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Abstract

This paper presents our prompt-based approach
for modeling mental health timelines from Red-
dit user posts. We address two tasks: identi-
fying moments of change and generating sum-
maries of clinically meaningful changes across
post sequences. Our framework uses large lan-
guage models with in-context learning to an-
alyze self-states and mental health indicators
without task-specific fine-tuning. We build an
inference pipeline with vVLLM and Qwen2.5-
72B-Instruct-GPTQ-Int8, and experiment with
few-shot prompting, and balanced few-shot
sampling. We also examine how the number
of visible posts affects the model’s ability to
capture temporal changes. Our results suggest
that prompt-based methods provide a practical
and competitive baseline in low-resource and
sensitive mental health settings, particularly for
modeling self-state dynamics and generating
summaries of psychological change over time.

1 Introduction

Mental health concerns are a pressing global is-
sue (World Health Organization, 2022), motivating
computational methods that can support scalable
and longitudinal monitoring while accounting for
the dynamic nature of psychological well-being.
Over the past decade, social media platforms such
as Reddit have become important spaces where in-
dividuals disclose emotional states, personal expe-
riences, and mental health struggles over extended
periods (Coppersmith et al., 2014; Shing et al.,
2018; Tsakalidis et al., 2022b). These temporally
rich user-generated data provide opportunities to
study mental health trajectories over time, enabling
earlier detection of meaningful changes and sup-
porting more timely intervention.

Early NLP work in mental health primarily fo-
cused on static user-level or post-level classifica-
tion. However, recent research has emphasized that
mental health is better understood as a longitudinal

process, where mood, behavior, cognition, and in-
terpersonal context fluctuate across time. This shift
has motivated shared tasks that move beyond static
prediction toward modeling temporal dynamics, in-
cluding the identification of Moments of Change
and the generation of interpretable summaries of
mental health trajectories (Tsakalidis et al., 2022a;
Tseriotou et al., 2023). The CLPsych 2026 Shared
Task (Ali et al., 2026) further extends this direc-
tion by focusing on adaptive and maladaptive self-
state components, grounded in the MIND frame-
work (Atzil-Slonim, 2025, 2026), and by requiring
systems to identify changes and summarize the
psychological processes leading up to them.

In this paper, we propose a prompt-based frame-
work for modeling moments of change and gener-
ating change summaries in mental health timelines.
Our main contributions are as follows:

* We develop a prompt-based in-context learn-
ing framework for analyzing longitudinal
posts, focusing on self-states and mental
health indicators without task-specific fine-
tuning.

* We apply the framework to two CLPsych
shared-task settings: detecting Moments of
Change and generating summaries of clin-
ically meaningful changes across post se-
quences.

* We investigate different prompting strategies,
including few-shot prompting, and balanced
few-shot sampling, to study their effectiveness
in a low-resource and sensitive mental health
domain.

2 Related work

Mental health assessments on social media have
gained significant attention in recent years. Previ-
ous CLPsych shared tasks have explored various
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aspects of mental health analysis, including lon-
gitudinal modeling of mood changes (Tsakalidis
et al., 2022a) and evidence generation for suicidal-
ity risk (Zirikly et al., 2019; Shing et al., 2018).

In-context learning (ICL) has emerged as a pow-
erful technique for leveraging large language mod-
els without task-specific fine-tuning (Brown et al.,
2020). By providing relevant examples within the
prompt, ICL allows models to learn from demon-
strations rather than parameter updates. Neverthe-
less, few-shot performance is highly sensitive to
the selected examples and their label composition.
Balanced sampling across labels can provide more
informative demonstrations, reduce bias toward
overrepresented classes, and improve the robust-
ness of prompt-based predictions. This motivates
our use of balanced few-shot prompting, in line
with recent work showing that strategic example se-
lection plays an important role in ICL performance
(Pecher et al., 2025).

3 Problem Formalization

3.1 Task 2: Moments of Change

This task focuses on detecting clinically mean-
ingful moments of change within a chronological
user timeline. Given a chronologically ordered se-
quence of posts from a single individual, teams
must identify two types of change:

e SWITCH: A sudden change in well-being be-
tween two consecutive posts, occurring when
|Wellbeing(t) — Wellbeing(t — 1)| > 2.

* ESCALATION: A gradual change over multi-
ple consecutive posts, where well-being shifts
from a neutral or mild state toward a more
extreme positive or negative state.

For Task 2, let a user timeline be represented as:

Tu = (p17p27 cee 7pn),

where p; denotes the post at time step ¢. For each
target post p;, we formulate SWITCH detection over
two consecutive posts:

QtSWITCH = fo (P(ptfl,pt)) .

We formulate ESCALATION detection over three
consecutive posts:

ﬁFSCALATION = f9 (P<pt—27pt—17pt)> .

Here, fy denotes the LLM-based prediction func-
tion parameterized by 6. Both predictions are bi-
nary:

gtSWITCH c {0, S}’QtESCALATION c {O,E}.

3.2 Task 3: Change Summaries

The goal of Task 3.1 is to generate a structured
summary of self-state dynamics across a sequence
of posts surrounding a change event. The summary
should describe how psychological changes evolve
over time, either culminating in a SWITCH or grad-
ually unfolding as an ESCALATION. It should also
indicate the direction of change and characterize
the pattern using the MIND framework, including
ABCD elements and adaptive or maladaptive self-
state presence scores (Tseriotou et al., 2025).

For Task 3.1, the input is a sequence of posts
associated with a change event:

Xi = (pappaﬂrb cee 7pbi)>

Where , X; denotes the post sequence associated
with the ¢-th change event, and a; and b; denote the
start and end indices of that sequence. The output
is a generated change summary:

5 = go(Xy),

where §; describes the self-state dynamics and psy-
chological change expressed across the sequence
and gg denotes the LLM-based generation function
used to produce the change summary.

4 Methodology

Our prompt-based modeling framework addresses
Task 2 and Task 3.1 using in-context learning with
local LLM inference through vLLM. We utilized
Qwen2.5-72B-Instruct-GPTQ-Int8 as our primary
language model, running it locally through vLLM
to maintain data privacy and control over the infer-
ence process. Figure 1 presents an overview of our
method.

Given a user timeline T,, = {p1,p2,...,Pn}s
we formulate each input instance x; as a sequence
of posts. Our prompt-based framework constructs
an input prompt

P(x;) = [Z; Di; x4,

where 7 denotes the task instruction and Dy de-
notes a set of K in-context demonstrations. In
zero-shot prompting, D = (). In few-shot prompt-
ing, D contains selected input-output examples.
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Figure 1: Overview of the prompt-based modeling framework.

For balanced few-shot prompting, demonstrations
are sampled such that each label ¢ € ) appears
with frequency: |D,| ~ %

For Moment of Change detection, the model
predicts:

;i = argmax Py(y | P(x;)), ()
yey

whereas for Change Summary generation, the
model produces:

$; = Decodeg(P(x;)) (2)

We further define the input context with & visible
posts as: mgk) following:

(k

Z; ) = {pz‘—k+17 e 7pi},

where k£ denotes the number of visible posts pro-
vided to the model p; is post in index i on timeline.
To study the effect of context length, we vary the
number of visible posts k£ € {3,4,5}.

4.1 Prompt and ICL Layer

The Prompt and ICL layer is responsible for con-
verting each processed timeline instance into a task-
specific prompt. Each prompt consists of three
components: a task definition, optional in-context
demonstrations, and the target input sequence. The
task definition describes the objective of the corre-
sponding CLPsych 2026 task, while the demonstra-
tions provide examples of input-output behavior
for few-shot settings. In the zero-shot setting, the
prompt contains only the task definition and the
target instance. In the few-shot setting, we prepend
selected examples from the training set. For bal-
anced few-shot prompting, examples are sampled
so that different labels or change types are repre-
sented with comparable frequency.

For Task 2, the prompt defines the objective as
identifying Moments of Change in a user’s men-
tal health trajectory based on longitudinal signals

from a sequence of posts. The model is instructed
to compare the target post or segment with the sur-
rounding context and determine whether it reflects
a meaningful change in the user’s self-state or men-
tal health condition. The output is constrained to
the predefined task label format.

For Task 3.1, the prompt defines the objective
as generating a concise and interpretable summary
of clinically meaningful change across a sequence
of posts. The model is instructed to summarize
the change trajectory rather than producing inde-
pendent post-level summaries. In particular, the
prompt encourages the model to capture the user’s
self-state dynamics, including affective, behavioral,
cognitive, and desire-related signals when they are
present in the input. To make the output easier to
parse, we require the model to return the generated
summary in a strict XML format.

4.2 Tasks Layer

The Tasks layer separates the inference process into
two CLPsych 2026 shared-task objectives. The first
objective, Task 2, focuses on Moment of Change
detection. Given a timeline context, the model
predicts whether the target point corresponds to a
meaningful transition in the user’s mental health
trajectory. This task is formulated as a label predic-
tion problem, where the LLM produces a task label
conditioned on the constructed prompt.

The second objective, Task 3.1, focuses on
Change Summary generation. Given a sequence
of posts associated with a change event, the model
generates a short summary describing the psycho-
logical change expressed across the sequence. Un-
like Task 2, this task is formulated as a conditional
generation problem. The generated summary is
expected to describe the direction and nature of the
change, including the user’s self-state before, dur-
ing, and after the transition when such information
is available.
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Table 1: Task 2 results ranked by average Macro F1.
Our team is highlighted in bold.

Table 2: Task 3.1 results. Our team is highlighted in
bold.

Team Name Task 2 - Avg Macro F1
USAI 0.600
CtbuY 0.588
CUNY 0.572
MKC 0.554
Codezone Research Group 0.553
Aurevia 0.484
Meronym Labs 0.466
debju 0.447
JNLP few-shot 0.566
JNLP few-shot balance 0.580

Although both tasks share the same prompt-
based inference backbone, they differ in their out-
put structure. Task 2 produces discrete Moment
of Change predictions, whereas Task 3.1 produces
natural-language summaries wrapped in XML tags.
This separation allows the same LLM inference
pipeline to support both classification-style and
generation-style tasks.

5 Experiment

We evaluate our prompt-based framework on two
CLPsych 2026 shared-task settings: Task 2, which
focuses on Moment of Change detection, and Task
3.1, which focuses on change-summary generation.
For Task 2, we submit two configurations: a few-
shot and a balanced few-shot in-context learning
setting. This allows us to examine whether adding
balanced demonstrations improves the model’s abil-
ity to identify change patterns in mental health
timelines.

Table 1 presents the Task 2 results in terms of
average Macro F1. Our balanced few-shot configu-
ration achieves an average Macro F1 of 0.580, im-
proving over the few-shot standard configuration,
which obtains 0.566. This suggests that balanced
in-context examples help the model better distin-
guish between different types of change, especially
in a low-resource and sensitive domain where task-
specific fine-tuning is not applied.

We analyze different context window sizes k €
{3,4,5} to examine how much local history is
needed for detecting changes in mental health time-
lines in Table 4. This design reflects the differ-
ence between the two labels: SWITCH can often
be detected from local contrast between consec-
utive posts, whereas ESCALATION may require
a longer context to capture gradual changes over
time. Based on this analysis and the official shared-

Team Name Consistency Contradiction ROUGE-L
Aurevia 0.866 0.625 0.185
psytechlab 0.857 0.571 0.078
DreamerNLplus 0.845 0.439 0.189
Meronym Labs 0.801 0.659 0.266
CUNY 0.797 0.696 0.283
Meronym Labs 0.787 0.673 0.282
McMasterNLP 0.770 0.761 0.208
JNLP few-shot 0.791 0.666 0.117

task evaluation, we submitted two final configura-
tions: standard few-shot prompting and balanced
few-shot prompting.

For Task 3.1, we evaluate the ability of our sys-
tem to generate summaries that describe self-state
dynamics and psychological changes across post
sequences. Unlike Task 2, which is formulated
as a prediction task, Task 3.1 requires the model
to generate structured natural-language summaries.
We report results using three evaluation metrics:
Consistency, Contradiction, and ROUGE-L.

Table 2 shows the Task 3.1 results. Our system
achieves a Consistency score of 0.791, which is
comparable to several higher-ranked systems. This
indicates that the generated summaries are gener-
ally aligned with the input post sequences. How-
ever, the lower ROUGE-L score suggests that our
generated summaries may differ lexically from the
reference summaries, even when they capture simi-
lar change patterns. This is expected in open-ended
generation tasks, where multiple valid summaries
can describe the same psychological transition us-
ing different wording.

6 Conclusion

This paper presented a prompt-based framework
for detecting Moments of Change and generating
change summaries in mental health timelines. Us-
ing Qwen2.5-72B-Instruct-GPTQ-Int8 with vLLM,
we explored zero-shot, few-shot, and balanced few-
shot prompting strategies without task-specific fine-
tuning. Our results show that balanced few-shot
prompting improves Task 2 performance over stan-
dard few-shot prompting, while the generated sum-
maries achieve reasonable consistency with the in-
put timelines despite lower lexical overlap with
reference summaries. These findings suggest that
prompt-based LLMs can serve as a practical base-
line for low-resource and sensitive mental health
timeline modeling. Future work should explore
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more robust prompt optimization, domain adapta-
tion, and human-centered evaluation of generated
change summaries.

7 Limitations

First, the LLM used in this paper was pretrained
mainly on large-scale open general data, mean-
ing there is no guarantee that it contains sufficient
high-quality clinical or professional knowledge for
understanding mental health-related content; fine-
tuning or further adapting the model with expert-
annotated mental health data may help reduce this
limitation. Second, although in-context learning
can guide LLMs to perform new tasks through task
instructions and demonstrations, the model may
still fail to fully understand complex mental health
contexts, which is especially challenging for longi-
tudinal timelines where psychological changes may
be subtle, gradual, or expressed indirectly across
multiple posts. Third, since our method relies on
prompt-based inference, its performance can be
affected by the wording of task instructions, the
number of visible posts, and the selected few-shot
examples; although balanced few-shot sampling
helps control label distribution, different prompt
formulations or demonstration choices may lead to
different predictions.

8 Ethics

Secure access to the shared task dataset was pro-
vided with IRB approval under University of Mary-
land, College Park protocol 1642625 and approval
by the Biomedical and Scientific Research Ethics
Committee (BSREC) at the University of Warwick
(ethical application reference BSREC 40/19-20).
We do not include raw user posts or personally
identifiable information in the paper. Any exam-
ples, prompt illustrations, or descriptions are para-
phrased or abstracted to comply with the data ac-
cess agreement and protect user privacy.
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A Prompt Templates
A.1 Prompt Template

The few-shot balance examples include representa-
tive cases for four label combinations: Switch=0,
Escalation=0, Switch=S, Escalation=0,
Switch=0, Escalation=E, and Switch=S,
Escalation=E.

Prompt Instruction: Switch and Escalation Detection

# Instruction

You are given a timeline of Reddit posts written by the same
user. Your task is to determine whether the last post shows
a mental health change.

Define the switch and Esscalation follow CLPsysch # User
Prompt

Timeline:
{USER_TIMELINE}
# Few-shot Examples
Examples

# Answer

XML format:
<Switch>...</Switch>

<Esscalation>...</Esscalation>,

For Task 3.1, we use few-shot prompting for
change summary generation. Few-shot demonstra-
tions are randomly sampled from the training set
and prepended to the target input. Each demon-
stration contains a post sequence and its reference
change summary, helping the model learn the ex-
pected summary style, including temporal progres-
sion, psychological dynamics, and change direc-
tion.

Prompt Instruction: Change Summary Generation

# Instruction

You are given a chronologically ordered sequence of Reddit
posts surrounding a clinically meaningful mental health
change event. Your task is to summarize the user’s mental
health changes across the sequence. Focus on psychological
dynamics, not on summarizing each post separately.
Mention the main mental health theme, how it changes
over time, the change type as Switch or Escalation, and the
direction as improvement or deterioration.

# User Prompt Posts in chronological order:

{POSTS}

# Few-shot Examples

Examples

# Answer XML format: <summary>...</summary>

A.2 Model Settings
Table 3 shows the model and decoding settings
used in our experiments.

Table 3: Model and decoding settings used in our exper-
iments.

Setting Value

Model Qwen2.5-72B-Instruct-GPTQ-Int8
Inference engine vLLM

Prompting strategy | Few-shot prompting

Max new tokens 8192

Temperature 0.0

Top-p 0.95

Top-k 70

Decoding strategy | Greedy decoding

Table 4 reports the F1-scores for Switch and Es-
calation detection under different prompting strate-
gies and context window sizes.

Table 4: F1-scores for Switch and Escalation detection
under different prompting strategies and context window
sizes on the training data.

Context Window Switch F1  Escalation F1
Zero-shot

k=3 0.453 0.407
k=4 0.420 0.378
k=5 0.410 0.634
Few-shot

k=3 0.435 0.513
k=4 0.427 0.566
k=5 0.447 0.568
Few-shot balance

k=5 0.410 0.634
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