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Abstract

This paper presents an LLM-driven approach
for constructing diverse social media datasets
to measure and compare loneliness in the care-
giver and non-caregiver populations. We in-
troduce an expert-developed loneliness evalua-
tion framework and an expert-informed typol-
ogy for categorizing causes of loneliness for
analyzing social media text. Using a human-
validated data processing pipeline, we apply
GPT-4o, GPT-5-nano, and GPT-5 to build a
high-quality Reddit corpus and analyze loneli-
ness across both populations. The loneliness
evaluation framework achieved average accura-
cies of 76.09% and 79.78% for caregivers and
non-caregivers, respectively. The cause catego-
rization framework achieved micro-aggregate
F1 scores of 0.825 and 0.80 for caregivers and
non-caregivers, respectively. Across popula-
tions, we observe substantial differences in
the distribution of types of causes of loneli-
ness. Caregivers’ loneliness were predomi-
nantly linked to caregiving roles, identity recog-
nition, and feelings of abandonment, indicat-
ing distinct loneliness experiences between
the two groups. Demographic extraction fur-
ther demonstrates the viability of Reddit for
building a diverse caregiver loneliness dataset.
Overall, this work establishes an LLM-based
pipeline for creating high quality social me-
dia datasets for studying loneliness and demon-
strates its effectiveness in analyzing population-
level differences in the manifestation of loneli-
ness.

1 Introduction

Caregivers, people who provide ongoing care to an-
other as a result of a medical condition, are a grow-
ing population in the United States. From 43.5 mil-
lion estimated caregivers in 2015 to 63 million in
2025, 1 in 4 American adults are caregivers (AARP
and for Caregiving, 2025). Caregivers face a height-
ened risk of loneliness. Loneliness, a public health
concern, is associated with health challenges such

as depression, sleep disorders, and increased risk
of obesity and diabetes (Bonin-Guillaume et al.,
2022; Gray et al., 2019). While caregivers are a sig-
nificant and increasing population, there remains a
lack of specialized frameworks for understanding
loneliness in caregivers (McRae et al.; Victor et al.,
2020; Vasileiou et al., 2017).

Following the advent of Large Language Models
(LLMs), there is still a dearth of quantitative inves-
tigation that applies state-of-the-art models to un-
cover new typologies, understandings, and facets of
caregiver loneliness across contexts. While datasets
for loneliness detection and categorization are avail-
able, there are limited available datasets for the
study of loneliness in caregivers that enable the ap-
plication of psychologically grounded frameworks
designed for a social media and caregiving con-
text (Yang et al., 2023; Jiang et al.; Fujikawa et al.,
2024).

Thus, this work leverages LLMs and expert-
informed frameworks to analyze loneliness social
media data, enabling comparison of the manifes-
tation of loneliness across the caregiver and non-
caregiver populations.

We are guided by the following research ques-
tions:

1. Is it feasible to utilize Reddit posts to study
loneliness, particularly in caregivers, by build-
ing a high quality and diverse dataset?

2. Are LLMs capable of being applied to ef-
fectively analyze loneliness in accordance
with psychologically grounded and expert-
informed guidelines?

3. Through the application of LLMs, can we
compare the experience of loneliness across
the caregiver and non-caregiver populations?

This work produced the following key contribu-
tions:
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1. A validated data processing pipeline for evalu-
ating and analyzing loneliness in Reddit data.

2. A high quality dataset of Reddit posts from the
caregiver and non-caregiver populations, with
extracted measurements of loneliness, catego-
rized cause(s) of loneliness, and demographic
information.

3. An expert-produced adaptation of the UCLA
Loneliness scale for measuring loneliness in
social media data.

4. An expert-informed framework for categoriz-
ing causes of loneliness that reflects themes
of caregiver loneliness.

2 Related Work

While NLP has been applied to a variety of mental
health contexts, application to the assessment or
analysis of loneliness has been limited (Yang et al.,
2023). One challenge explored by prior works is
handling ambiguity in both defining and catego-
rizing loneliness via a psychologically grounded
framework. A frequently cited definition of lone-
liness is that loneliness is a situation where there
is an unpleasant lack of or quality of relationships,
including when one’s desired amount of relation-
ships or level of intimacy in relationships is less
than one’s actuality (Gierveld, 1998). Other defini-
tions add an aspect of perceived inability to attain
one’s desired state of connection, emphasizing the
importance of internal subjective experience in the
experience of loneliness (Motta, 2021).

Existing works have worked toward building
loneliness datasets, detecting loneliness, and an-
alyzing loneliness. Fujikawa et al. (2024) worked
toward creating a Japanese language loneliness
dataset with annotation guidelines for the inten-
sity of loneliness, using a pre-trained BERT model
to classify whether text expressed loneliness or not
and whether the intensity was strong or weak.

For measuring loneliness, the UCLA Loneliness
Scale and the De Jong Gierveld Loneliness Scale
are frequently used (de Jong-Gierveld and Kam-
phuls, 1985; Gierveld and Tilburg, 2006). The
UCLA Loneliness Scale introduces a 20-item scale
where each item is a first person statement regard-
ing how an individual feels, relating to loneliness,
and is rated based on one’s frequency of feeling
like the statement (Russell et al., 1978). Garg
et al. (2023) applied multiple loneliness scales and
explored the appropriate amount of inference to

annotate Reddit data for detecting loneliness and
the cause of the loneliness, resulting in the LonX-
plain dataset. This work tested the performance
of Word2Vec, GloVe, and Gated Recurrent Units
for a binary loneliness detection task with GloVe
and GRU achieving an F1 score 0.77 and an ac-
curacy of 0.78. Leveraging Local Interpretable
Model-Agnostic Explanations (LIME), this work
demonstrates the interest using textual evidence to
categorize loneliness.

When analyzing and categorizing types of loneli-
ness, there is not a comprehensive, widely accepted,
detailed framework. Two commonly used types
are "social," loneliness from a lacking quantity of
relationships, and "emotional," loneliness from a
lack of close relationships (Russell et al., 1984).
Other categorizations include characterizing loneli-
ness based on temporality, distinguishing transient
lonely moods, chronic loneliness, and situational
loneliness (Motta, 2021). Jiang et al. applied 2
BERT-based models for binary loneliness classifi-
cation and fine-grained category classification to
Reddit posts. This work compared loneliness ex-
pression across 2 settings: young adult and loneli-
ness related subreddits. They used a schema with
four main categories: duration, loneliness context,
mentioned interpersonal relationships, and coping
strategy type. This work proved the potential of
automatic detection of loneliness categorization
and demonstrated a model framework for captur-
ing multidimensional aspects of loneliness.

However, there is limited exploration of building
high quality datasets that enable in-depth analysis
of loneliness, particularly in the LLM-based appli-
cation of expert-created loneliness evaluation and
categorization frameworks. Within the caregiver
population, experiences of loneliness are strongly
influenced by the caregiving role. Four themes of
loneliness that arise from caregiving include: (1) a
loss of psychological, personal, and physical space
due to caregiving responsibilities (2) loss of and
changes to close relationships, such as with the
care recipient (3) a lack of social recognition of
the caregiver role and difficulty relating with non-
caregivers (4) feelings of helplessness to improve
their situation due to a sense of sole responsibil-
ity (Vasileiou et al., 2017). Thus, frameworks that
recognize population-specific aspects of loneliness
are needed to build and analyze population-specific
datasets. Our work builds on these prior works to
detect, measure, and analyze caregiver and non-
caregiver loneliness from Reddit posts to investi-
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gate the application of tailored and complex anno-
tation frameworks via a validated LLM-powered
data processing pipeline.

3 Methodology

3.1 Data Collection

We used the Python Reddit API Wrapper (PRAW)
to gather Reddit posts written by lonely au-
thors in both the caregiver and non-caregiver
populations. Our dataset consists of 15 subred-
dits. 8 "caregiver" subreddits that are related
to caregivers or a diagnosis (r/AgingParents,
r/cancer, r/CancerCaregivers, r/caregivers,
r/caregiversofreddit, r/CaregiverSupport,
r/dementia, r/DementiaHelp) and 7 "non-caregiver"
subreddits (r/alone, r/ForeverAlone, r/loneliness,
r/lonely, r/lonelywomen, r/mentalhealth,
r/offmychest). 28,351 posts were scraped
from the caregiver subreddits and 41,619 posts
were scraped from the non-caregiver subreddits.

To explore the likelihood of cross-population
contamination, 202 posts were randomly sampled
from the non-caregiver subreddits and annotated
for being written by a caregiver, with none found
to be written by a caregiver, thus corroborating the
"caregiver" subreddit and "non-caregiver" subred-
dit delineation.

3.2 Data Preprocessing and Relevance
Judging

We applied a token count filter using the tiktoken
package, Reddit posts below a token count of 150
and above 1000 were filtered out based on the hy-
pothesis that excessively short posts were likely to
lack enough textual evidence for meaningful analy-
sis of loneliness while excessively long posts may
have a diminished quality of writing.

Following the token count filter, regular
expression-based preprocessing for detecting ir-
relevant posts was applied to the caregiver sub-
reddits’ posts. Regular expression filtering was
only utilized on the caregiver subreddits as their
more limited range of topics compared to the non-
caregiver subreddits allowed for the identification
of specific phrases that indicated irrelevance or rel-
evance. A student annotated sample (n=692) from
the caregiver subreddits was annotated for whether
or not the post’s author was a caregiver resulted
in subreddit-specific regular expressions. Regu-
lar expressions were chosen based on a qualitative
investigation of this sample. For example, posts

soliciting participation in research surveys were
common in subreddits that lacked moderation and
were able to be filtered out with keywords detecting
the presence of weblinks or survey-related terms.
Keywords that indicated the care recipient was in
full-time care and thus not being cared for such
as "in memory care" or "in assisted living" were
also used as indicators of irrelevance. For disease
oriented subreddits such as r/cancer and r/dementia,
phrases that indicated the author was the patient
such as "my cancer" or "I have cancer" were used
as an indicator of irrelevance. For r/AgingParents,
regex filtering for terms related to caregiver was
used to detect relevant posts, as the subreddit was
anticipated to have a lower proportion of caregiving
related posts.

Following preprocessing, relevant posts were de-
termined via a relevance judging step with the aim
of filtering out obviously irrelevant posts to reduce
the dataset size that was ultimately run through
the more complex and costly downstream steps.
Thus, a low precision was considered acceptable
for this step and we prioritized achieving a high
recall. For posts from the caregiver subreddits,
relevance was based on if a post was written by
a caregiver, with GPT-4o achieving a precision of
0.971, recall of 0.937, and F1 score of 0.955 against
a student annotated sample (n=692). For the non-
caregiver subreddits, we applied GPT-5-nano to
detect if the author was discussing their experience
of loneliness, in first person, with textual evidence,
achieving a precision of 0.583, recall of 1, and F1
score of 0.737 against a student annotator (n=202).

3.3 Loneliness Evaluation Framework
To facilitate the creation of a loneliness evalua-
tion framework, we built a preliminary dataset of
Reddit posts that were judged to be written by a
caregiver and scored highly on a prompt applying
an unmodified UCLA Loneliness Scale. A sample
of 29 high scoring posts was annotated by three co-
author experts, professors of nursing with expertise
in gerontology, loneliness, caregiver well-being,
and technological/AI interventions, to inform the
production of a modified version of the UCLA
Loneliness scale. Based on this annotation pro-
cess, we modified the scale’s items such that it was
more suitable for measuring the degree of loneli-
ness from the perspective of a third party annotator
reading open-ended Reddit data. Items were modi-
fied to be in the third person, such as "The author
is unhappy doing so many things alone." The avail-
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able answer choices for each item were simplified
to "yes," indicating the presence of explicit textual
evidence supporting the item, and "no," indicating
the presence of evidence negating an item, with the
addition of "not judgeable," representing a lack of
relevant evidence, to account for the open-ended
nature of Reddit. Detailed coding guidelines were
introduced for each item that clarified the definition
of each item, especially for application to the care-
giver population. The coding guidelines included
strict criteria for when to label "yes," "no," and "not
judgeable" for each item along with examples of
relevant topics to reduce ambiguity (See Table 4 in
Appendix A.1). Additionally, the experts judged 5
of the original UCLA scale’s items to be difficult
to apply from the perspective of a third party and
removed them from our modified scale.

We convert each label to a numeric score us-
ing the following scoring framework, with a high
loneliness score indicating a higher degree of lone-
liness.

Item Score =





Yes 7→ 1,

No 7→ −1,

Not Judgeable 7→ 0.

Loneliness Score =

15∑

i=1

itemi

3.4 Cause of Loneliness Categorization
Framework

Based on our literature survey and qualitative analy-
sis of our collected Reddit posts, we created a cause
of loneliness categorization framework that defines
7 distinct types of causes of loneliness. Our frame-
work includes criteria for each type and guidelines
that clarify each definition’s verbiage with the aim
of minimizing ambiguity between types (See Table
5 in Appendix A.2). This framework uses 2 axes:
category of cause of loneliness and whether or not
the cause is related to being a caregiver. Our frame-
work was developed with review from a professor
of nursing with expertise in loneliness, gerontology,
and caregiving.

1. Social: Dissatisfaction with quantity of rela-
tionships and/or frequency of social contact.

2. Emotional: Dissatisfaction with the closeness
or intimacy of the author’s relationship(s).

3. Physical: A loss of physical space, physical
capacity, and/or physical and temporal bound-
aries.

4. Mental Health: A pre-existing mental health
condition or state of poor mental health exis-
tent prior to the experience of loneliness.

5. Relational: A discrepancy in the author’s
perception of themselves and their social net-
work’s perception of the author’s identity, cir-
cumstances, or role.

6. Network: A sense of abandonment by the
author’s existing social network, often from a
lack of physical labor or emotional support.

7. Other: The cause of the author’s loneliness is
not fully described by any prior category.

3.4.1 Annotation Procedure
Using the sample of 29 high scoring posts from the
caregiver subreddits, we also took a proportional
sample of 202 posts from the non-caregiver subred-
dits, applying the same score threshold to gather
31 high-scoring posts. Our aim was to gather 2
similarly-sized samples of posts written by lonely
authors of both populations. Score thresholding
was applied to prioritize prompting performance
on texts exhibiting loneliness, versus texts with an
absence of loneliness, and to validate our loneliness
evaluation and cause categorization frameworks
against texts that exhibited loneliness. The sample
size of approximately 30 posts was chosen in order
to reasonably limit annotation time and to priori-
tize high quality annotations over quantity. These
two samples were annotated by a student annota-
tor using the loneliness evaluation framework and
the cause categorization framework to validate the
data processing pipeline’s prompts. For the demo-
graphic feature extraction step, 3 expert annotators
independently labeled subsets of the caregiver sam-
ple (19, 19, and 20 posts, respectively), yielding
29 double-annotated posts across 9 demographic
attributes, achieving an average Cohen’s kappa of
0.84. These expert annotations were merged by a
student annotator into a single ground truth dataset.

4 Results

4.1 Loneliness Evaluation Performance
Following relevance judging, we applied the lone-
liness evaluation framework with GPT-5, using
prompts that required the identification of explicit
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textual evidence, to measure the degree of loneli-
ness exhibited by each post’s author.

Caregiver (n=29) Non-caregiver(n=31)

Item Accuracy (%) Accuracy (%)

1 86.21 93.55
2 75.86 83.87
3 82.76 83.87
4 68.97 83.87
5 68.97 83.87
6 62.07 77.42
7 72.41 74.19
8 72.41 74.19
9 75.86 67.74
10 62.07 70.97
11 65.52 67.74
12 79.31 80.65
13 75.86 77.42
14 96.55 83.87
15 96.55 93.55

Overall 76.09 79.78

Table 1: Loneliness evaluation accuracy by item for
samples of the caregiver and non-caregiver subreddits.

As presented in Table 1, GPT-5’s average accu-
racy against the ground truth is relatively low at
76.09% for the caregiver sample and 79.78% for
the non-caregiver sample. Accuracy was computed
using exact label matching, with all incorrect pre-
dictions treated equally regardless of whether the
label was “yes,” “no,” or “not judgeable.” Accu-
racy per label widely varied. In the caregiver sam-
ple, the accuracy ranged from 62.07% to 96.55%;
the three best performing items were item 1, item
14 and item 15, in descending order. In the non-
caregiver sample, the accuracy ranged from 67.74%
to 93.55%; the three best performing items were
item 1, item 15, and items 14, 2, 3, 4, 5 (See Table
4 in Appendix A.1 for and excerpt of the items).

GPT-5 had the lowest accuracy on the "no" label
in both samples (63.158% accuracy in the caregiver
sample, 46.667% accuracy in the non-caregiver
sample), with relatively high performance on the
"yes" and "not judgeable labels (detailed results in
Appendix A.5).

We then applied this loneliness evaluation
prompt to the dataset of Reddit posts, applying
a total loneliness score threshold of 7, inclusive, to
gather the posts written by authors experiencing a
high degree of loneliness. Given the scoring range
of -15 to +15, we chose 7 such that at least half of
the 15 items of our framework should be able to
be judged as "yes" using textual evidence from the
post.

4.2 Cause of Loneliness Categorization
Performance

Following the loneliness score thresholding, GPT-
5 was applied to the remaining posts to identify
and categorize causes using the cause categoriza-
tion framework. GPT-5’s performance against
human annotation is shown in Table 2. GPT-5
performed well, achieving a micro-aggregate F1
score of 0.825 in the caregiver sample and a micro-
aggregate F1 score of 0.8 in the non-caregiver sam-
ple. Recall was higher in the caregiver sample than
the non-caregiver sample, (0.87 versus 0.78 micro-
aggregate recall), but precision was lower in the
caregiver sample than the non-caregiver sample
(0.784 versus 0.78 micro-aggregate precision). The
macro-aggregate F1 score was much lower than
the micro-aggregate F1 score for both samples, re-
flecting high performance on frequent classes but
poorly on rare classes.

Table 3 presents the results for identifying both
the correct type of cause and whether it is related
to caregiving, for the caregiver sample, as the non-
caregiver sample did not contain any causes labeled
as related to caregiving. We see lower performance,
with a micro-aggregate F1 score of 0.721.

4.3 Demographic Extraction Performance

We chose demographic attributes of interest that
are related to the caregiving context to measure
the overall diversity of the dataset at a macro-level.
Following score thresholding, we used GPT-4o to
extract 9 demographic attributes (caregiver gender,
caregiver age, caregiving duration, patient gender,
patient age, patient diagnosis, caregiver relation-
ship with to patient, patient relationship with care-
giver, relationship type) from the caregiver sub-
reddits’ posts. Against the ground truth, GPT-4o
achieved an overall accuracy of 88.31% (See Table
6 in Appendix A.2 for further details).

4.4 Final Dataset

After applying our data processing pipeline of pre-
processing, relevance judging, loneliness evalu-
ation and loneliness score thresholding, 28,351
scraped posts from caregiver subreddits resulted
in a final dataset of 387 posts written by lonely
caregivers. From 41,619 scraped posts from the
non-caregiver subreddits, a proportional sample of
4991 posts was fed into the data processing pipeline
with the aim of achieving an approximately 1:2 ra-
tio of the dataset sizes between caregivers and non-
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Caregiver Sample (n=29) Non-caregiver Sample (n=28)

Type Precision Recall F1 Accuracy Count Precision Recall F1 Accuracy Count

Social 0.6 0.75 0.667 0.897 4 0.92 1 0.958 0.929 23
Emotional 0.667 0.8 0.727 0.897 5 0.75 0.857 0.8 0.786 14
Physical 0.667 0.857 0.75 0.862 7 0 0 0 0.893 1
Mental Health 0 0 0 0.931 0 1 0.333 0.5 0.714 12
Relational 0.923 0.923 0.923 0.931 13 0.333 0.5 0.4 0.893 2
Network 0.938 0.882 0.909 0.897 17 1 0.857 0.923 0.964 7
Other 0 0 0 1 0 0 0 1 0

Aggregate 0.916 46 0.883 59
Macro-Agg. 0.542 0.602 0.568 0.571 0.507 0.512
Micro-Agg. 0.784 0.87 0.825 0.821 0.78 0.8

Table 2: Metrics for cause of loneliness categorization on the caregiver and non-caregiver sample, with macro-
aggregate and micro-aggregate metrics, rounded to the nearest thousandth. Due to an error, 28 of the 31 posts in the
non-caregiver sample were utilized.

Type, Related
to Caregiving Precision Recall F1 Accuracy Count

Social 0.5 0.667 0.571 0.897 3
Emotional 0 0 0 0.793 5
Physical 0.333 1 0.5 0.793 3
Mental Health 0 0 0 0.931 0
Relational 0.923 0.857 0.889 0.897 14
Network 0.933 0.824 0.875 0.862 17
Other 0 0 0 1 0

Aggregate 0.882
Macro-Agg. 0.384 0.478 0.405
Micro-Agg. 0.705 0.738 0.721

Table 3: Metrics for cause of loneliness categorization
for identifying the correct type of cause and if a cause is
related to the author being a caregiver, on the caregiver
sample rounded to the nearest thousandth.

caregivers, for a final dataset of 908 posts written
by lonely non-caregivers (See Table 7 and Table 8
in Appendix A.4 for details).

4.5 Cause Distribution

The cause of loneliness categorization framework
was applied to both population’s final datasets. Fig-
ure 1 shows the distribution of posts containing a
cause of a given type, expressed as a proportion of
all posts. We observe a distinct distribution of the
types of causes of loneliness across the two popula-
tions. In posts written by caregivers, "network, re-
lated to caregiving" was the most widely found type
of cause (56.1% of posts) followed by "relational,
related to caregiving" (37.13%) "physical, related
to caregiving" (29.54%). In the non-caregiver
dataset, the most commonly present types were
"social, not related to caregiving"(74.19%) and
"emotional, not related to caregiving," (47.83%)
and "network, not related to caregiving" (23.58%).
Caregivers did have causes of loneliness unrelated
to caregiving, with "social, not related to caregiv-

ing" (16.53%) and "emotional, not related to care-
giving" (7.32%) being the most common. In both
datasets, all types except other were present, when
aggregating across related to or not related to care-
giving.

4.6 Demographic Extraction
We applied our demographic extraction prompt to
the caregiver loneliness dataset from an aggregate
perspective. From the original 9 categories, 6 were
used that were of interest to learn about the diver-
sity of the caregiver dataset. Across 6 demographic
attributes (caregiver age, caregiving duration, care-
giver gender, caregiver relationship with patient,
patient age, caregiver category based on patient di-
agnosis) the proportion of posts with known infor-
mation for a given category averaged 50.267% with
caregiver gender being the least known (25.323%)
and caregiver relationship to patient being the most
known (95.833%).

Out of the known posts, extracted demographic
information was cleaned and categorized into bins.
We can see that our dataset of high quality posts for
the caregiver population is a diverse dataset across
all 6 demographic categories, with all categoriza-
tion bins for each demographic attribute having
representation in the dataset (See Appendix A.6 for
details).

5 Discussion and Analysis

5.1 Feasibility of Applying Psychological
Frameworks to Reddit Data

For the loneliness evaluation step, when selecting a
loneliness threshold, there is a trade off between the
dataset quality and the size of the dataset, especially
for posts written by lonely caregivers. From the
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Figure 1: Proportion of all posts with a identified cause(s) of a given type in the caregiver and non-caregiver datasets.

caregiver subreddits, only 387 posts out of 28,351
posts (1.36%) passed the score threshold of a total
loneliness score greater than or equal to 7, indi-
cating that the prevalence of high quality posts in
the chosen caregiver subreddits is very low. As the
posts were collected over 6 months, these subred-
dits are not fast-growing, indicating a ceiling on
the amount of caregiver related posts available on
Reddit. Thus, lowering the score threshold may be
necessary to increase the dataset size.

The aggregate accuracy (76.09% for the care-
giver sample and 79.78% for the non-caregiver sam-
ple) suggests that GPT-5 is capable of accurately
applying complex, psychologically grounded, an-
notation frameworks to measure loneliness based
on social media text data.

For the model’s performance, the GPT-5 had
relatively high performance on the "yes" label
(76.016% accuracy on the caregiver sample ver-
sus 87.903% accuracy on the non-caregiver sam-
ple) and "not judgeable" (79.47% versus 72.777%)
labels, with lower performance on the "no" label
(62.158% versus 46.667%) for both samples, sug-
gesting the model is able to identify if textual evi-
dence satisfies detailed coding criteria. The model
is also able to accurately identify the absence of rel-
evant textual evidence. However, when it comes to
identifying textual evidence that negates an item of
the loneliness evaluation scale, performance is no-
tably lower (see Figure 2 and Figure 3 in Appendix
A.5 for detailed confusion matrices).

Our final dataset contains 387 posts written by
lonely caregivers and 908 posts written by lonely
non-caregivers that passed a score threshold of 7,
meaning at least 7 out of 15 items on the lone-
liness scale were answered yes, with each item
supported by exact, textual evidence. This demon-
strates the feasibility of using Reddit as a scalable
source of population-specific loneliness data, en-
abling the study of loneliness outside of interview-
ing or survey-based methods.

In the non-caregiver sample, GPT-5’s mean
(7.17) and median (8) cumulative loneliness scores
and the annotator’s mean (7.59) and median (7)
were similar. However, in the caregiver sample,
the annotator’s mean (7.17) was 1.48 greater than
GPT-5’s mean (5.69) and the annotator’s median
(8) was greater by 2 than GPT-5’s median (6). As
the prompt required providing explicit relevant evi-
dence without any inference beyond the text, this
suggests a discrepancy between what the annota-
tor considered explicit, relevant evidence and the
model. As the topic of the caregiver subreddits
is not loneliness or mental health, there may be
more ambiguous language that was explicit to the
annotator, but not the model. Conversely, the an-
notator may have used more inference than the
model. Thus, there may be a tradeoff between re-
quiring explicit evidence and reducing inference
for better model performance, and potentially miss-
ing evidence, resulting in fewer posts passing the
loneliness threshold and a smaller final dataset.
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Of the extracted 9 demographic attributes, we
analyzed 6. Information for a given demographic
attribute was able to be identified in an average
of 50.267% of posts, suggesting Reddit users, de-
spite the anonymous nature of the platform, are
willing to share demographic information that is
relevant to the subreddit topic, suggesting diver-
sity can be examined via Reddit (see Table 9 in
Appendix A.7 for per-attribute details). In the care-
giver loneliness final dataset, all 6 demographic
attributes have all of their categories represented in
the dataset. We find that our dataset is diverse, sug-
gesting our findings on population-level differences
across caregiver and non-caregivers is informed by
the experiences of a diverse range of caregiving
contexts, supporting the robustness of our findings
(See Appendix A.6 for detailed distributions of
labels within each demographic attribute). Regard-
ing specific attributes, for caregiver age, age tended
to skew younger with 57.1% of caregivers being
age 30 or below, among known labels, potentially
impacted by the social media context. A high pro-
portion of caregivers were the child or grandchild
of their care recipient(s) at 62.9% of known labels.
Care recipient’s ages tended to be older, with 72.5%
of care recipients being 51 or older, among known
labels.

Caregivers caring for patients with cancer and
dementia were substantial proportions, at 27.5%
and 22.4% of caregivers, among known labels, in-
dicating that the contexts of dementia and cancer
are not only significant groups in the caregiving
population, but also significant groups when per-
taining to caregiver loneliness. Additionally, diag-
nosis has a significant miscellaneous category at
40.1%, demonstrating that while dementia and can-
cer are significant portions, our findings are based
on a diverse representation of caregivers caring for
many types of patients.

5.2 Prompting for Loneliness Analysis
For the cause categorization stage, we found sev-
eral prompting strategies that improved perfor-
mance. Firstly, the prompt included instructions to
only consider current and explicitly stated causes
of loneliness and to not make assumptions beyond
the text in order to prevent misconstruing text that
was generally related to loneliness as evidence for
the presence of a specific type of cause of loneli-
ness. This reduced the amount of inference and
assumption the model would make, improving the
precision at the expense of recall, as the model

identified fewer but more accurate causes of the
correct types.

To restrict the number of causes identified, the
prompt also prohibited repeated usage of textual
evidence across causes. This would encourage the
causes to be distinct and reflect different types of
causes opposed to several causes of the same type.
To clarify causes of loneliness that may have some
edge cases of overlap between types, the prompt
included some prioritization rules. For example,
sometimes the model would fail to recognize de-
scriptions of lacking the time or energy to socialize
as a cause of loneliness as authors were less likely
to explicitly connect their loneliness and lack of
leisure time. We added a rule that lacking time,
energy, or physical capacity to engage socially and
emotionally is eligible as a cause of loneliness and
to prioritize labeling this cause as "physical".

The model also tended to confuse the "relational"
and "emotional" labels, as discussing an inability
to relate was conflated with a lack of emotional
closeness. Thus, we introduced a rule to not clas-
sify a cause as "emotional" unless the author ex-
plicitly discusses a lack of emotional closeness, to
emphasize the key characteristics of the two types.
Introducing examples of causes that must be cate-
gorized as "relational" such as misunderstanding,
misperception, invalidation, or inaccurate role ex-
pectations also improved performance by clarifying
how to decide between types, suggesting that re-
ducing ambiguity between labels is important for
accurate labeling.

5.3 Implications on Caregiver and
Non-caregiver Experiences of Loneliness

As shown in Figure 1, the distribution of types of
causes differs substantially between the two popu-
lations. Less than 17% of posts written by lonely
caregivers contain a cause that is not related to
caregiving, suggesting caregiving is a deeply in-
volved role that impacts this population’s experi-
ence of loneliness. Among caregivers, causes of
loneliness are predominantly caregiving-related, in-
dicating that caregiving roles and responsibilities
are a primary driver of loneliness. In contrast to
non-caregivers, with 74.3% of posts containing a
"social" cause (related to or not related to caregiv-
ing) and 48.05% of posts containing an "emotional"
cause, caregivers show relatively fewer causes re-
lated to relationship quantity or closeness ("social"
32.52% and "emotional" 18.16%), suggesting that
their loneliness is less likely to be a result of desir-
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ing social network expansion or relationship deep-
ening and more likely to be caused by unmet needs
for support and recognition within their commu-
nity ("relational" 40.38% and "network" 40.38%).
As the cause types "relational" and "network" are
based on themes of caregiver loneliness, this sug-
gests the causes of caregiver loneliness are distinct
from non-caregiver experiences of loneliness, and
this is reflected in the final dataset and detected by
the cause categorization prompt. These distinctions
in the distribution of causes of loneliness across the
2 populations suggest that our dataset of Reddit
posts is of sufficient quality to enable analysis of
loneliness that reflects the specific characteristics of
caregivers and non-caregivers, offering insight into
the experiences of the two groups. For both popu-
lations, only 1.9% and 2.56% of posts had causes
of the "other" label, suggesting that our cause cate-
gorization framework is comprehensive enough to
be applied to most causes of loneliness, but com-
plex enough to capture key differences between
populations.

6 Conclusion and Future Works

This work demonstrates the application of leverag-
ing LLMs to build and analyze a diverse dataset
of Reddit posts written by authors experiencing
a high degree of loneliness in the caregiver and
non-caregiver populations. Using a version of the
UCLA loneliness scale modified for application to
social media data and a psychologically grounded
cause of loneliness categorization framework, we
find that caregiver and non-caregiver loneliness are
predominantly caused by distinct types of causes,
with causes of caregiver loneliness being primarily
related to caregiving.

Building upon this work, future works to im-
prove the data processing pipeline and explore
more differences across the two populations are
viable.

1. Validating prompts against more robust
annotation. Double annotating the high-quality
posts sample and building a gold annotated dataset
would make the data processing pipeline’s prompts
more robust and identify more potential areas of
ambiguity in the existing annotation guidelines. In-
creasing the number of posts annotated to 50 or 100
posts per population would be a stronger source of
validation for the prompts utilized in this work. As
this work’s annotator was a student, using expert
annotators would make the annotations a more ro-

bust source of truth.
2. Experimenting with varied LLM models

and open source models. This work utilized GPT-
5, GPT-5-nano, and GPT-4o. Introducing more
models, such as Gemini, Deepseek or Claude could
improve model performance, particularly on the
loneliness evaluation task. Testing a voting scheme
between models could additionally improve perfor-
mance.

3. Expanding data sources. Expanding sources
of data, particularly for the caregiver population, to
additional subreddits or beyond the Reddit context
could allow for an even more diverse and a larger
final dataset.

4. Analyzing Additional Characteristics Ap-
plying our datasets to gain further insight, partic-
ularly into the treatment of loneliness, is a strong
future direction. Future studies should leverage
the final datasets to analyze additional characteris-
tics of loneliness, such as symptom distribution, to
work toward applying the dataset to inform inter-
vention.

Limitations

Unbalanced Samples. Despite strong performance
in the micro-aggregate F1 score in the cause cat-
egorization experiment, the low macro-aggregate
F1 score for both populations suggests the model
performed well on frequent classes, but poorly on
classes that were underrepresented in the annotated
sample. One limitation of the cause categoriza-
tion experiment is the unbalanced representation of
each type of cause in the samples used to prompt
engineer, which may have favored prompts that per-
formed well on types with greater representation.

Annotation Methodology. Another limitation is
our usage of a single undergraduate student as the
annotator opposed to multiple experts for the lone-
liness evaluation and cause categorization stages.
Our prompt may be overfit to the biases or anno-
tation style of the single annotator. Using expert
annotators and/or multiple annotators would make
our prompt’s performance more robust.

Limited Annotated Data. The small size of
our annotated data may limit the validation of our
prompts, as testing prompts against a larger set of
annotated data, such as 50 to 100 posts per popula-
tion, would strengthen confidence in our prompts’
performance when applied to large datasets of open-
ended textual data.
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Ethical Considerations

IRB Status and Dataset Availability. Currently,
this project has not undergone Institutional Review
Board (IRB) consultation. Thus, our dataset will
not be made publically available in order to prevent
the identification of the Reddit posts utilized in this
study.

Anonymization of Data. In order to anonymize
our data, we removed metadata such as usernames,
time of post creation, time of post update, number
of upvotes, upvote ratio, and over 18 rating. All
experiments were conducted using solely the post’s
textual content. We collected only textual content
necessary for the research questions and removed
all metadata not required for analysis. Prior to
experiments, we stripped references to usernames
from the posts’ content. We solely attempt to learn
about loneliness on a population level and do not
attempt to identify individuals. No verbatim quo-
tations of Reddit posts are included in this paper.
We do not discuss or paraphrase specific posts in
this paper and strictly only discuss general themes
on a dataset level, without referring to any specific
instance of data. When discussing demographics,
we additionally only discuss the overall dataset and
share aggregated results.

Utilizing Social Media Data for Mental Health
Analysis. This work collects and analyses anony-
mous, publically visible, Reddit posts to learn
about loneliness in caregiver and non-caregivers.
We utilized all data in compliance with Reddit’s
Terms of Service, API Policies, and ethical research
standards. We did not contact any user or modera-
tor of the subreddits we utilized at any point of this
work.

Misapplication of Findings. While this work
presents a foundational step toward utilizing LLMs
to measure and analyze loneliness, we do not rec-
ommend direct application of this work on humans.
Our work aims to assess the capability of LLMs
and learn on a population level, not to be used on
individuals for the purpose of assessing individual
loneliness as there is significant risk of misjudging
the presence, extent of, and manifestation of loneli-
ness. Our work is not intended to and should not be
applied to replace professional mental health help.
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A Appendix

A.1 Loneliness Evaluation Framework,
Abbreviated

Table 4 presents an abbreviated version of the lone-
liness evaluation framework. All 15 items have
coding guidelines that were applied in the loneli-
ness evaluation prompt.

A.2 Cause of Loneliness Categorization
Framework, Abbreviated

Table 5 presents an abbreviated version of the cause
categorization framework, demonstrating the crite-
ria for a cause to qualify as a given type and the
additional guidelines given to clarify each type of
cause.

A.3 Demographic Extraction Performance
Table 6 presents GPT-4o’s accuracy for extracting
9 demographic attributes, validated against expert
annotation of a sample (n=29) from the caregiver
subreddits.

A.4 Data Processing Pipeline to Final Dataset,
by Subreddit

Table 7 and Table 8 present the number of posts
at each stage of the data processing pipeline, by

Item Item Coding Guidelines
1 The author is

unhappy doing
so many things
alone.

To rate this as "yes," they
clearly express feeling alone
and unhappy, often mention-
ing multiple activities or sit-
uations they are facing alone
in the given context.

14 It is difficult for
the author to
make friends.

This item pertains to evi-
dence that the caregiver is
attempting to reach out and
make new connections. Ex-
isting friendships or family
relationship changes are ir-
relevant. Connecting with
other caregivers is relevant.

15 People are
around the
author but not
with them.

Two issues: does the au-
thor have people in their
lives, and are they support-
ive? Being around: phys-
ically/socially present. Be-
ing “with”: spending quality
time, alignment with care-
giving approach, and/or feel-
ing emotionally close.

Table 4: Loneliness evaluation items and their corre-
sponding coding guidelines.

Type Criteria Additional Guidelines
Social The author’s

cause of lone-
liness MUST
be dissatisfac-
tion with their
quantity of rela-
tionships and/or
frequency of
social contact.

Often mentioning a lack
of people around them
or lacking a social net-
work. “Around them”
can include physical dis-
tance, such as a dissatis-
faction with the number
of friends nearby.

Emotional The author’s
cause of lone-
liness MUST
be dissatisfac-
tion with the
closeness or in-
timacy of their
relationship(s).

Pertaining to a lack of
close and intimate rela-
tionships. Often men-
tioning loneliness as
a result of an actual
and/or perceived loss
of a close relationship
(death can also be con-
sidered the loss of a re-
lationship). Often men-
tioning loneliness as a
result of a desire for a
close or intimate rela-
tionship and a perceived
inability to fulfill that
desire.

Table 5: Annotation items and corresponding coding
guidelines.
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Label Accuracy (%)

Caregiver Gender 89.66
Caregiver Age 91.38
Caregiving Duration 84.48
Patient Gender 94.83
Patient Age 96.55
Diagnosis 84.48
Caregiver to Patient
Relationship 91.38

Patient to Caregiver
Relationship 65.52

Relationship Type 96.55

Overall 88.31

Table 6: The accuracy of GPT-4o on the caregiver sub-
reddit sample(n=29) against the expert demographic
annotation for each demographic label.

subreddit, until the final dataset of posts written by
authors experiencing a high degree of loneliness.

Subreddit Total Relevance Loneliness ≥ 7

AgingParents 5391 355 9
cancer 5346 401 1

CancerCaregivers 1578 970 41
caregivers 1307 548 27

caregiversofreddit 271 41 2
CaregiverSupport 5957 3407 236

dementia 8014 3154 68
DementiaHelp 487 110 3

Total 28351 8631 387

Table 7: Post counts after each stage of the pipeline for
the caregiver subreddits, resulting in the final dataset.

Subreddit Total Sample Relevance Loneliness ≥ 7

alone 2644 238 217 112
ForeverAlone 1473 152 122 32

loneliness 3132 320 279 101
lonely 9723 839 783 298

lonelywomen 348 28 23 10
mentalhealth 17377 2333 857 274
offmychest 6994 1081 399 81

Total 41619 4991 2680 908

Table 8: Post counts after each stage of pipeline for the
non-caregiver subreddits, resulting in the final dataset.

A.5 Loneliness Evaluation Confusion
Matrices

Figure 2 and Figure 3 present the confusion ma-
trices for the loneliness evaluation experiment, for
the caregiver and non-caregiver samples respec-
tively, with the proportion of each type of label that
were labeled as "yes," "no," or "not judgeable" by
GPT-5.

Figure 2: Confusion matrix showing the aggregate accu-
racy of GPT-5 for answering the loneliness evaluation
framework’s items for the caregiver subreddit sample.
Depicts out of all annotator’s labels of a certain label,
what proportion was labeled as each label by GPT-5.

Figure 3: Confusion matrix showing the aggregate accu-
racy of GPT-5 for answering the loneliness evaluation
framework’s items for the non-caregiver subreddit sam-
ple. Depicts out of all annotator’s labels of a certain
label, what proportion was labeled as each label by GPT-
5.

A.6 Distribution of Demographic Attributes

To examine if our dataset of lonely caregivers is di-
verse, we extracted demographic information using
GPT-4o. Demographic information was cleaned
and categorized into bins for each attribute. Demo-
graphic attributes were selected for relevance to a
caregiving context, considering the likelihood of
disclosure given the anonymous and public nature
of Reddit.
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A.6.1 Caregiver Age
Caregiver age is divided into bins of 10 years each,
from age 11 to 80.

Figure 4: Distribution of posts, by caregiver age, among
known labels.

A.6.2 Caregiving Duration
Caregiver duration is divided into less than a year,
1 to 5 years, 5 to 10 years, 10 to 20 years, and
20 to 30 years. These bins were chosen based on
qualitative examination of the dataset.

Figure 5: Distribution of posts, by caregiving duration,
among known labels.

A.6.3 Caregiver Gender
Caregiver gender is heavily female (85.7%) with
male caregivers (14.3%) being present in the
dataset.

A.6.4 Caregiver Relationship with Patient,
per Patient

As caregivers may care for more than one care
recipient, we extracted the relationship of the care-

Figure 6: Distribution of posts, by caregiving gender,
among known labels.

giver with the patient, from the perspective of the
caregiver, for each patient (n=456).

Figure 7: Distribution of caregiver relationship to pa-
tient among known labels, by patient.

A.6.5 Patient Age
Patient age is also divided in 10 year increments,
starting at 0 years of age to over 91 years of age.
Older ages are more prevalent with 20.1% of pa-
tients being ages 71 through 80 and an additional
20.1% being ages 81 through 90. However, all age
bins are represented in the final caregiver loneliness
dataset.

A.6.6 Caregiver Category
Caregiver category is divided in cancer, dementia,
both, and miscellaneous, referring to if the care-
giver is caring for a care recipient with a diagnosis
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Figure 8: Distribution of patient ages, among known
labels, by patient.

of the given type.

Figure 9: Distribution caregiver categories based on
patient diagnosis, among known labels.

A.7 Proportion of Posts with Demographic
Attributes Known versus Unknown

We found the proportion of posts where a given
demographic attribute able to be extracted via ap-
plying GPT-4o. If an attribute is able to be found,
that attribute is considered "known" for that post.

Label Known (%) Unknown (%)

Caregiver Age 25.3 74.7
Caregiving Duration 43.9 56.1
Caregiver Gender 25.3 74.7
Caregiver to Patient
Relationship 95.8 4.2

Patient Age 32.7 67.3
Caregiver Category
by Patient Diagnosis 78.6 21.4

Overall 50.267 49.733

Table 9: The proportion of posts in the caregiver dataset
with the demographic attribute known versus unknown.
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