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Abstract
Bias towards people experiencing homelessness
(PEH) is prevalent in online spaces. I leverage nat-
ural language processing (NLP) and large language
models (LLMs) to identify, classify, and measure
bias using geolocalized data collected from X (for-
merly Twitter), Reddit, meeting minutes, and news
articles across the United States. The results of
the study aim to provide a new path to alleviate
homelessness by unveiling the intersectional bias
that affects PEH. My research delivers a lexicon
on homelessness, compiles an annotated database
for homelessness and homelessness-racism inter-
sectional (HRI) bias, evaluates LLMs as classifiers
against these biases, and audits existing LLMs on
HRI. My goal is to contribute to alleviating home-
lessness by counteracting social stigma and restor-
ing the human dignity of the persons affected.

1 Introduction
During one night in 2024, 771,480 people in the United States
were recorded as experiencing homelessness, the highest
number ever documented [de Sousa and Henry, 2024]. These
numbers are continuing to rise, not only in the United States
but throughout the world. The last survey of homelessness
from the United Nations found that 100 million people were
homeless worldwide [Kothari, 2005]. Specifically, Nigeria,
Pakistan, and Afghanistan each have more than 4.5 million
people experiencing homelessness (PEH) [World Popula-
tion Review, 2024]. This shows that the social challenge of
homelessness persists throughout the world. Stigmatization
of PEH negatively affects the mitigation of homelessness in
many ways, since the belief that the poor are undeserving
reduces public support for mitigation policies [Applebaum,
2001]. My research 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
the PEH [Sen, 2001].

Recognizing the relationship between stigmatization of
PEH and efforts to reduce homelessness, I conduct research
in natural language processing (NLP) and large language
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models (LLMs) to identify, classify, measure, and counteract
stigma against PEH. My doctoral work aims to answer the
following research questions (RQs): RQ1 - How does home-
lessness bias vary across US regions, and what factors influ-
ence this variation? RQ2 - How well can existing LLMs clas-
sify stigmatization of PEH and HRI bias, and how can their
accuracy and performance be improved to meet classification
standards? RQ3 - How biased are existing LLMs towards
PEH (auditing)? RQ4 - How can we counteract homeless-
ness and HRI bias using LLMs and NLP?

2 Methodology
2.1 Prior Work
My Ph.D. work builds on previous research by using NLP and
LLMs to identify patterns in bias against PEH by addressing
the current limitations of LLMs when it comes to identify-
ing this type of bias, and counteracting it online with LLMs.
Existing related work presented an international comparative
study on the criminalization of poverty in online public opin-
ion [Curto et al., 2024], and a taxonomy of bias toward aporo-
phobia [Rex et al., 2025]. These studies provided evidence of
demeaning attitudes toward PEH [Ranjit et al., 2024]. How-
ever, previous studies on homelessness have been limited by
lexicons containing a single word, ‘homelessness’, and by
collecting data from a single media source [Ranjit et al.,
2024]. Moreover, previous studies do not establish clear cor-
relations that explain the potential beliefs and biases against
PEH.

2.2 Project Pipeline
To fill these gaps, I started by creating an initial lexicon with
the words: “homeless”, “homelessness”, “housing crisis”,
“affordable housing”, “unhoused”, “houseless”, “housing in-
security”, “beggar”, “squatter”, “panhandler”, and “soup
kitchen”. I am using the lexicon to scrape data from small and
large counties in the United States that have similar socioeco-
nomic demographic factors, including homelessness rates. To
establish the potential association of homelessness bias with
racism, I am collecting data in counties with differing racial
fractionalization scores to determine whether racial fraction-
alization contributes to the bias of PEH, as stated in social sci-
ence literature [Alesina and Glaeser, 2013]. After anonymiz-
ing the data, human domain experts will annotate the set of
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Figure 1: Our pipeline (Section 2.2) begins by using our lexicon to gather online data. We then anonymize it, have experts annotate a portion
to create a “Gold Standard,” use an LLM to classify the rest, develop an HRI metric, and implement a bias mitigation strategy.

data to define what we consider to be biased. The primary
level classifies the text as “direct” or “reporting” bias [Rex et
al., 2025] against PEH. This annotated dataset will constitute
our “Gold Standard” to determine the efficacy of LLMs in de-
tecting homelessness bias. The second level annotation will
be performed based on the topics found by the topic modeling
on our initial collected data, similar to previous studies [Ran-
jit et al., 2024]. Using the results from manual annotation and
LLM classifications, I will also develop metrics for HRI bias,
using existing lexicons on racism. The results of the LLMs’
accuracy in detecting bias will indicate the feasibility of cre-
ating an HRI index. The index would allow the tracking of
homelessness and HRI bias over time, correlating it with so-
cial and political events, to inform homelessness-alleviation
policy-making. In addition to evaluating how well existing
LLMs can identify bias against PEH and HRI bias, I will eval-
uate how well LLMs can mitigate it.

3 Limitations and Ethical Considerations
The online data that I am collecting does not cover the en-
tire U.S. population, since 9.78 million people lack broad-
band access [Palmer, 2025]. I also only use a subset of on-
line resources to analyze English textual data. This does
not represent non-English speakers or other communication
modalities. Additionally, I am only able to analyze online
statements, which may not fully reflect individuals’ personal
thoughts or feelings. I also recognize the risks and ethical
issues inherent in identifying and analyzing negative bias in
online spaces [Hovy and Spruit, 2016], including those asso-
ciated with toxic language detection [Vidgen et al., 2019].
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