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Abstract

The automatic detection of mental health dy-
namics represents a challenging and socially
relevant task, requiring models to capture sub-
tle psychological changes over time. Large
language models have demonstrated remark-
able capabilities in clinical and diagnostic con-
texts, yet their outputs often lack consistency
and may diverge significantly across different
model families and prompting strategies. This
paper presents the USAI team’s submission
to the CLPsych 2026 Shared Task, targeting
Tasks 1.1, 1.2, 2, and 3.1. We propose an
ensemble-based approach combining multiple
open-source large language models, where the
contribution of each model is weighted accord-
ing to its alignment with clinically grounded
human annotations on the training set. Our
system achieves competitive results across the
evaluated subtasks, with particularly strong per-
formance on Tasks 1.2 and 2.

1 Introduction & Related Works

Recent advances in NLP have enabled remarkable
progress in sensitive domains such as digital health
and mental health, where the ability to extract
meaningful signals from unstructured text is of crit-
ical clinical value. The growing availability of so-
cial media data has further opened new avenues for
passive, longitudinal monitoring of psychological
states at scale.

Large language models have shown increasing
promise in mental health research. For instance,
MentalLLaMA (Yang et al., 2024a) demonstrates
how interpretability can be integrated into model
outputs to provide clinically meaningful insights,
while Varadarajan et al. (2024) combine theoreti-
cal psychological frameworks with computational
modelling to advance suicide risk assessment. To-
gether, these efforts illustrate the growing potential
of LLM-based systems to support real-time men-
tal health monitoring and intervention (Yang et al.,

2024b). Ravenda et al. (2025a) further explored
the use of LLMs to enhance symptom severity as-
sessment across different mental health conditions.

Beyond clinical monitoring, LLMs have recently
gained traction as diagnostic and educational tools.
Studies such as Elyoseph et al. (2025); Levkovich
et al. (2024); Raballo et al. have shown that LLMs
can match or even surpass physicians in diagnostic
reasoning based on standardised clinical vignettes,
highlighting their potential as reliable aids in medi-
cal education and decision support.

The CLPsych 2026 Shared Task (Ali et al., 2026)
extends the previous year shared task (Tseriotou
et al., 2025) by introducing a fine-grained longitudi-
nal benchmark (Tsakalidis et al., 2022) grounded in
the MIND framework (Atzil-Slonim, 2025, 2026),
which conceptualises self-states as structured com-
binations of Affect, Behaviour, Cognition, and De-
sire (ABCD) components. Participants are asked
to model adaptive and maladaptive self-state dy-
namics over time from sequences of social media
posts, with the goal of characterising psychologi-
cal change processes at both the post and timeline
level.

The main contributions of this work are:

* We propose a weighted ensemble of open-
source LLMs for ABCD subelement classifi-
cation, self-state presence rating, and moment-
of-change detection, covering Tasks 1.1, 1.2,
2, and 3.1 of the shared task.

* We introduce a training-time weight optimisa-
tion procedure that aligns each model’s contri-
bution with clinically grounded human annota-
tions, independently for each task and metric.

2 Methodology

2.1 Overview

Our system takes inspiration from the CLPsych
2025 submission by Ravenda et al. (2025b) and
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follows a weighted ensemble paradigm designed
to exploit the capabilities of large language models
without any parameter fine-tuning. Fine-tuning is
indeed impractical in this setting for two reasons:
the limited number of available training timelines
(30) makes it prone to overfitting, and the com-
putational cost of adapting large-scale models is
prohibitive. Instead, each LLM is prompted for the
specific task, and its predictions are treated as fixed
inputs to a lightweight optimisation stage. This
is conceptually analogous to stacking in ensem-
ble learning: rather than combining model outputs
through a learned meta-classifier, we directly op-
timise a set of scalar weights over the simplex to
maximise the target evaluation metric on the train-
ing set. The pipeline consists of three stages: (i)
independent inference from each LLM using task-
tailored prompting strategies, (ii) weight learning
via constrained optimisation on training-set predic-
tions, and (ii1) weighted ensemble decoding at test
time. In Figure 1, we illustrate the three stages
of the proposed pipeline: independent LLM infer-
ence, weight optimisation on the training set, and
weighted ensemble decoding at test time.

2.2 Models and Prompting Strategies

We employ six open-source LLMs: DeepSeek-
R1-Distill-Qwen-32B, Kimi Moonlight-16B-A3B-
Instruct, GPT-OSS-20B, Gemma-27B , Xiaomi
MiMo-v2-Flash, and Llama-3.1-8B.

Each model is assigned the prompting strategy,
either zero-shot or chain-of-thought, that achieves
the highest individual performance on the training
set.

All prompts include the complete ABCD subele-
ment schema of the task guidelines.

2.3 Task 1.1: ABCD Subelement
Classification

For each post, the model is asked to identify
the single most dominant adaptive and maladap-
tive subelement within each ABCD element (Af-
fect, Behavior-Self, Behavior-Other, Cognition-
Self, Cognition-Other, Desire), following the defini-
tions in Atzil-Slonim (2025). The prompt enumer-
ates all valid subelement indices for each element
and valence, and constrains the output to at most
one subelement per element per valence.

At ensemble time, subelement predictions across
the six models are combined via soft weighted vot-
ing: for each post and each element—valence pair,
each model contributes its predicted subelement

index with a weight w,,. The index receiving the
highest total weight is selected as the final predic-
tion, provided it exceeds the total weight assigned
to abstention (i.e. no subelement predicted).

The per-element weights w € A® (the probabil-
ity simplex) are found by solving:

w* =w € Alargmax Fi(j(w), y) (1)

where §(w) is the ensemble decision under weights
w and y is the gold label. Since F} is non-
differentiable with respect to w due to the hard
voting threshold, we adopt a derivative-free search
strategy. We evaluate the objective at multiple
candidate weight vectors, iteratively refining the
search region towards configurations that improve
training-set F1. To mitigate the risk of converg-
ing to poor local solutions, the search is repeated
from N=10 independent starting points sampled
uniformly at random from the simplex, and the best
solution found across all runs is retained.

2.4 Task 1.2: Self-State Presence Rating

Each model assigns a presence score in {1,...,5}
to the adaptive and maladaptive self-states indepen-
dently. The ensemble prediction is the weighted
average of model scores, clipped to [1, 5]:

p = clip <Z Wiy * Py 1, 5> (2)

Separate weight vectors are learned for adap-
tive and maladaptive presence by minimising the
following objective on the training set:

w* = w € Alarg min RMSE(Y,, Wmpm, V)
3)
where p,,, is the presence score predicted by model
m and y is the gold annotation.

2.5 Task 2: Moments of Change Detection

For each post, each model independently predicts
a Switch label (S or @) and an Escalation label (E
or 0), treating the two labels as independent binary
classification problems. Each model is provided
with the full chronologically ordered sequence of
posts in the timeline, enabling it to assess wellbeing
trajectory.

At ensemble time, the binary predictions are
combined via weighted majority voting, using the
same formulation as Task 1.1 (Equation 1). Sep-
arate weight vectors are optimised for Switch F1
and Escalation F1 independently.
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Figure 1: Overview of the proposed LLM ensemble pipeline for CLPsych 2026.

Finally, GPT-OSS-120B is employed in a refine-
ment stage to enforce temporal consistency across
the timeline: it handles missing wellbeing values
by referring to prior posts within a defined tempo-
ral window, and revises predictions deemed clearly
inconsistent with the surrounding context.

2.6 Weight Learning

All weight vectors are learned on the 30 training
timelines provided for the shared task. A diversity
check is performed prior to optimisation: if the
standard deviation of per-model singleton F1 scores
falls below a threshold e=10*, the weight vector
defaults to uniform w = 1/M to avoid spurious
solutions. Learned weights are fixed at test time;
no further adaptation is performed.

2.7 Task 3.1: Sequence Summarisation

We address Task 3.1 through a few-shot prompting
approach and qwen-2.5-72b-instruct model.
For each test sequence, we construct a structured
input by combining the ABCD self-state annota-
tions from Task 1 (subelements and presence rat-
ings for adaptive and maladaptive states) with the
Switch and Escalation labels from Task 2, aligned
to post indices. Up to five in-context demonstra-
tions are selected from the training set to maximise
diversity across change type (Switch, Escalation, or
both) and direction of change (deterioration vs. im-
provement). One demonstration is always a fixed
gold example from the task guidelines. The sys-
tem prompt enforces ABCD element abbreviations,

explicit identification of the change event and its
direction, and coverage of within-state dynamics
and cross-state interactions.

3 Results

Table 1 reports the performance of our system
across all evaluated subtasks.

On Task 1.1, our system achieves competitive
results, ranking second on Maladaptive Element
Presence Macro F1, Average Element Presence
Macro F1, and Adaptive Subelement Macro F1.

On Task 1.2, our system ranks first on Com-
bined QWK (0.730) and Combined Spearman Cor-
relation (0.752), and second on the majority of
RMSE-based metrics, demonstrating strong align-
ment with human presence annotations.

Task 2 represents our strongest result overall,
with our system ranking first on Combined Macro
F1 (0.600), Post Macro F1 (0.639), and Post Switch
Macro F1 (0.583), and second on Timeline Switch
and Timeline Escalation Macro F1.

On Task 3.1, our system achieves the best
performance on ROUGE-L Recall (0.333) and
BERTScore Recall (0.365), indicating strong se-
mantic coverage in the generated summaries. How-
ever, lower Consistency and higher Contradiction
scores suggest that the system prioritises content
coverage over internal coherence. Incorporating
consistency as an explicit constraint in the prompt,
or applying a post-hoc coherence filtering step, rep-
resents a possible direction for future work.
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Task Metric USAI
Average Subelement Macro F1 0.410

Adaptive Element Presence Macro F1 0.549

1.1 - Subelement Classification Maladaptive Element Presence Macro F1 = 0.736
’ Average Element Presence Macro F1 0.642
Adaptive Subelement Macro F1 0.333

Maladaptive Subelement Macro F1 0.487

Avg RMSE | 0.942

Adaptive RMSE | 0.979

Maladaptive RMSE | 0.905

1.2 - Presence Rating Combined RMSE | 0.943
Combined QWK 0.730

Combined Spearman 0.752

Combined MAE | 0.681

Combined Macro F1 0.600

Post Macro F1 0.639

Post Switch Macro F1 0.583

2 - Moment of Change Post Escalation Macro F1 0.694
Timeline Macro F1 0.561

Timeline Switch Macro F1 0.510

Timeline Escalation Macro F1 0.611

Consistency Score T 0.681

Contradiction | 0.849

3.1 - Sequence Summarisation | ROUGE-L Recall 1 0.333
BERTScore Recall 1 0.365

Table 1: USAI system results across all evaluated subtasks. 1" = higher is better, | = lower is better. Bold =

; underline =

4 Conclusion

In this paper, we presented the USAI submission
to the CLPsych 2026 Shared Task on mental health
change detection in social media timelines. We pro-
posed a weighted ensemble of open-source large
language models.

Our system achieved strong results across multi-
ple subtasks, ranking first on Task 2 and obtaining
top-two performance on the majority of Task 1.2
metrics. These results suggest that optimisation-
based ensemble learning is an effective strategy for
psychologically grounded NLP annotation tasks,
where individual model outputs may be noisy or
inconsistent.

The main limitation of our approach lies in its
reliance on large-scale models that entail signifi-
cant computational costs, which may limit practical
deployment in clinical settings. A promising direc-
tion for future work is the distillation of temporal
dynamics into smaller, more efficient models, re-
ducing the dependence on large language models
while preserving the ability to capture longitudinal
psychological patterns.
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5 Limitations

Our approach presents several limitations that
should be acknowledged. First, the ensemble
weights are optimised on the training set with lim-
ited number of training timelines (30) available
for the shared task. Second, the effectiveness of
the weight optimisation procedure is contingent
on sufficient diversity among model predictions:
when models converge to similar outputs, weights
default to uniform, providing no advantage over
a simple average. Third, our system operates at
the post level for Tasks 1.1 and 1.2, without explic-
itly modelling dependencies between consecutive
posts within a timeline, which may limit its ability
to capture gradual psychological transitions. Fi-
nally, while our system achieves competitive per-
formance, it remains largely a black-box ensemble:
the learned weights indicate the relative contribu-
tion of each model, but do not provide insight into
which linguistic or psychological features drive in-
dividual predictions. Interpretability is particularly
critical in mental health applications, where clini-
cians and practitioners need to understand and trust
model outputs before acting on them.



6 Ethics Statement

This work involves the analysis of social media
posts from individuals discussing mental health
topics, which raises important ethical considera-
tions. All data used in this study was provided
by the CLPsych 2026 shared task organisers un-
der a formal data access agreement, and handled
strictly in accordance with its terms. No additional
data collection was performed, and no attempt was
made to re-identify any individual from the pro-
vided anonymised dataset.

The posts processed in this work may contain
sensitive disclosures, including expressions of sui-
cidal ideation, self-harm, and severe psychological
distress. We recognise the potential harm of mis-
classifying such content and emphasise that our
system is intended solely as a research prototype
and is not suitable for deployment in clinical or
real-world settings without thorough validation by
qualified mental health professionals.
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