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Abstract

Traditional interventions for dementia caregivers remain in-
accessible and research has yet to explore the use of social
media platforms to provide internet-based support. Task 3 of
the 10th Social Media Mining for Health Workshop (SMM4H
2025) focuses on the task of binary classification of demen-
tia family caregivers on Twitter. This paper presents a system
that evaluates multiple pretrained language models, including
BERT variants and LLMs, using ensembling and prompting
strategies. Our LLM ensemble achieved the best performance
with an F1 score of 0.957. We discuss the strengths and limi-
tations of LLMs in this context.

1 Introduction
Health informatics has advanced rapidly in recent years
(Ravı̀ et al. 2016). Natural Language Processing (NLP) tech-
niques have demonstrated strong abilities in understanding
health-related problems and developing more efficient, ac-
curate classification systems (Qiu et al. 2023). Furthermore,
integrating social media data with NLP has been widely
studied due to the rich, real-world insights it provides and
its potential to enable timely identification and intervention
(Moorhead et al. 2013).

Among all health problems, dementia has become a ma-
jor concern, with over 55 million people affected world-
wide in 2020, and is expected to almost double every 20
years (Alzheimer’s Disease International 2015). Recent re-
search has shown that Twitter is widely used by family care-
givers of people with dementia to share experiences and seek
support (Cheng, Liu, and Woo 2018; Sunmoo et al. 2022).
Task 3 of the SMM4H workshop presented a benchmark
classifier that achieves 0.96 F1-score by finetuning a pre-
trained BERTweet model (Klein et al. 2025, 2022). While
this benchmark shows strong performance, our work aims
to further explore the potential of BERT-based models and
recent advancements in NLP, particularly Large Language
Models (LLMs), to enhance detection accuracy in this do-
main. This paper presents our approaches for classifying
tweets from dementia family caregivers on Twitter.
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Figure 1: Overview of our approach.

2 System Description
Our system comprises two main components: a Bidirec-
tional Encoder Representations from Transformers (BERT)-
based module (Devlin et al. 2019) and a Large Lan-
guage Model (LLM)-based module (Chang et al. 2024).
The BERT-based module includes the BERT base (un-
cased) model (Devlin et al. 2019) and BERTweet pre-
trained on Twitter data (Nguyen, Vu, and Nguyen 2020).
The LLM-based module uses the LLAMA-3 8B model
(Grattafiori et al. 2024), integrated via the Unsloth frame-
work (Daniel Han and team 2023) for efficient inference.

2.1 Problem and Dataset
Task 3 of the SMM4H Workshop is a binary classification
task focused on identifying English tweets where users men-
tion having a family member with dementia (Klein et al.
2025). The dataset includes 6,724 training, 353 validation,
and 10,000 test tweets. Tweets are labeled 1 if the user re-
ports a family member with dementia, and 0 if dementia is
merely mentioned. The goal is to enable internet-based inter-
ventions using Twitter as a platform. Performance is evalu-
ated using the F1-score for class 1. A BERTweet-large base-
line achieved an F1-score of 0.96 (Klein et al. 2022). De-
scriptive statistics are provided in Table 3 in the Appendix.

2.2 Model Structure
We implemented two ensemble methods for this task: the
BERT Ensemble and the LLM Ensemble. The BERT En-
semble combines predictions from three models using ma-
jority voting: (1) a GloVe Twitter embedding-based model
with Convolutional Neural Networks (CNN) (O’shea and



Nash 2015) and Long Short-Term Memory (LSTM) net-
works (Gers, Schmidhuber, and Cummins 2000), (2) BERT-
base (uncased), and (3) BERTweet-base. Each model takes
original tweets as input independently before aggregation.
Ensemble learning effectively improves predictive perfor-
mance and mitigates limitations of individual models, espe-
cially in complex tasks (Dong et al. 2020; Polikar 2012).

In contrast, the LLM Ensemble leverages explanation-
based prompting and combines outputs from three com-
ponents: (4) a few-shot prompted large language model
(LLM), (5) BERT-base, and (6) BERTweet-base, both
trained on the concatenation of the original tweet and a gen-
erated explanation. Explanations are produced via prompt-
ing and appended to tweets using a [SEP] token. Final
predictions are determined through majority voting across
the three sources. This explanation-augmented approach im-
proves interpretability while maintaining strong classifica-
tion performance. The prompts used for zero-shot explana-
tion generation are listed in Table 5 (Appendix), and Table 4
provides an example explanation and a comparison between
LLM-generated and BERT-based predictions.

2.3 Implementation Details
For the BERT-based models (BERT-base and BERTweet),
experiments were conducted with 16GB of RAM and an
NVIDIA RTX 3050 GPU with 6GB of memory. The maxi-
mum input sequence length was set to 128 tokens. We used
the AdamW optimizer (Loshchilov, Hutter et al. 2017) with
a learning rate of 2e−5, and the Cross Entropy Loss function
(Zhang and Sabuncu 2018) to update model weights.

The third model combined GloVe Twitter embeddings
(Pennington, Socher, and Manning 2014) with a CNN
and LSTM network. This model used the Adam optimizer
(Zhang 2018) with a learning rate of 0.001 and Binary Cross
Entropy loss (Zhang and Sabuncu 2018). The architecture
included a hidden dimension of 100, 128 convolutional fil-
ters with a filter size of 5, and a dropout rate of 0.5.

A batch size of 15 was used for training all three mod-
els. For the ensemble approach, majority voting was applied
across the predictions of all three models.

We used LLAMA-3.1 to generate both labels and expla-
nations, with temperature set to 0.1 to reduce output con-
fabulation. The instructions and sample examples used for
few-shot prompting are provided in Table 5 in the Appendix.
We selected 10 examples for the few-shot prompts and set
the maximum sequence length to 1024 tokens. For zero-shot
prompting, the maximum sequence length was set to 512 to-
kens. We used an A100 GPU with 40 GB of memory.

3 Evaluation
As shown in Table 1, training the BERT and BERTweet
models on both the original tweets and their correspond-
ing LLM-generated explanations yields slightly better per-
formance compared to training solely on the original tweets.
The results presented in this table are based on models
trained using the provided training set and evaluated on the
official validation set. Since the ground truth labels for the
10,000 test instances were not released, we report the test

Approach Precision Recall F1-score
1. GloVe Twitter + LSTM-CNN 0.8917 0.9145 0.9030
2. BERT base (uncased) 0.9322 0.9402 0.9362
3. BERTweet base 0.9241 0.9359 0.9299
4. Few-shot prompting 0.8565 0.7906 0.8222
5. BERT base on (Tweet + Expla-
nation)

0.9280 0.9359 0.9319

6. BERTweet base on (Tweet + Ex-
planation)

0.9218 0.9573 0.9392

7. LLM Ensemble (4, 5 and 6) 0.9402 0.9402 0.9402

Table 1: Comparison of model performance across different
approaches on the validation set

Method F1-score Precision Recall
LLM Ensemble 0.957 0.951 0.962
BERT Ensemble 0.951 0.961 0.941

Table 2: Performance of our submitted models on the test set

performance based on the official Codalab leaderboard, as
summarized in Table 2. In particular, the proposed ensem-
ble approach outperforms the individual models, achieving
a modest improvement of 0.06 in the F1-score.

4 Discussion
Our results show that LLMs can generate informative ex-
planations that offer valuable contextual insights beyond the
original text. While the generated labels occasionally dif-
fered from human annotations, the accompanying explana-
tions still enhanced the performance of both BERT-base and
BERTweet models.

Minimizing confabulations in LLM outputs is crucial,
particularly in healthcare contexts. To promote more accu-
rate responses, we set the generation temperature to 0.1.
Prompt design also plays a key role in shaping LLM behav-
ior, and more targeted instructions are needed to improve
output quality—an area for future exploration. Our error
analysis revealed ambiguity in defining a close family mem-
ber. For example, one tweet mentioned an uncle with de-
mentia but was annotated as not referring to a family mem-
ber, highlighting a need for clearer annotation guidelines.
Lastly, the GloVe-based approach remained strong, demon-
strating its value as a fast, resource-efficient alternative to
more compute-intensive LLM methods.

5 Conclusion
LLMs like LLAMA show promise in detecting users with
family members affected by dementia, but further work is
needed. Due to resource constraints, we used only the 8B
version of LLAMA-3, limiting larger-scale testing. Future
work includes experimenting with prompts, testing mod-
els like Gemma-3 and Phi, using lightweight ensembles to
reduce compute, and exploring fine-tuning and decoding
strategies (e.g., temperature, top p, top k) to enhance per-
formance and coherence.
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Average
token length

Average
unique tokens

Max token
length

Min token
length

Number of
documents

Number of
positive labels

Training 47.54 39.8 119 7 6724 4523
Valid 46.6 38.9 82 11 353 234
Test 47.8 40.01 119 6 10000 NA

Table 3: Descriptive statistics of the training, valid and test set

Original Tweet Orginal
Label LLM Generated Explanation

LLM
Generated

Label

Prediction after
BERT on

Explanation
Leeza Gibbons shares how her or-
ganization is responding to burdens
caregivers have been feeling, and the
lessons she learned from her late mom
who had Alzheimer’s.

0 The tweet explicitly states that Leeza
Gibbons’ mother had Alzheimer’s,
which aligns with the classification
criteria for a close family member.

1 0

School horses that students ride are
exactly like someone with demen-
tia. I mean, I farm my mother with
Alzheimers out to birthday parties and
everything.

1 The tweet uses a metaphor to compare
horses with dementia, but it does not
explicitly state that the user has a fam-
ily member with dementia. The phrase
”farm my mother with Alzheimers” is
used in a figurative sense, implying
that the user takes care of their mother,
but it does not confirm a family mem-
ber with dementia.

0 1

Ambassador Yael Lempert:My Amer-
ican daughter & her husband live in
London & trying to get an emergency
passport for their baby daughter to re-
turn to USA - 90 year old grandmother
failing due to Alzheimers. No one is
helping them. Auto email responses &
recorded messages.

1 The tweet refers to a 90-year-
old grandmother failing due to
Alzheimer’s. However, it does not
indicate that the user has a family
member with dementia.It is a third-
person narrative, which violates Rule
4.

0 1

Bunny girl senpai is too overrated.
Mc’s a pervert, his dream girl ain’t
real, and his little sister has dementia.
Why do people like this?

0 The tweet explicitly states that the lit-
tle sister has dementia, which aligns
with the classification criteria for a
close family member.

1 0

Table 4: Comparison of the original tweet and label, LLM-generated explanation and label, and the final BERT prediction
incorporating the LLM-generated explanation



Zero-shot Prompt Instruction
You are an advanced language model trained to distinguish tweets
that indicate having a family member with dementia (annotated
as ”1”) from those that do not (annotated as ”0”).
For the purpose of this classification task, a family member
is a close relative defined as any one of the following
relationships to the Twitter user: parent, grandparent, great
grandparent, sibling, spouse, or child, including any of these relevant
relationships through marriage.
Output only ”1” if a tweet reports having a family member with
dementia and ”0” otherwise. Generate an explanation also.

### Instruction:
Classify the following tweets as either ”1” or ”0”.
1. Tweets should be labeled as ”1” if they explicitely or implicitely
indicate that the user has a family member with dementia.
2. Tweets should be labeled as ”0” if they self-report having dementia
or refer to a family member beyond those defined as a close relative.
3. Tweets should be labeled as ”0” if they indicate knowing or being a
caregiver for a person with dementia but do not specify a family member.
4. Tweets should be labeled as ”0” if they quote what was said by others.
5. Tweets should also be labeled as ”0” if they refer to a family member
defined as a close relative but indicate that dementia is merely suspected.
6. Tweets should also be labeled as ’0’ if they mention dementia as a
possibility but it’s not certain.

Few-shot Prompt Examples
# Tweet:
My 87 y/o grandfather with brain cancer got it, my 85 y/o grandmother
with dementia got it, my 62 y/o mother with stage 4 OCP got it, my 59
y/o step-father with type 2 diabetes got it.Quit pretending like you know
anything

# Response:
Class: 1
Explanation: The tweet explicitly mentions the user’s grandmother, a close
family member, has dementia. This meets Rule 1.

# Tweet:
Sidenote on that, if someone tells u their parent has Alzheimer’s please
suppress every desire to say your grandparent or great aunt did too. I
appreciate the connection and that u can relate to the experience but it is
so unbelievably different. Tell me a different time.

# Response:
Class: 0
Explanation: This tweet quotes general advice and does not indicate that the
user has a family member with dementia. It violates Rule 4 (quotes what was
said by others or general reference).

Table 5: Zero-shot and few-shot prompts used to generate the LLM labels and explanations.


