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Abstract

Bias towards people experiencing homelessness
(PEH) is prevalent in online spaces. This project
will leverage natural language processing (NLP)
and large language models (LLMs) to identify,
classify, and measure bias using geolocalized data
collected from X (formerly Twitter), Reddit, meet-
ing minutes, and news media across the United
States. While public opinion often refers to addic-
tions, criminality, and high levels of welfare spend-
ing to justify bias against PEH, we will conduct a
comparative study to determine whether racial frac-
tionalization is associated with homelessness bias.
The results of the study aim to provide a new path
to alleviate homelessness by unveiling the inter-
sectional bias that affects PEH and minority racial
groups. During the course of the project, we will
deliver a lexicon, compile an annotated database
for homelessness and homelessness-racism inter-
sectional (HRI) bias, evaluate LLMs as classifiers
of homelessness and HRI bias, develop homeless-
ness and HRI bias metrics, and audit existing LLMs
on HRI. In collaboration with non-profits and the
city council of South Bend, Indiana, USA, our ul-
timate goal is to contribute to homelessness allevi-
ation by counteracting social stigma, restoring the
dignity and well-being of the persons affected.

1 Introduction

The last time the United Nations conducted a survey of world-
wide homelessness in 2005, they found that 100 million
people were homeless [Kothari, 2005]. Nations with the
largest homeless populations include Nigeria, Pakistan, and
Afghanistan; each has over 4.5 million people experiencing
homelessness (PEH) [World Population Review, 2024]. But
the social challenge of homelessness is not limited to low-
income countries. During one night in 2024, 771,480 peo-
ple in the United States were recorded as experiencing home-
lessness, the highest number ever documented [de Sousa and
Henry, 2024]. The homelessness crisis in the United States
continues to escalate. From 2023 to 2024, Colorado, Al-
abama, Illinois, West Virginia, New York, and Massachusetts
saw more than a 25% increase in the number of PEH [de
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Figure 1: This map shows two aspects: 1) the 2024 US Homeless-
ness Rates per state from the Annual Homeless Assessment Report,
and 2) the two sets of counties we will use for our comparative study.
The counties marked with circular markers and numeric labels 1-5
are in the set of counties that includes San Francisco County. The
counties marked with square markers and alphabetic labels A-E are
the counties similar to St. Joseph County, Indiana, which includes
the city of South Bend, Indiana. We will compare the 5 counties in
each set to one another.

Sousa and Henry, 2024]. This project focuses on the United
States (Fig. 1), where previous studies have shown high indi-
cators of bias against the poor [Curto ef al., 2024]. We aim to
replicate and scale to an international level in future stages.

Various factors contribute to the homelessness crisis, and
the stigmatization of PEH negatively impacts the mitigation
of homelessness in many ways. Bias against the poor, es-
pecially the belief that the poor are undeserving, reduces
peoples’ support for crisis-mitigation policies [Applebaum,
2001]. Moreover, dedicated resources for homelessness miti-
gation consist mainly of providing shelter and covering basic
material needs, while non-profits inform us that PEH consider
social ostracization the worst consequence of being without a
home [Caritas Spain, 2021]. Our project aims to contribute
to the United Nations’ first Sustainable Development Goal:
Ending poverty in all its forms everywhere, by restoring the
agency and capabilities of PEH [Sen, 2001].

Recognizing the relationship between stigmatization of
PEH and efforts to reduce homelessness, our project will
use natural language processing (NLP) and large language
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models (LLMs) to identify, classify, measure, and counter-
act stigma against PEH. We will present a comparative study
between different counties in the US and examine the corre-
lation between homelessness stigma and racial fractionaliza-
tion. The counties in the scope of the project can be seen
in Figure 1 and Table 1. Section 3.2 explains how the coun-
ties were chosen. In particular, we will inform, document
and measure whether racism is associated with homelessness
bias, as compared to the levels of criminality or high social
spending, which have been found to be frequent arguments to
consider PEH undeserving of help [Rex et al., 2025].

This project is the result of a request from several non-
profit organizations that work daily on the urgent problems
faced by PEH, including our partners in the community of
South Bend, Indiana, USA. South Bend faces community
conflicts due to the bias against PEH. In particular, the build-
ing of a new shelter has generated significant concern and
controversy among local residents [Dellacca, 2024]. Our re-
sults will have a direct effect on this community and will in-
form other regions, both in the US and at a global level. Our
ultimate goal is to open new paths to alleviate homelessness
that take into account not only the need for practical and ma-
terial solutions but also the dignity of the affected persons.

This paper is organized as follows: in Section 1, we present
an overview of our project, the research questions, and ex-
pected outputs. In Section 2, we discuss the related work.
In Section 3, we discuss the methods we will use to gather
and annotate bias against PEH. We will use LLMs to anno-
tate bias, and we will detect existing bias in LLMs. Section
4 is about the expected social impact. Section 5 describes the
evaluation criteria. The project limitations are discussed in
Section 6. We then include the implementation, scalability,
and economic sustainability of our project, outlined in Sec-
tion 7.We end with our ethical considerations.

The project aims to respond to two types of research ques-
tions (RQs):

1) Research questions aiming to contribute to pressing so-
cial challenges expressed by local stakeholders and domain
experts on the topic of homelessness:

* RQI - How does homelessness bias vary across different
US regions, and what role does racial fractionalization
play in this variation?

* RQ2 - Can we apply our findings about homelessness-
racism intersectional (HRI) bias to inform more effective
policies that aim to alleviate homelessness?

2) RQs that contribute to the Al state of the art:

* RQ3 - How well can existing LLMs classify stigmati-
zation of PEH and HRI bias, and how can their accu-
racy and performance be improved to meet classification
standards?

* RQ4 - How biased are existing LLMs towards PEH (au-
diting)?

* RQ5 - How can we counteract homelessness and HRI
bias using LLMs and NLP?

The project delivers the following research outputs (ROs):

e ROI1 - Validated Lexicon on Homelessness and HRI: A
lexicon on homelessness and the intersection between
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homelessness and racial minority groups in the USA,
validated by domain experts and community stakehold-
ers.

* RO2 - Multimodal Dataset on Homelessness and HRI:
A dataset comprising geolocated data from X (formerly
Twitter), Reddit, news media, and meeting minutes fo-
cusing on the discourse surrounding homelessness and
considering the intersectionality with racial minority
groups.

* RO3 - Annotated Corpus: A corpus for bias against PEH
(including intersectionality with racism) and sentiment
analysis, classified both manually by experts and auto-
matically using LLMs.

* RO4 - Homelessness and HRI Bias Annotation Guide-
lines: Based on the exercise of manually annotating our
dataset with the support of domain experts, we will de-
liver annotation guidelines to help the NLP community
identify homelessness and HRI bias.

* ROS5 - Thematic Analysis of Homelessness Discourse:
Topic modeling applied to the dataset will reveal preva-
lent themes and patterns in online conversations about
homelessness.

* RO6 - Novel HRI Bias Metric and Viability Analysis:
Analysis of LLM accuracy on classifying homelessness
and HRI bias. This will allow us to generate a home-
lessness bias index in future work to follow up on the
public perception of homelessness throughout time and
at an international level.

e RO7 - Geographic Visualization of Homelessness and
HRI Bias: Map of homelessness bias across the United
States.

* RO8 - Comparative Analysis Across Selected US Coun-
ties: Exploring the potential correlation between home-
lessness bias, racial fractionalization, and socioeco-
nomic indicators, including crime rates and welfare
spending.

* RO9 - LLM Audit of Bias For PEH and HRI: An evalua-
tion and comparison of existing LLMs, auditing their bi-
ases, and identifying those exhibiting harmful language
towards PEH.

* RO10 - Bias Mitigation Strategies for Online Textual
Data: Tested strategies for reducing online bias, includ-
ing text alteration techniques.

* RO11 - Policy Recommendations for Addressing Home-
lessness Stigma: Data-driven recommendations for pol-
icymakers to tackle homelessness by addressing social
stigma, complementing traditional approaches focused
on housing and basic needs [Marshall er al., 2024].

2 Related Work

Our project will build on previous work regarding 1) using
LLMs and NLP to identify patterns in bias against PEH and
the poor, also known as aporophobia [Cortina, 2022], 2) the
current limitations of LLMs when it comes to identifying
bias, and 3) counteracting bias in LLMs and with LLMs.
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Figure 2: This is a two-year timeline which includes research out-
puts. As outlined in Section 7, the project is divided into three phases
: (1) Data Collection and Initial LLM Evaluation; (2) Bias Compar-
ison across US counties, homelessness, and HRI bias metrics; and
(3) Bias Mitigation Strategies.

2.1 Using LLMs as Classifiers to Identify Online
Patterns in Bias Against PEH and the Poor

Previous studies have used LLM:s to classify and analyze on-
line content considered biased against the poor [Kiritchenko
et al., 2023; Curto et al., 2024; Rex et al., 2025] and on-
line content containing the term “homeless” [Ranjit et al.,
2024]. For example, an international comparative study was
conducted on the criminalization of poverty in online pub-
lic opinion [Curto er al., 2024]. And, a taxonomy on bias
against the poor, or aporophobia, has been proposed [Rex et
al., 2025]. Additionally, it has been shown that LLMs are
able to detect changes in the attitudes towards PEH associ-
ated with socioeconomic factors [Ranyjit et al., 2024]. For ex-
ample, according to tweets classified by LLMs, a larger pop-
ulation of unsheltered PEH correlates to more harmful gen-
eralizations about PEH [Ranjit ez al., 2024]. However, these
previous studies have been limited by lexicons containing a
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single word, ‘homelessness’, or by collecting data from a sin-
gle media source such as X (formerly Twitter).

2.2 Limitations of LLMs When It Comes to Bias
against PEH

While previous studies have used LLMs to identify bias, this
does not mean LLMs are fair or unbiased themselves. In
fact, LLMs have been found to exhibit bias against socially
stigmatized groups [Mei et al., 2023; Bhutani et al., 2024;
Leidinger and Rogers, 2024], misportray and flatten the rep-
resentations of demographic groups [Wang et al., 2024], and
are especially intersectionality biased across demographic di-
mensions [Lalor et al., 2022]. When LLMs are used as stand-
alone classifiers to identify biases, they have also been found
to mislabel harmful language towards PEH [Ranjit er al.,
2024]. However, when LLMs are trained with expert annota-
tions, they more accurately classify bias against PEH [Ranjit
et al., 2024]. We will build upon this work by auditing exist-
ing LL.Ms and using LLMs as classifiers after they have been
trained on a dataset manually annotated by domain experts.

2.3 Counteracting Bias Against PEH in LLMs and
with LLMs

To mitigate LLM toxicity and bias, previous research has ex-
plored a variety of techniques. They include data augmenta-
tion, data filtering and re-weighting, data generation, instruc-
tion tuning, projection-based mitigation, architecture modifi-
cation, loss function modification, selective parameter updat-
ing, filtering model parameters, decoding, weight redistribu-
tion, and rewriting [Gallegos ef al., 2024]. Other approaches,
such as safety system prompts, a form of instruction tuning,
have been shown to reduce stereotyping and toxicity [Lei-
dinger and Rogers, 2024]. Additional ways of mitigating bias
include removing bias from word embeddings, augmenting
training data, increasing the dropout rate in pretrained mod-
els, and fine-tuning pretrained models to encourage orthogo-
nal representations [Lalor et al., 2022]. Using identity-coded
names instead of labels resulted in a more in-group portrayal
from LLMs [Wang et al., 2024]. After adding stylistic con-
siderations to the model, adding information to LLM prompts
was shown to destigmatize text about people struggling with
substance use disorders [Bouzoubaa et al., 2024]. Further-
more, LLMs as conversational moderators can provide spe-
cific and fair feedback on toxic behavior [Cho et al., 2023].
Our project builds on this previous research by using tech-
niques to identify and measure online bias with the support
of LLMs and inform about bias against PEH. Moreover, we
will offer new insights to better understand and mitigate this
specific type of stigmatization and its intersectionality with
racism. We aim to counteract the narrative of the “undeserv-
ing poor” [Applebaum, 2001] by providing empirical data.

3 Strategy and Method
3.1 Project Pipeline

This section outlines the pipeline for our project, explaining
the steps we will take to answer RQ3, RQ4, and RQS5, and
outputs RO1, RO2, RO3, RO4, RO5, RO6, RO9, and RO10.
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Figure 3: This shows the pipeline as described in Section 3.1. We start by using our lexicon to gather data from online sources. Then, we
anonymize the data. Domain experts annotate a portion of the data to create a “Gold Standard”. The “Gold Standard” is used to help a LLM
classify the remaining data. Using the results, we will develop HRI metrics, and then come up with a bias mitigation strategy.

Obtaining the Data: Dataset Curation

We will generate a dataset of a minimum of 2,000 geolocal-
ized manually annotated data items for homelessness bias,
which will also document HRI bias, with the guidance of
domain experts (RO2, RO3). The initial data will comprise
approximately 500 items per source, drawn from X (formerly
Twitter), Reddit, news media, and meeting minutes for coun-
ties across the United States. The selection of counties will
be conducted based on socioeconomic demographic factors,
including homelessness rates [United States Department of
HUD, 2024] and racial fractionalization [U.S. Census Bu-
reau, 2024; Alesina and Glaeser, 2013].

In order to generate the lexicon (ROI1), we have com-
piled an initial list of keywords related to homelessness.
This procedure involved utilizing LLMs and human experts.
When using models such as GPT [Achiam er al., 2023] or
spaCy [Vasiliev, 2020], human experts evaluated what words
were relevant. Words suggested by models with multiple use
cases such as “shelter” were ignored since they could refer
to “homelessness shelter” or other types of shelter. Our ini-
tial lexicon contains the words: ‘homeless”, “homelessness”,
“housing crisis”, “affordable housing”, “unhoused”, “house-
less”, “housing insecurity”, “beggar”, “squatter”, “panhan-
dler”, and “soup kitchen”..

Additionally, for a specialized analysis in the pilot project
(South Bend, Indiana, USA), we will include a list of key-
words tailored for the community. For example, keywords
related to PEH in South Bend, include “Hotels4dNow”, “Cen-
ter for the Homeless”, “Hope Ministries South Bend”, “St.
Joseph County Homeless Coalition”, “Real Services South
Bend”, “St. Vincent de Paul Society”, and “Our Lady of the
Road”. Similar county-specific lexicons will be gathered for
the various counties in our dataset. Once the data is gathered,
we will anonymize the data to ensure privacy while prevent-
ing posts from being tracked back to users.

Identifying Homelessness and HRI Bias: Dataset Manual
Annotation

We propose a two-level manual annotation for the data. The
primary level classifies the text as “direct” or “reporting”
bias [Rex et al., 2025]. The second level annotation will be
performed based on the topics found by the topic modeling
on our initial collected data (ROS5). We expect the topics will
be similar to the topics found by previous studies, and we
plan to use those previously found topics to validate our cat-
egories [Ranjit ez al., 2024].

Special attention needs to be paid to sentences that have
multiple types of bias. For example, the sentence “Homeless
people are always begging for money on the corner and scar-
ing away my customers” has multiple types of bias, referring
to PEH both as “being scary” and as “always begging”.

The annotated dataset (RO3) will constitute our “Gold
Standard” to determine the efficacy of LLMs in detecting
homelessness bias. The manually annotated data will be bal-
anced across the counties in scope. While annotating the data,
domain experts will develop annotation guidelines to guide
their own annotation and future annotations (RO4).

Sentiment Analysis

We also propose to conduct a sentiment analysis of the
anonymized dataset to complement the geographic compar-
ative study across the United States. This will allow us to
document if, when referring to homelessness, the collected
data items are classified as positive, neutral/objective, or neg-
ative. To accomplish this, we will use algorithms such as
Naive Bayes [Parveen and Pandey, 2016] on our anonymized
data set.

Towards a Homelessness Bias Index: LLMs as Classifiers
Annotating data manually is labor intensive, not sustainable,
and not conducive to generating an ongoing homelessness
and HRI bias index that is scalable at an international level.
Once we have created an initial sample dataset of annotated
data, we will evaluate the efficiency and efficacy of LLMs
(including GPT, LLaMA, Claude, and Gemini) to detect both
homelessness bias and HRI (RQ3).
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Map Key County, State (City Within County) RFI* Population RPP' RPA! Homelessness¥ GINI*
Counties / Cities Comparable to San Francisco County (San Francisco, CA, USA)

1 San Francisco County, California (San  0.75 851,036 1032 131 98 0.52
Francisco)

2 Multnomah County, Oregon (Portland) 0.56 808,098 1198 237 91 0.47

3 Hampden County, Massachusetts (Spring-  0.63 464,575 1534 182 65 0.47
field)

4 Lane County, Oregon (Eugene) 0.40 382,218 1578 162 81 0.46

5 Santa Cruz County, California (Santa 0.67 268,571 1091 96 69 0.48
Cruz)

Counties / Cities Comparable to St. Joseph County (South Bend, IN, USA)

A St. Joseph County, Indiana (South Bend) 0.52 272,388 1378 97 8 0.47

B Erie County, Pennsylvania (Erie) 0.34 270,495 1466 152 17 0.46

C Kalamazoo County, Michigan (Kalama- 0.43 261,426 1297 83 25 0.46
Z00)

D Yakima County, Washington 0.70 256,143 1532 129 0 0.42

E Hays County, Texas 0.64 245,351 1253 83 6 0.45

*RFI: Racial Fractionalization Index

TRPP: Rate of People Below Poverty Line (per 10k)
fRPA: Rate of People With Public Assistance (per 10k)
VHomelessness: Homelessness Rate (per 10k)

* GINI: Income Inequality (GINI)

Table 1: Table of US counties with socioeconomic indicators for analyzing correlations with bias against PEH. While marginalization of
PEH has often been justified using levels of criminality and high welfare spending, we are examining whether racial fractionalization in-
fluences homelessness bias to unveil a potential homelessness-racism intersectional bias. These results would offer a new path to alleviate
homelessness by acting on public opinion and restore the dignity of the persons affected by homelessness, who are often ostracized.

We propose two ways to evaluate LLMs as classifiers:

1. The selection of anonymized labeled data will be clas-
sified (as biased or not biased) using zero-shot and few-shot
approaches by LLMs. The outputs will be compared against
the “Gold Standard” dataset and we will obtain F1 and cF1
scores [Yacouby and Axman, 2020].

2. We will also include a portion of the “Gold Standard”
dataset as training data for the LLMs. We will follow the
standard procedure for the train-test split based on the size of
our data [Tan et al., 2021] and calculate F1 and cF1 scores
accordingly [Yacouby and Axman, 2020].

Using the results from manual annotation, sentiment anal-
ysis, and LLM classifications, we will develop metrics for
HRI bias (RO6). The results of the LLMs’ accuracy to de-
tect homelessness and HRI bias will indicate the feasibility
of generating an ongoing international homelessness and HRI
index. The index will allow the tracking of homelessness
and HRI bias over time, correlate it with social and political
events, and inform homelessness-alleviation policy-making.

Auditing Existing LLLMs for Homelessness and HRI Bias

In addition to evaluating how well existing LLMs can iden-
tify bias against PEH and HRI bias, we will also evaluate if
biased text is produced by LLMs (RQ4, RO9). We will con-
duct this evaluation by prompting the LLMs with statements
and require the LLMs to “fill in the blank” or autocomplete
the statement. For example, we will ask the LLMs to com-
plete the question, “Why do homeless people ...?” [Leidinger
and Rogers, 2024]. We will also ask the LLMs to complete
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statements like, “The homeless person ...” [Gallegos erf al.,
2024]. Based on the criteria developed while annotating the
“Gold Standard” dataset, we will evaluate and compare the
LLMs in scope.

Homelessness and HRI Bias Mitigation in LLMs

We will also utilize prompt engineering to reduce homeless-
ness bias, based on the classifications outlined in the “Gold
Standard” dataset (RQS5, RO10). Similar methods have been
used when comparing how different models reduce other
types of social bias [Raj et al., 2024]. We foresee that these
models will not be perfect for mitigating bias against PEH.
Therefore, we will assess which models perform the best and
integrate other LLM methods where appropriate.

3.2 Comparative Study on Homelessness Bias
Among US Counties

The comparative study on homelessness bias among US
counties will allow us to answer RQ1 and outputs RO7 and
ROS. Because we are interested in testing the hypothesis that
racial fractionalization increases bias [Alesina and Glaeser,
2013], we have chosen counties that have similarities in con-
founding factors like homelessness and poverty levels but dif-
ferences in racial fractionalization. The preliminary list of
sociodemographic confounding factors we will account for
are: population, poverty, homelessness, income inequality,
and public assistance. We have collected data about these
confounding factors as well as racial fractionalization using
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sources such as the United States Census Bureau [U.S. Cen-
sus Bureau, 2024] and the U.S. Department of Housing and
Urban Development’s (HUD) Point-in-Time Estimates (for
homelessness) [United States Department of HUD, 2024].
Then, we used K-means clustering [Likas ef al., 2003] and
qualitative analysis to choose counties that had similar rates
of confounding factors with different rates of racial fraction-
alization. The homelessness rate numbers may not fully cap-
ture the true homelessness rate at the county level because
HUD’s data is reported by the census Continuum of Care
(CoC) regions rather than by county. Although we apply a
CoC to county mapping [Byrne et al., 2013], this process can
introduce effects on the data.

We have identified two sets of counties to analyze and com-
pare, as seen in Table 1. The first set of counties, which
includes San Francisco County, has larger populations, high
homelessness rates, and contains cities whose homelessness
crisis is often discussed in public discourse. We chose to ana-
lyze this set of counties because we want to address the sever-
ity of the homelessness crisis. The second set of counties,
which includes St. Joseph County, has smaller populations
and lower rates of homelessness. We have chosen this second
set because our local partners have expertise in South Bend,
Indiana, which is located in St. Joseph County, and will be
able to provide nuanced input on the data.

Once we obtain the geolocalized online homelessness and
HRI bias results per county, we will examine whether there
is a correlation with racial fractionalization, when the con-
founding factors are similar (RQ1). We will utilize this in-
formation to make policy recommendations (RQ2, RO11). In
line with Alessina’s hypothesis [Alesina and Glaeser, 2013],
this evidence aims to open new paths for homelessness allevi-
ation by acting on the stigmatization of marginalized groups,
changing the narrative that justifies the discrimination against
PEH.

4 Expected Social Impact

The project aims to offer new insights to understand the phe-
nomenon of bias against PEH. While traditional efforts to al-
leviate homelessness have focused on meeting the basic mate-
rial needs of PEH, increasing studies document that the need
of affiliation, having the social basis of self-respect and be-
ing treated as a dignified human being are at least equally
important to effectively respond to this urgent social chal-
lenge [Narayan and Petesch, 2002; Marshall et al., 2024].
In that respect, the project expects to evaluate generally ac-
cepted assumptions that justify bias against PEH, (including
its correlation between high public spending or high crim-
inality), versus potential alternative associated factors, such
as racial fractionalization [Alesina and Glaeser, 2013], and
therefore, racism. We expect, therefore, to act on the allevi-
ation of homelessness by tackling the public narrative about
the phenomenon, which is an obstacle to policies that miti-
gate poverty [Applebaum, 2001]. We will provide empirical
data on the intersectionality of homelessness bias, racial dis-
crimination, and the marginalization of minority groups in the
US. Our study changes the focus of homelessness mitigation
to the whole social fabric [Comim et al., 2020].
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Secondly, this project expects to contribute to solving ur-
gent social challenges in a pilot project in the city of South
Bend, Indiana, USA. South Bend faces difficulties in alle-
viating homelessness that are representative of cities across
the nation. Namely, the building of a new shelter in South
Bend has been met with concern by local residents [Del-
lacca, 2024]. We will collaborate with experts in South Bend
throughout our project. When we have a strategy for counter-
acting bias online, we will pilot our strategy in online com-
munities frequented by South Bend residents. We will also
compare South Bend’s county to counties across the nation
to provide insight for South Bend’s policy-makers. Within
this scalable local pilot, our goal is to help the local commu-
nity understand what is behind homelessness bias and how to
implement more effective policies.

Moreover, by working with local non-profits, who are
an integral part of our research team, our project aims to
tackle one of the main discriminatory consequences of social
stigmatization: PEH are not given a voice. This lack of voice
is echoed in a study compiling the experiences of over 40,000
impoverished individuals in 50 countries, which found that
“The mere fact of being poor is cause of being isolated, left
out, looked down upon, alienated, pushed aside and ignored”
[Narayan and Petesch, 2002].

Finally, our work will help counteract homelessness bias
online, reducing toxicity in LLMs and social networks. We
will provide a lexicon and a manually annotated dataset that
will serve the research community to better identify, classify,
and mitigate this type of bias online and its intersection with
racism. Additionally, because social stigma can lead to vio-
lence [Allport, 19541, mitigating bias online can contribute to
reducing violence against PEH.

5 Evaluation Criteria

The following criteria will be used at each project stage:

1. Lexicon (RO1). Once validated by the domain experts
and non-profit organizations, we will evaluate the pertinence
of each term by considering its usage frequency [Mikolov et
al., 2013]. Finally, we will ensure the strength of the terms’
associations with homelessness using Pointwise Mutual In-
formation [Kiritchenko et al., 2023].

2. Topic modeling (ROS5). We will compare our topics with
the those found by previous studies [Ranjit ef al., 2024; Curto
et al., 2024]. We expect to find similar topics, such as “Not
in my backyard” and undeservingness [Ranjit er al., 2024]
and criminalization and association with drugs [Curto et al.,
2024]. We will also ensure topic coherence and diversity. We
will use normalized pointwise mutual information to measure
topic coherence [Bouma, 2009]. For topic diversity, we will
use the percentage of unique words in the top 25 words of all
topics [Dieng et al., 2020].

3. Manual annotations (RO3, RO4). To evaluate our ex-
pert annotations, we will use qualitative and quantitative mea-
sures. For qualitative evaluation, the first subset of the anno-
tated dataset will be carefully discussed with domain experts
belonging to specialized non-profit organizations and govern-
ment collaborators. Moreover, annotation guidelines will be
generated from the first focus group discussions. For quanti-
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tative measures, we will measure inter-annotator agreement.

4. LLMs as classifiers (RQ3). We will evaluate how well
LLMs can classify our dataset by using the following met-
rics: accuracy, precision, recall, and F1 score [Hu and Zhou,
2024]. We will perform cross-validation by dividing our
dataset into multiple subsets. We will report the mean and
variance across all of our split datasets. Additionally, domain
experts will evaluate samples from the dataset and qualita-
tively describe the LLM’s performance.

5. Metrics on homelessness bias (RO6). After we ob-
tain homelessness and HRI bias metrics online, we will
compare them with existing models that detect harmful lan-
guage. We will first use existing bias metrics, including Re-
gard [Sheng er al., 2019], Holistic Evaluation of Language
Models (HELM) [Liang et al., 2022], and HateBERT [Caselli
et al., 2020] to score samples from our dataset. Then, we will
score the same samples using our bias metric. Human evalu-
ators will determine which metrics are most accurate.

7. LLM auditing (RO9, RQ4). When auditing existing
LLMs to determine how biased they currently are, we will
use our own bias-annotated dataset and homelessness-bias
detection guidelines, as well as the existing toxicity models
mentioned above. To evaluate our results, we will again have
human participants score the text produced by the LLMs and
compare their scores to our bias annotation guidelines. We
will also perform cross-validation and report the mean and
variance across our samples.

8. Mitigation strategy (RO10, RQS5). After developing a
strategy to counteract bias based on our findings, we will
evaluate how well our strategy works with our bias metric,
as well as additional metrics such as the rate of online com-
munity rule violations (noncompliance), toxicity, and level of
engagement [Srinivasan et al., 2019].

6 Limitations

Computational approaches that aim to contribute to com-
plex social challenges have numerous limitations, and our
project is not an exception. First, our data is not a ran-
dom representation of the population in the selected coun-
ties within the United States. In fact, 42 million people
in the United States do not have access to broadband inter-
net at home [International Telecommunication Union, 2024;
John Busby and Cooper, 20211, and we are just including a
selection of online resources in our study. Furthermore, we
are only using textual English data, so this data is not reflec-
tive of people who communicate online in other languages
or in other modalities like video and photos. Finally, we can
only analyze what people say online, which may or may not
accurately reflect what they are feeling or thinking.

7 Implementation, Scalability, and Economic
Sustainability

The project will span two years and is divided into three main
phases: (1) Data Collection and Initial LLM Evaluation; (2)
Bias Comparison across US counties, homelessness and HRI
bias metrics; and (3) Bias Mitigation Strategies. The timeline
can be found in Figure 2.
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This project was awarded the Strategic Framework Grant
from the University of Notre Dame, which guarantees the
implementation of the described research plan and expected
outputs. The project’s findings and resources, including the
annotated dataset, lexicon, and mitigation strategies, will be
made publicly available, promoting reproducibility and wider
adoption. The methodology developed in this project aims to
be applied to homelessness bias throughout the world, as well
as other forms of social bias. By focusing on open source
tools and creating publicly available data, the project ensures
long-term accessibility. The scope of this project focuses on
specific regions of the United States, but future work aims to
build on it at the international level.

By creating a diverse team of computer scientists, so-
cial scientists, and local community partners, we have laid
a strong foundation for interdisciplinary collaboration. By
working with non-profit organizations and the city council of
South Bend, Indiana, our team collaborates with local experts
to ensure the project’s relevance and impact.

Ethical Statement

Gathering data and analyzing it as described in the project
requires careful analysis from an ethical point of view. De-
spite working with domain experts and carefully evaluating
our approaches, we recognize that bias detection is often not
a black or white decision, and the data annotations made by
our team may be biased. We also note that the conclusions
of the aggregate data in the study do not represent every in-
dividual person within the geographic scope of the project.
Previous work has discussed the risks and ethical issues asso-
ciated with identifying and analyzing negative bias in online
spaces [Hovy and Spruit, 2016], especially with toxic lan-
guage detection [Vidgen et al., 2019]. We will follow the
ethical recommendations for the NLP domain, ensuring a hu-
man is in the loop for annotation processes, creating models
with built-in explainability [Cortiz and Zubiaga, 20201, and
mitigating overgeneralization [Hovy and Spruit, 2016].

Privacy recommendations are also relevant in this project.
In line with the European AI Act framework [European
Union, 2024] and the U.S. National Institute of Standards and
Technology (NIST) AI Risk Management Framework [NIST,
2024], we will anonymize and sanitize the data, careful not to
release any identifying information.

Additionally, we will discuss each step of the project with
domain experts and stakeholders (including non-profit orga-
nizations) and address their concerns.
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