare [141, 194]. Whether we are building dialogue
agents for mental health support, supplementing children’s education, or analyzing managers’
feedback to their employees, language that empowers or disempowers the reader can have dras-
tically different effects.

With a few exceptions [196, 232], prior NLP research has focused on flagging harmful text,
but there has been much less investigation of what makes text helpful. Other works have studied
related concepts like condescension [218] and implicit toxicity [21, 189, 213], and we build off
of these to construct a dataset that complements those tasks.
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Post 1 , t/relationships

And know that its ok to be sad. Its ok to mourn the loss
of someone you love - whether they were great or they
were awful. Its normal and you shouldnt feel weird or
bad because of it. Good luck :)

\—[ Response: Thanks much. I will keep on keeping on. ]

Is the post empowering? Ambiguous?
—> Disempowering Neutral ' Empowering Yes No
Type of empowerment
| , Has Not Can express Positive
rights | alone T emotions self-image

Poster & commenter agreement?

—> Disagree Neutral | Agree

Post 2 man, r/relationships
4[; little bit of inattention isnt worth breaking up over. ]

\—[ Response: Youre stupid. ]

Is the post empowering? Ambiguous?

—> No Consensus Yes No

Poster & commenter agreement?

— Disagree Neutral Agree

Figure 7.1: Two examples of annotated conversations in TalkUp. Post 1 is straightforwardly
empowering, but Post 2 is inherently ambiguous and could either be interpreted as helpful advice
or as a dismissive, belittling comment. Social context can also affect Post 2’s implications: the
post might elicit different reactions if it were written by a woman to a man or vice versa.

Consider the two examples of potentially empowering interactions in Figure 7.1. Empow-
erment exhibits the importance of social context in understanding the pragmatics of language:
whether an exchange is interpreted as empowering or disempowering may depend on the par-
ticipants’ social roles and the power dynamics implied by their identities, including race, age,
socioeconomic class, and many other social dimensions. Furthermore, empowerment cannot be
easily detected with sentiment or emotion analyzers, since interactions with negative implica-
tures can be empowering (e.g., you can quit!!!), and messages that are positive on the surface can
be disempowering (e.g., you are so articulate for a girl!) [72]. Modern language technologies
do not model social context or deeper pragmatic phenomena, and thus are unable to capture or
control for empowerment.

This work makes concrete steps towards understanding these linguistic phenomena by in-
vestigating the following research questions: [RQ1] What makes language empowering, and
how is it manifested in language? [RQ2] Can empowerment be detected with computational
approaches?

Our contributions are threefold: (1) We introduce the new task of empowerment detection,
grounding it in linguistic and psychology literature. (2) We create TalkUp, a novel dataset of
Reddit posts labeled for empowerment, the fine-grained type of empowerment felt by the reader,
and the social relationships between posters and readers. (3) We analyze the data and demonstrate
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how it can be used to train models that can capture empowering and disempowering language
and to answer questions about human behavior.

Ultimately, TalkUp aims to assist future researchers in developing models that can detect,
generate, and control for empowerment, and to facilitate broader exploration of pragmatics. We
have by no means covered every possible social dimension, but by focusing on a few social fac-
tors in the simplified setting of two-turn dialogues, we hope that TalkUp’s framework can make
strides toward understanding language in more complex social interactions, such as conversations
involving intersectionality as well as longer multi-turn dialogues.

7.2 Background

We discuss empowerment following its definitions in clinical psychology [31]. We find this
most appropriate for studying language because clinical psychology practice is usually centered
around dialogue between clinician and patient, and because it involves concrete implications
about individuals rather than vague cultural phenomena. Thus, summarizing the different char-
acteristics of empowerment described in psychology literature, we define empowering text as
text that supports the reader’s rights, choices, self-fulfillment, or self-esteem.

Incorporating empowerment in dialogue agents, mental health support chatbots, educational
assistants, and other social-oriented NLP applications is clearly a desirable goal. However, em-
powerment is inherently challenging to operationalize for several reasons. First, it is a flexible
term that describes a wide range of behaviors across many domains — empowerment in eco-
nomics, for example, looks very different from empowerment in a therapy session [148]. We
follow recent literature outside of NLP in trying to distill these varied interactions into a concrete
definition. Second, empowerment is implicit: it is often read in between the lines rather than de-
clared explicitly. Text might be empowering by reminding someone of their range of options to
choose from, encouraging them to take action, asking for and valuing their opinion, or even val-
idating their feelings [31]. Third, empowerment is heavily dependent on social context: whether
or not a person is empowered depends on who is saying what to whom. We incorporate these
consideration in our data collection process described next.

7.3 The TalkUp Dataset

We now discuss the construction process of the TalkUp dataset.

Annotation Scheme Our annotation task was shaped through multiple pilot studies, where we
learned that context is useful for judging a post, annotators’ free-response descriptions of social
roles lack consistency, and posts are often inherently ambiguous. Based on these insights, the
final task, which is illustrated in Figure 7.1, consists of three main parts:

(1) Rating the post on an empowerment scale. This scale has “empowering” on one end,
“disempowering” one the other, and “neutral” in the middle. We define text to be empowering if
it supports the reader’s rights, choices, self-fulfillment, or self-esteem, and disempowering if it
actively denies or discourages these things. Notably, posts that discuss an external topic without
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making any implications about the conversants, such as a comment about a celebrity’s lifestyle,
are defined as neutral.

(2) Selecting why a post is empowering or disempowering. We adopt the 15 points from
Chamberlin [31], with slight modifications to adapt them to written text, as reasons why a post
can be empowering to a reader. If a post is empowering, it should imply one or more of these
reasons (e.g. that the reader is capable of creating change), and if it is disempowering, it should
imply the opposite (e.g. that the reader is not capable of creating change).

(3) Selecting whether the poster and commenter have agreeing or disagreeing stances. We
define “agreeing” and ‘“disagreeing” loosely in order to accommodate a wide range of social
relationships: ‘“agree” means that the poster and reader support the same point of view on a
topic, whether it be politics, sports teams, or music preferences. “Disagree” means that they take
opposing sides.

Data Source TalkUp consists of English Reddit posts from RtGender [214], a collection of
25M comments on posts from five different domains, each labeled with the genders of the com-
menter and the original poster. We take advantage of the fact that these conversations are already
annotated for gender, which provides contextual information about who is speaking to whom and
allows us to explore at least one dimension of social context. !

Though RtGender contains posts from several platforms, given our focus on conversational
language, we specifically selected RtGender posts from Reddit because they were the most gen-
eralizable and contained natural-sounding conversations. We manually chose five subreddits,
aiming to include (1) a diverse range of topics and user demographics, and (2) discussions that
are personal rather than about external events unrelated to the conversants. The subreddits are
listed in Table 7.1.

We filtered data from these subreddits to exclude posts or responses that exceeded 4 sentences
in length or were shorter than 5 words. Additionally, we excluded posts with "Redditisms”, and
posts that were edited after they were initially posted (marked “EDIT:” by the original poster)
and posts that began with quoted text (marked “>"") were removed.

From pilot studies, we found that models can help to surface potentially empowering posts
and help increase the yield of posts that were actually labeled as empowering by annotators. We
trained a RoBERTa-based regression model with the data we collected from the pilot studies to
predict the level of empowerment (0 for disempowering, 0.5 for neutral, 1 for empowering) in
Reddit posts. We used this model to rank and select the top-k posts for annotation, and continu-
ally updated the model as we collected more data. To ensure we annotate a diverse range of posts,
our final annotation task was done with half model-surfaced posts and half randomly-sampled
posts.

Annotation on Amazon Mechanical Turk With 1k model-surfaced posts and 1k randomly-
sampled posts spread evenly among the five subreddits, we collected annotations via Amazon
Mechanical Turk (AMT). Each example was annotated by 3 different workers.

'We only consider men and women here due to the availability of data. We were not able to find any corpora
that included nonbinary genders, but this is an important area for future work. Though we focus on gender, there
are many other social variables that may impact empowerment, such as race and socioeconomic status.
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Size #E #D #A W

TalkUp 2000 962 129 267 43
AskReddit 400 186 26 43 47
relationships 400 199 35 83 72
Fitness 400 193 28 64 14
teenagers 400 173 29 48 34

CasualConversation 400 211 11 29 50

Table 7.1: Data Statistics of TalkUp and breakdown of five subreddits in the data. #E: number
of empowering examples, #D: number of disempowering examples, #A: number of ambiguous
exmaples, %W: percentage of women posters in the data.

To ensure high quality annotations, we required annotators to have AMT’s Masters Qual-
ification,? a task approval rate of at least 95%, and a minimum of 100 prior tasks completed.
Additionally, since our task requires English fluency, we limited annotators to those located in
the US or Canada. Workers were compensated at $15/hour, and we calculated the reward per
task based on the average time spent on each annotation in our pilot studies.

Following best practices to increase annotator diversity [30], we staggered batches of data
to be released at different times of day over multiple days. After each batch was completed,
we manually quality-checked the responses and computed each annotator’s standard deviation.
We discarded data from unreliable annotators, including those who straightlined through many
annotations with the same answer, those who clearly had not read instructions, and those whose
alignment scores were more than 2 standard deviations from the mean. Annotator alignment
scores were calculated by dividing the number of disagreements by the number of agreements
between their label and the majority vote. We subsequently released new batches to re-label data
previously annotated by the identified unreliable annotators.

Data Statistics We combined the maybe empowering with the empowering label, and did the
same for the disempowering labels. We then used majority voting to aggregate the three annota-
tions into the final labels for empowerment, ambiguity, and stance for each post. When all three
annotators disagreed on the empowerment label (i.e., one vote each for empowering, neutral,
and disempowering), we marked it as No Consensus and considered it an ambiguous case. For
reason labels, where annotators can mark more than one categories per example, we only kept
the reason labels that were marked by at least two annotators.

Table 7.1 shows the overall size of our dataset and the distribution of labels, the number of
ambiguous cases, and percentage of posts made by women across the entire dataset and also by
different subreddits. We annotated 400 posts from 5 different subreddits resulting in a total of
2000 samples. Of these, 962 were labeled as empowering, 129 as disempowering, and 267 as
ambiguous, with 642 being labeled as neutral. We note that 265 out of the 962 empowering cases
had no final reason marked, indicating that there was no reason category annotators agreed on.

The inter-annotator agreement, Krippendorff’s alpha, was 0.457, and the percentage agree-
ment was 65.2%. These agreement scores are reasonable given the complexity and nuance of

2AMT grants the “Master Worker” qualification to highly reliable workers.
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this task — we would neither expect nor want to have perfect annotator agreement because it
is an inherently ambiguous problem even for humans, and there is often no objective “ground
truth” on whether a text is empowering or not. Our agreement scores are comparable to those of
other computational social science papers on tasks of similar nature, especially when concerning
pragmatics. For example, our percentage agreement is higher than that of ElSherief et al. [64]’s
dataset on latent hatred, and our agreement is similar to that of the Microaggression dataset [22].

7.4 Data Analysis

We present preliminary analyses of TalkUp. Empowerment is a nuanced phenomenon in prag-
matics and deeper exploration of social and linguistic variables remains open for future work.
The analyses we present here provide some initial, surface-level insights into what makes lan-
guage empowering.

7.4.1 Characteristics of Empowering Language

We use the LIWC-22 software to compute IS — - Word Count
LIWC features for all annotated posts [19]. = :EQS,E(POS)
These features measure the percentage of = - Impersonal Pronouns
word overlap between the text and predefined = - Allure
lexicons that capture different social and psy- B - Emotion (Pos)
chological characteristics of language, such as _ - Prosocial

. . . HE—h - Emotion (Neg)
prosocial words or words associated with pos- 1 & You
itive tone. For a more concise and general- & - Exclamation Mark
ized analysis, some related features are com- - - Power
bined into compound features: the / and You g -Focus Present
features are grouped into one feature I+ You, 'SZ”\(I’V‘:;ZOS' Words

. 3 H - bl

We and' They into We+They’, and male gnd ~Focus Past
female into gendered words. We standardize y— ~Words Per Sentence
LIWC feature scores using the mean and vari-  +—=H# -Tone (Neg)

ance calculated from TalkUp’s randomly sam- . ~We & They
pled posts. Model-surfaced posts are excluded -0 000 005 010

as they may not reflect the distribution of Red-
dit posts in the wild.

To understand how each of these features
contributes to empowerment in language, we
train a linear regression model to predict the
likelihood of a post being empowering. Fig-
ure 7.2 shows the regression coefficients assigne(g é Qéai feature. Looking at the positive coef-

Figure 7.2: Weights of LIWC features with 90%
and 95% confidence intervals assigned by linear
regression model trained with TalkUp. All fea-
tures except for Negative Emotion, Power, Fo-
cus Present have statistically significant weights

3We combined I/you and we/they because they consistently followed the same patterns. This was also motivated
by qualitative analysis: I/you occurred frequently in language that was addressed directly to the other conversant,
which was common in empowering posts, whereas disempowering posts often dismissed a group vaguely without
addressing the conversant as an individual, leading to greater use of we/they.
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ficients reveals that empowerment is associated with lexical features like clout, allure, prosocial
words, and exclamation marks. Meanwhile, disempowerment is associated with features that
have negative coefficients, such as big words and words-per-sentence, which may indicate sen-
tence complexity. We expand on a few of the most notable findings below.

Tone vs. Emotion. We find that the tone of language is more influential to empowerment than
the emotion conveyed. Positive tone has a significantly higher coefficient than positive emotion;
likewise, negative tone is highly associated with disesmpowerment, while negative emotion is not
statistically significant. This suggests that the concept of empowerment is distinct from sentiment
and cannot be captured by sentiment analysis models alone.

Power. Power is not a statistically significant feature in predicting empowerment. This
corroborates the idea that empowerment is not the same as power — empowerment is a more
nuanced and subtle concept that extends beyond power-related lexicons, relying more on the
implications between the lines like the tone of the message.

Singular vs. Plural Pronouns. Interestingly, empowerment and disempowerment tend to
use different types of pronouns. Singular pronouns (I, you) are positively associated with em-
powering language, while plural pronouns (we, they) are linked to disempowering language. Our
manual inspections suggest one possible explanation: people who write empowering posts tend
to speak directly to the listener, and also include elements of their own personal experience,
hence the prevalence of you and I pronouns. Disempowering conversations are less personal and
individualized, often making generalized assumptions or judgments about people.

7.4.2 Empowering Language by Gender

As a preliminary analysis of empowerment across one social dimension, we explore the differ-
ences in empowering posts written by men and women. First, we standardize the LIWC feature
values for men and women’s empowering language over the entire dataset. We find that women’s
empowering language displays significantly higher levels of positive tone and positive emotions
than men. Women also use more exclamation points, while men use more swear words. These
findings align with prior works in sociolinguistics that have associated exclamation points with
higher expressiveness and excitability [9, 87, 220], which is usually more socially acceptable
for women. Meanwhile, men’s use of strong or offensive language is linked with masculinity
or aggressiveness, and is less socially accepted in women. Additionally, there are other features
where women and men’s empowering posts diverge — women use more present tense than men,
and men are much less likely to use gendered words.

We then control for gender, comparing men’s empowering language with all men’s posts,
and likewise for women. The results show that positive tone, positive emotions, and exclamation
marks remain strongly correlated with empowering language even after accounting for gender.
However, considering gender does impact the degree of positivity and the use of exclamation
marks. Men’s empowering language, when compared to men’s average language, displays a
greater increase in positive tone, positive emotions, and the use of exclamation marks com-
pared to women’s empowering language in relation to their average language. This suggests
that men tend to exhibit a more pronounced shift towards positive and expressive language when
expressing empowerment, whereas women’s empowering language already aligns closely with
their overall language patterns. Our findings highlight the complex interplay between language,
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Figure 7.3: Distribution of empowering reasons. One post can have more than one empowering
reason.

gender, and empowerment, motivating future research into the influence of social factors on
communication of empowerment.

7.4.3 Reasons Why Posts Are Empowering

Figure 7.3 illustrates the distribution of reasons selected by at least two annotators for why a
post was empowering/disempowering, broken down by subreddit. The most common reasons a
post was considered empowering are encouraging expression of emotions (40.6%), supporting
the reader’s self-image (26.8%), and supporting the reader’s ability to grow (21.1%) and change
(18.8%).

Notably, there are significant differences in the reasons most commonly used in different
subreddits. For example, the teenagers and relationships subreddits tend to empower users by
promoting expression of emotions, while empowerment in Fitness was more focused on en-
couraging people to improve themselves and make changes. The unique distributions of reasons
among different communities and topics of discussion suggests that empowerment serves diverse
purposes and implies different meanings depending on the context. Future work could explore
which techniques should be used to empower people in specific contexts, such as empowering
clients in clinical psychology or students in educational settings, based on the desired interaction
goals.

7.4.4 Empowerment and Poster-Commenter Alignment

While a commenter can take either an agree, neutral, or disagree stance with the poster, most
empowering posts were in conversations where the poster and commenter agreed (79.6%). Like-
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RoBERTa GPT-3
Input Type | Fl ACC‘ F1  Acc

Post 63.5 77.7|36.9 59.7
+response | 66.1 78.3 | 31.5 52.1
+context 655 779|375 642
+all 67.1 784 | 38.2 67.1

Table 7.2: Model performance of RoBERTa-based classifier fine-tuned on TalkUp and GPT-3
without fine-tuning. ROBERTA-+all is significantly better than ROBERTA-Post in terms of F1

(p;0.1).

wise, most disempowering posts occurred when the poster and commenter disagreed (45.5%).
Intuitively, this makes sense for the majority of cases — people often respond agreeably to em-
powerment and negatively to disempowerment.

Importantly, however, this is not always the case: empowering posts can sometimes have
commenters who disagree, and disempowering posts can have commenters who agree. These
cases often involve more complex pragmatics. Empowering posts that contain toxic positivity are
frequently met with disagreement, and sometimes commenters will reject or minimize empower-
ing compliments for the sake of politeness. Empowerment can also be met with antagonism from
an ill-intentioned commenter, regardless of how genuine the original post may be. Disempow-
ering posts that disparage a particular group might receive an agreeing comment from someone
who also shares that view of the group. Additionally, posts that discuss heavy topics may cause a
reader to feel disempowered, but they may still respond with an agreeing stance by supporting the
original poster (such as by sympathizing with their struggles or validating their feelings). Over-
all, the empowering-disagree and disempowering-agree cases provide a rich corpus for studying
implicature and interactions in social contexts.

7.4.5 Modeling Empowering Language

To explore how well empowerment can be captured by computational methods, we present em-
powerment detection experiments with two large language models: fine-tuned RoBERTa and
zero-shot GPT-3.* We note that our goal here is not to build a state-of-the-art model, but to give
a general picture of how well existing models work and to illustrate the usefulness of our dataset.

Fine-tuned RoBERTa. We assess how well empowerment can be identified by a pre-trained
RoBERTa model [140] fine-tuned on TalkUp, and we conduct an ablation study to examine the
importance of contextual information in helping the model classify a post as empowering, disem-
powering, or neutral. We test four model variants: post, +response (post and response), +context

“We opt to experiment with zero-shot rather than few-shot settings because fine-tuning a model of GPT-3’s scale
is impractical for most users, and because our preliminary experiments indicated that few-shot prompts resulted in
lower performance than zero-shot. Although in-context examples often improve performance, there are cases in
which few-shot underperforms zero-shot due to models becoming excessively fixated on the provided examples and
struggling to generalize effectively. This phenomenon is documented in numerous previous studies (e.g. 66), and
we consistently observed this in our case.
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(post, posters’ gender, subreddit), +all (post, response, context). We divide 1733 unambiguous
samples from TalkUp into 60:20:20 for train:validation:test sets and select the model with best
validation macro-f1 score.

Table 7.2 presents the average macro-f1 scores across 10 separate runs using different random
seeds on the test set. The results show that additional context improves model performance.

Zero-Shot GPT-3. Additionally, we evaluate GPT-3 Davinci’s [26] ability to detect empow-
erment using prompts. We design seven different prompts for each of the four combinations of
post+context, and generate responses. While most of GPT-3’s responses are single word (e.g.
“empowering”’), some are longer. To map GPT-3’s responses to empowerment labels, we use a
simple lexical counting method: if the generated text contains more empowering-related words
(e.g. empowering, empowered, empower) than words related to other labels, it is classified as
empowering. GPT-3’s final classification for each post takes the majority vote over its responses
to the seven prompts.

Our results indicate that GPT-3 performs poorly in zero-shot settings compared to ROBERTa-
based classifiers fine-tuned on TalkUp. This reveals that even large language models cannot
effectively capture empowering language, highlighting the importance of having a carefully an-
notated dataset of nuanced examples like TalkUp.

7.4.6 Ambiguity of Empowering Language

TalkUp contains 228 samples that either were labeled as “ambiguous” by at least two annota-
tors, or were labeled “no consensus” because all three annotators marked different answers for
the empowerment question. We qualitatively analyzed this subset of TalkUp, and we find that
these ambiguous posts are not ’bad data,” but rather are linguistically interesting because they
are ambiguous — they are examples of language that could reasonably be interpreted in several
different ways.

For example, the post “Maybe call a relative or friend who has a car? Youll figure it out.
I wish you luck, kid.” was unanimously labelled as “empowering” and “ambiguous” by anno-
tators. This makes sense — the post overall seems to provide a helpful suggestion, but calling
the responder “kid” could be interpreted in different ways (e.g. as an endearing nickname vs. a
condescending title) depending on the social relationship between the poster and the responder.
Notably, many of the posts with inherent ambiguity display sarcasm, such as the posts “i love
you too?!” and “thats grimy as f*ck but sure you do that.” Sarcasm, by design, disguises a nega-
tive message in positive words, and so a sarcastic post could be interpreted either way depending
on whether the sarcasm was meant positively or negatively.

We also investigated how GPT-3 handles such ambiguous cases. We find that GPT-3 tends to
classify them as neutral, even for explicitly empowering posts such the above example. Instances
in which the posts carried a sarcastic tone were commonly interpreted by GPT-3 as neutral as
well, indicating that simultaneously empowering and ambiguous language is poorly understood
by the model. The fact that ambiguity is still challenging for large models motivates the need for
further work in this area, and TalkUp provides diverse examples of ambiguous language that can
be used to to work towards this end.
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% Empower % Disempower
Post Response Post Response

r/AskReddit 12.0 14.1 6.8 5.6
r/relationship 38.7 27.2 12.7 114
r/Fitness 30.0 28.3 7.2 5.6
r/teenager 24.2 24.8 6.3 5.7
CasualConversation 25.6 29.2 2.8 2.3
Overall 15.2 16.5 6.9 5.8

Table 7.3: The percentage of empowering and disempowering posts and responses in each sub-
reddit.

7.5 Example Application: Unearthing Empowerment Patterns
on Reddit

As a case study, we demonstrate how TalkUp and the trained empowerment classifier can be used
to uncover interesting patterns in how people use empowering language. Specifically, we apply
the trained classifier in §7.4.5 to generate empowerment labels of all Reddit posts and responses
in RtGender, to learn about how both posters and responders communicate.” We analyze em-
powering and disempowering posts in different subreddits and by different gender of the poster
and responder.

By Subreddit Table 7.3 shows the percentage of empowering and disempowering posts and re-
sponses in thefive subreddits of TalkUp. The results indicate that the subreddits have significantly
different degrees of empowerment, and that and certain subreddits (e.g. relationship, Fitness) are
significantly more empowering than others (e.g. AskReddit). Our model can be used to monitor
the overall empowerment level of communities and identify unusual patterns, such as a signifi-
cant rise in dissmpowerment. Furthermore, we find that there are more empowering responses
than posts in total. On the contrary, there are more disempowering posts than responses across
all subreddits. This may be because responses are often directed towards specific posts or users,
and as a result, the writer may be more conscious of their tone and try to be more empowering
compared to posts.

By poster and responder gender Table 7.4 shows the percentage of empowering and disem-
powering context by the gender of posters and responders. Overall, women seem to post and
interact with more empowering content. Unsurprisingly, the results show that of all the posts
predicted to be empowering, women wrote a considerably higher percentage of them than men.
Interestingly, however, women are also responsible for a slightly higher percentage of disem-
powering posts than men. Another surprising finding is that posts written by men that were

>Given that responses are only available for the posts and not for the responses, and that some samples in the
data do not provide the gender of the responder, we used a model that only incorporates subreddit information as
additional context to the text itself.
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Post Response
Poster Responder %E %D %E %D

Man 134 65 138 59
Woman 162 7.1 18.1 6.0
Man 165 69 167 6.3
Woman 202 7.3 204 64

Man

Woman

Table 7.4: The percentage of empowering (%E) and disempowering (%D) posts and responses
in RtGender classified by the model trained with TalkUp, broken down by the gender of both the
poster and responder.

commented on by women tend to be more empowering or more disempowering than those com-
mented on by men, suggesting that women not only post more empowerment-charged language,
but they also engage with more empowerment-charged posts. This may be tied to factors like the
topics or types of posts that women tend to engage with and could be used to answer sociological
questions about gender and social media.

7.6 Related Work

To our knowledge, Mayfield et al. [144] is the only prior work exploring empowerment in NLP,
but the contributions of our works are quite different. Mayfield et al. [144] primarily focus on an
algorithm for predicting rare classes and use empowerment as an example. In contrast, we focus
on understanding empowering language itself, before developing automated detection tools. We
explore the reasons behind empowerment, considering multiple dimensions of social context
such as gender, topic, and poster-commenter alignment. Mayfield et al. [144] use non-public
data from a specific cancer support group, while TalkUp spans diverse topics and user bases,
making our scope broader and more generalizable.

As empowering language is not well understood in NLP, our work has also drawn insights
from research on related concepts:

Power. Danescu-Niculescu-Mizil et al. [44] develop a framework for analyzing power dif-
ferences in social interactions based on how much one conversant echoes the linguistic style of
the other. Prabhakaran and Rambow [171, 172] predict power levels of participants in written
dialogue from the Enron email corpus, and several other of their works explore power dynamics
in other contexts, such as gender [174] and political debates [170].

Our work studies empowerment rather than power. Power is certainly a closely related con-
cept, but empowerment is a distinct linguistic phenomenon — it concerns not just static power
levels, but interactions that increase or decrease a person’s power, and it is also a broader concept
that encompasses things like self-fulfillment and self-esteem. While power has primarily been
analyzed at the word level, such as by examining connotations of particular verbs [166, 191],
our work attempts to look at higher-level pragmatics — implications that may not be captured by
word choice alone, but suggested between the lines.

Condescension. The closest concept to empowerment that has been more thoroughly studied
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in NLP is condescension. Prior works have defined condescension as language that is not overtly
negative, but that assumes a status difference between the speaker and listener that the listener
disagrees with [102]. Intuitively, condescension can be interpreted as roughly the opposite of
empowerment: it implicitly suggests that the listener has lower status or worth.

Our work particularly builds upon Wang and Potts [218]: they develop TalkDown, a dataset
of Reddit posts labeled as “condescending” or ’not condescending.” Specifically, they identify
condescending posts by looking for replies that indicate the original post is condescending. Our
approach is parallel to this work: we likewise surface Reddit posts whose responses indicate that
the original post is empowering (thus aligning with our definition of empowerment in §7.2 as
an effect on the listener). TalkUp complements TalkDown by focusing on the positive aspect
of such language: instead of only identifying text as condescending or not condescending, we
distinguish between disempowering, empower, and neutral posts.

7.7 Conclusions and Future Work

We explore the problem of empowerment detection, grounding it in relevant social psychology
and linguistics literature. To facilitate studies of empowerment, we create TalkUp, a high-quality
dataset of Reddit posts labeled for empowerment and other contextual information. Our prelimi-
nary analyses demonstrate that empowerment is not captured by existing NLP methods and mod-
els, but that it can be detected with our dataset. Furthermore, we demonstrate the importance of
social context in understanding empowering language with different genders, poster-commenter
alignments, and topics of discussion. In studying empowerment, we work towards bigger open
challenges in pragmatics, implicature, and social context in NLP.

While our primary contribution lies in empowerment classification and detection, TalkUp
offers potential beyond these tasks. We believe that a classifier trained with our data could be used
not only for detection but also to generate more empowering language. Similar to the approach
in Sharma et al. [195], such a classifier could assign rewards to tailor a generation model to
produce more empowering outputs. Moreover, an empowerment classifier could be employed
for controllable text generation with constrained decoding, as demonstrated by Yang and Klein
[225], Liu et al. [138], and Kumar et al. [124]. Additionally, a model capable of controlling for
empowerment could suggest edits to human-written text, making it more empowering—a feature
with potential applications in real-world dialogue settings such as education and psychotherapy.

TalkUp currently focuses on simple two-turn interactions involving three social variables
(gender, alignment, and topic), but its framework can be extended to more complex social inter-
actions. For example, power dynamics can be influenced by various other social roles, including
occupation (e.g., manager vs. employee), race (e.g., White vs. Person of Color), and age (e.g.,
older vs. younger person). Different combinations of these identities may result in further in-
tersectional dynamics, as discussed by Crenshaw [42], Collins and Bilge [39], and Lalor et al.
[128]. Additionally, since most real-world conversations involve long back-and-forth exchanges,
we encourage future work to explore empowerment in multi-turn dialogues, expanding the scope
and applicability of empowerment research in NLP.

86



Ethical Considerations

In constructing our study, we took precautions to ensure the task design, data collection and
handling are done ethically and according to current recommended practices and guidelines
[13, 82, 151, 210]. Specifically, we ensured fair compensation by calculating the pay based on
minimum wage in CA (higher than then the average pay worldwide, including most U.S. states).
To avoid exposing the annotators to potentially offensive or otherwise harmful content from
social media, we manually checked every data sample. Beyond scientific goal of our work to un-
derstand sociolinguistic characteristics of empowering language and open new directions to NLP
research on deeper pragmatic phenomena, the practical goal is to advance NLP technologies with
positive impact through understanding and incorporating empowerment in practical applications
including education, therapy, medicine, and more.
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Chapter 8

Ethical Considerations

While this thesis contributes to the advancement of socially aware NLP, it is essential to ac-
knowledge the limitations and potential risks associated with this research. By understanding
these challenges and proactively addressing them, we can work towards developing NLP tech-
nologies that are both beneficial and ethical.

Limitations While this thesis aims to address the broader implications of social context in
NLP, several limitations constrain the scope of our research. First, our focus on a generalizable
model has necessitated a selection of representative cultures and communities, which may not
fully capture the nuances and complexities of all human societies. In particular, our analysis was
primarily centered around languages and communities with abundant digital resources, such as
those represented on platforms like Reddit. Additionally, our exploration of personal context was
limited by the available data, often focusing on demographic information like gender and age.
Finally, as researchers situated within a specific academic and cultural context, our perspectives
inevitably carry biases that may not fully represent the diverse experiences of those impacted by
these technologies.

Simplifications and Categorizations To facilitate computational analysis, we have employed
simplifying assumptions and categorical divisions. For example, our use of gender and cultural
group categories, while useful for operationalizing our research, may oversimplify the complex-
ities of individual and group identities. It is important to acknowledge that these categorizations
can obscure nuances and potentially reinforce harmful stereotypes.

Potential Misuse and Risks The methodologies and frameworks developed in this thesis,
while intended for beneficial purposes, carry inherent risks of misuse. For instance, techniques
designed to measure public sentiment and cultural similarities could be exploited to manipulate
public opinion or reinforce harmful stereotypes. Similarly, the ability to detect community norms
might be used to target specific groups. Moreover, the development of socially aware language
models could lead to the creation of tools for generating personalized misinformation or per-
petuating biases. To mitigate these risks, it is imperative to develop robust safeguards, promote
transparency, and foster ongoing critical evaluation of these technologies.
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Furthermore, the customization and tailoring required to make models more responsive to
social contexts may increase their complexity, leading to higher energy and carbon costs. As we
advance towards more socially aware and adaptive models, it is imperative to concurrently invest
in research focused on making these models more energy-efficient and sustainable.

Data and Privacy The use of social context inherently involves the handling of sensitive per-
sonal information. While the datasets used in this research were publicly available, it is essential
to recognize that the individuals who generated this content did not explicitly consent to its use
in our specific study. To protect user privacy, we have taken steps to anonymize data and avoid
identifying individuals. However, as the field of NLP continues to evolve, it is crucial to develop
more sophisticated techniques for ensuring data privacy and ethical use.

Looking forward, the thesis advocates for ongoing research into the interpretability and con-
trollability of NLP models. Such research is essential to developing models that are not only
socially aware but also respectful of user privacy, ensuring they are neither overly intrusive nor
harmful. By advancing in these areas, future research can contribute to the development of ethi-
cal, socially aware models that balance innovation with the protection of individual rights.
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Chapter 9

Conclusions

9.1 Summary of Contributions

This thesis presents the efforts to demonstrate the vital connection between NLP and sociocul-
tural knowledge by presenting a series of models, datasets, and analyses. We demonstrate how
incorporating cultural and community context can improve NLP models and how NLP models
can be used to study social phenomena and validate social science theories quantitatively. These
endeavors hold great potential in shedding light on various aspects of NLP and social science
and particularly in how they can complement and enrich one another. Specific contributions of
this thesis include:

Developed methods to measure public sentiment towards different cultures and connect its
impact on language change.

Demonstrated how knowledge of cultural similarities between languages can guide cross-
lingual transfer to improve NLP model performance.

Introduced a framework to measure implicit norms and values within communities to better
understand community-specific language norms.

Proposed a new task, community-sensitive norm violation detection, and improved community
moderation models by incorporating community context

Explored the use of individuals’ social attributes to identify and model social biases in corpora,
focusing on personal context.

Proposed methods to incorporate personal contexts into text classification, such as empower-
ing language detection, significantly improving model performance.

9.2 Discussion and Future Work

This thesis has laid the groundwork for developing socioculturally aware NLP technologies that
can engage with complex social contexts. While our research has made significant progress,
there are several promising avenues for future exploration.
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Interpretable and Controllable Personalization A promising avenue for future research is
the development of personalized NLP models that are both interpretable and controllable. By
understanding and incorporating individual context, these models can create highly tailored user
experiences. However, this personalization comes with risks, as models may access sensitive
information that, if misused,could lead to discomfort or mistrust.

To mitigate these risks, models must be transparent about the attributes or contexts used for
personalization and provide users with control over the information they share. This approach
balances the benefits of personalization with privacy concerns. A critical aspect of achieving this
goal is the way context is provided to models. Moving forward, it will be important to develop
models that can accept context as raw input (such as through retrieval-augmented generation)
rather than relying on distributional representations of context, which are often difficult to in-
terpret or control. This shift would allow users greater transparency and agency in how their
personal data is used by the model.

Adaptable and Interactive Socially-Aware AI Our research has primarily assumed that so-
cial context is readily available. However, in real-world situations, this information is often
incomplete or uncertain. Future work should focus on creating models that can adaptively ad-
just to varying social contexts, acknowledging the inherent uncertainty and fluidity of human
interactions. Additionally, there is significant potential for developing interactive systems that
actively seek out relevant social context. Instead of passively relying on pre-existing informa-
tion, these models could engage in dynamic conversations with users, asking clarifying questions
or requesting additional details. This would extend our current static models, making them more
adaptable and interactive, reflecting the complexity of human communication.

Pluralistic and Dynamic Values Another important consideration for future research is the
recognition of pluralistic and dynamic values within social contexts. In the work presented in
this thesis, there is an implicit assumption that cultural values and norms are relatively static
and distinct between groups. However, in reality, individuals often possess multicultural back-
grounds, and their values can be fluid, evolving over time and across different contexts. This
recognition is particularly relevant in the context of community norms and values, which are
central to many of the models presented in this thesis. While the methodologies presented here
can be applied to different time periods and can measure shifts in norms, the dynamic nature of
these values was not the primary focus. Future research could explore how to better integrate
these pluralistic and evolving perspectives about social context into NLP models, allowing them
to more accurately reflect the complexity of human values and social identities.

Social Context and Multimodality The work in this thesis has focused exclusively on tex-
tual input and output, yet much of social context is conveyed through other modalities—such as
intonation, facial expressions, and visual cues. These non-verbal signals are integral to under-
standing social interactions and are essential for creating more socially aware language agents. A
promising direction for future research is the development of multimodal models that can process
and integrate inputs from multiple sources, such as vision and speech. This would significantly
enhance the ability of NLP models to understand and respond to social context, particularly in
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applications involving robots or other tangible machines that must interact with humans in a
three-dimensional world. However, the incorporation of multimodal signals also raises concerns
about the potential for increased social biases. As models begin to process more complex and
diverse inputs, there is an increased risk of reinforcing stereotypes and implicit biases. Future
research must carefully consider these risks and develop strategies to mitigate them, ensuring
that the expansion into multimodality enhances rather than undermines the social awareness of
Al systems.
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