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Abstract

We present MHRoOBERT (Multistream HEAT
over Recurrence over BERT), a hierarchical
transformer architecture for longitudinal men-
tal health monitoring that models self- and mu-
tual excitation patterns in linguistic and tem-
poral data across multivariate event streams
relating to an individual’s mental health. To
supply the model with complementary perspec-
tives on each post, we apply a Large Language
Model (LLM) based annotation to extract three
streams from social media posts: emotional
states, personal life events, and mental health
symptoms. A central finding is that multi-task
learning with these automatically-generated
stream labels provides substantial, consistent
improvements across all model architectures
evaluated. Multistream information further con-
sistently benefits simpler models not explicitly
designed to exploit it: LLM baselines incor-
porating stream annotations improve macro F1
by 12.6% over text-only prompting. These re-
sults have direct implications on Moments of
Change detection: multistream auxiliary super-
vision yields consistent, substantial gains re-
gardless of architecture, suggesting it is a sim-
ple and portable strategy that future systems
can readily adopt with minimal architectural
changes. MHRoBERT additionally produces
interpretable learned parameters across streams,
revealing temporal interaction patterns between
mental health indicators.

1 Introduction

Mental health conditions manifest through mul-
tiple, interconnected signals — from emotional
expressions and behavioural changes to physical
symptoms and life events. Despite that, traditional
approaches to analysing and modeling social media
for mental health monitoring examine individual
behavioural signals in isolation, without modelling
the cross-stream dependencies and temporal inter-
actions between them (Bao et al., 2024). Network
theory of psychopathology posits that mental health
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conditions emerge from systems of mutually rein-
forcing symptoms that interact causally over time
(Borsboom and Cramer, 2013; Borsboom, 2017),
while subsequent work demonstrates that emotions
form dynamic, mutually influencing networks over
time (Bringmann et al., 2013) and that the interplay
between positive and negative affect carries clini-
cally meaningful information about mental health
trajectories (Wichers et al., 2012). On social media,
prior work has largely focused on individual be-
havioural signals without modelling how different
streams co-evolve and mutually interact over time
(Yazdavar et al., 2020; Garg, 2023), leaving impor-
tant cross-stream temporal dynamics unaddressed.

In this work, we leverage the stream taxon-
omy inspired by Mao et al. (2025) to obtain three
complementary perspectives on each post — emo-
tional states, personal life events, and mental health
symptoms — via LLM-based annotation, and inves-
tigate how these streams can be integrated into
temporal modelling architectures for Moments of
Change (MoC) in mood detection (Tsakalidis et al.,
2022b,a; Tseriotou et al., 2025). A widely ap-
plicable finding is that multi-task learning with
these automatically-generated stream labels pro-
vides substantial, consistent performance improve-
ments across all evaluated model architectures.
Multistream information widely benefits diverse
architectures, with LLM baselines showing sub-
stantial improvements when provided with stream
annotations. These results suggest that incorporat-
ing multistream auxiliary supervision is a broadly
applicable strategy for improving MoC detection.
Building on this, we present MHRoBERT (Mul-
tistream HEAT over Recurrence over BERT), a
hierarchical transformer architecture that captures
cross-stream temporal interactions through mul-
tistream HEAT layers and general temporal dy-
namics through unistream aggregation, while main-
taining direct access to sequential information via
residual connections. The main contributions of
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this work are:

e We demonstrate that multi-task learning with
automatically-generated multistream labels —
derived using LLM annotation inspired by the
taxonomy of Mao et al. (2025) consistently and
substantially improves MoC detection across
diverse model architectures, including those not
explicitly designed to use this information.
MHROBERT, a hierarchical architecture that
models both self-excitation within individual
streams and mutual excitation between streams,
capturing nuanced temporal interactions be-
tween longitudinal mental health event data.
Interpretable learned parameters (e, /3, p) that
reveal temporal interactions between streams.

e A recommendation for future CLPsych shared

task submissions: our results suggest mul-
tistream auxiliary supervision is a practical,
architecture-agnostic strategy for improving
performance on Moments of Change detection.
Through this multistream approach, we identify
patterns in how different aspects of mental health
interact and evolve over time, providing a more
comprehensive view of mental health progression
than is possible from text alone.

2 Related Work

Multivariate Hawkes Processes Multivariate
Hawkes processes (Hawkes, 1971) are the theo-
retical foundation for modeling mutual excitation
between event streams. Zhou et al. (2013) devel-
oped efficient learning algorithms for large-scale
applications, while more recently, Zhang et al.
(2020) proposed the self-attentive Hawkes process,
demonstrating how attention mechanisms could
capture complex dependencies between different
event types. In the social media domain, Rizoiu
et al. (2017) used Hawkes processes to model in-
formation diffusion, demonstrating how different
types of social interactions could mutually rein-
force each other.

LLMs for Automated Annotation The use of
LLMs for textual annotation is an emerging area
and shows significant potential to create large-scale,
consistently labeled datasets at low cost (Tseng
etal., 2025; Meng et al., 2022). Recent work shows
that LLMs can match or exceed performance of
crowd workers in text annotation tasks across mul-
tiple domains (Gilardi et al., 2023; Tornberg, 2023).
Li and Conrad (2024) showed that LLMs are ef-
fective when annotating explicit stances in social
media posts, achieving high agreement with human
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annotators. However, discrepancies arise in cases
where stances are implicit or ambiguous, suggest-
ing hybrid approaches may be required for nuanced
annotation scenarios. Additionally, Kristensen-
McLachlan et al. (2023) raised concerns about
transparency and reproducibility, highlighting sig-
nificant variability in LLM performance across dif-
ferent tasks and noting that traditional supervised
classifiers often outperform LLMs in scenarios re-
quiring nuanced understanding. This is particularly
important in mental health, where even subtle dis-
tinctions can be clinically significant.
Longitudinal Modeling for Mental Health LLMs
have been used for mental health classifica-
tion (Amin et al., 2023), data augmentation (Liyan-
age et al., 2023), and reasoning (Xu et al., 2024),
demonstrating promise in detecting psychological
indicators (Yang et al., 2023), extracting relevant
evidence from text (Xu et al., 2024), and generating
clinically informed summaries (Song et al., 2024).
LLMs using instruction fine-tuning and Chain-of-
Thought (CoT) prompting (Yang et al., 2023) have
also been employed, though such approaches risk
incorrect predictions and flawed reasoning, espe-
cially in complex conversations (Li et al., 2023).
Longitudinal modeling with LLMs has emerged
as a pivotal paradigm for capturing language, be-
havior, and mental states over time. Unlike con-
ventional NLP tasks that treat inputs as isolated
instances, longitudinal modeling enable continu-
ous monitoring and nuanced understanding of dy-
namic processes such as user stance changes on
social media or psychological state progression in
health narratives (Park and Conway, 2017; Tsaka-
lidis et al., 2022a; Tseriotou et al., 2023, 2024,
Hills et al., 2024; Morini et al., 2025), In dialogue
systems (Kwak et al., 2023), longitudinal context
is essential for maintaining personalization (Chen
et al., 2023), and psychological grounding across
multiple conversational turns (Wang et al., 2023;
Zheng et al., 2023). Current approaches have not
been integrated with LLMs and focus on a single
stream of data (unistream).

3 Methodology

We first discuss how we obtain multiple inter-
acting data streams from a single data stream
(§3.1). These are expected to influence each other
but follow different temporal patterns. We then
present a multistream temporal architecture, with
cross-excitation for capturing interactions between
streams (§3.2)



3.1 Stream Extraction using LL.Ms

We use LLMs to extract three complementary per-
spectives from social media posts (for the full tax-
onomies and prompts used to extract these, see
Appendix A), namely:
Emotional States: For emotions, we adopt the
taxonomy of the fine-grained labels for Affect pro-
posed in the MIND framework (Slonim, 2024),
used to label the same dataset we make use of in
this work in the CLPSych 2025 shared task (Tseri-
otou et al., 2025). These consist of twelve intensive
emotions (e.g. Happy, Proud, Sad) spanning adap-
tive and maladaptive affective states.
Personal Life Events: To capture significant life
changes that may impact mental health, we em-
ployed the broad categories proposed in Mao et al.
(2025). These categories, designed specifically for
mental health transitions, were inspired by the Ma-
jor Life Events Taxonomy of Haimson et al. (2021),
which identifies 121 life event types across 12 cate-
gories, including health, relationships, career, and
identity changes.
Symptoms: We draw on a subset of the symp-
tom categories introduced in Mao et al. (2025) to
capture both physical and psychological labels re-
lated to mental health changes. The taxonomy en-
compasses categories that commonly manifest dur-
ing periods of mental health change — including
substance use patterns, trauma responses, phys-
ical symptoms, sleep disturbances, and appetite
changes

This overall categorization of the streams was
designed to identify warning signs and behavioral
changes that could indicate changes in mood and
mental health, while remaining broad enough to
capture diverse conditions.

3.1.1 Prompt Design and Language Model

We implement our automated stream annotation
using Qwen 2.5-32B-Instruct (Yang et al., 2025)
in a chain-of-thought (CoT) few-shot classifica-
tion setting. Our selection of Qwen 2.5 was in-
formed by comparative evaluations in Mao et al.
(2025) demonstrating superior performance over
other open-source models for mental health anno-
tation tasks. A key consideration was the model’s
ability to run locally — enabling all processing to be
performed on-premises without sending sensitive
user data to external servers. This is in contrast
to cloud-based language models that require data
to be sent to remote services, making Qwen 2.5
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particularly suitable for applications involving sen-
sitive mental health data. For each stream, we used
CoT prompting strategies (detailed in Appendix A)
that guide the model through explicit reasoning be-
fore producing final annotations. Our multi-label
prompt design was adapted from the approach of
Mao et al. (2025), in which the model provides its
reasoning for each category along with an explicit
“yes” or “no” judgment before predicting the final
answer label, thereby improving annotation quality
and interpretability.

3.2 Multistream HEAT Architecture

Our model extends HEAT (Historical Emotional
AggregaTion), a temporal aggregation mechanism
inspired by the Hawkes process. Originally pro-
posed by Sawhney et al. (2021b) for BERT encod-
ings and adapted by Hills et al. (2024) for LSTM
hidden states with learnable self-excitation (¢) and
decay (/) parameters, HEAT weights historical
representations by temporal proximity. The self-
excitation parameter € controls how much previous
events influence future representations, while the
decay parameter 3 determines how quickly this
influence diminishes over time. We modify this
approach to handle multiple interacting streams of
temporally sensitive linguistic data, by processing
user timelines through three main stages:

Linguistic Encoding Posts are first encoded us-
ing BERT (bert-base-uncased) to obtain contex-
tual embeddings. For each post ¢ in a timeline,
BERT produces a representation e(?) e R768 by
extracting the [CLS] token embedding.

Sequential Modeling The BERT embeddings
are processed through an LSTM layer to capture
sequential dependencies:

A = LSTM (e, =) (1)

where h(") € Réstm represents the hidden state en-
coding both linguistic content and sequential con-
text up to post .

Multistream HEAT Representation For each
target stream [, we compute a multistream HEAT
representation that captures cross-stream temporal
interactions:

— iyt Z Z R 1) C€(my € PEmAT

m j<i
2
where: 4 is the learned baseline intensity for target
stream [, I%) € {0,1} indicates whether post j

H(Zvl)

multi



belongs to stream m, € ,,) € RT captures the
excitation from stream m to stream [, 3(; .,y € R*
controls the temporal decay rate of this excitation
and A1; = t; — t; is the time elapsed since post j.
The learned € and 3 matrices reveal interpretable
patterns of how different mental health indicators
influence each other temporally.
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Figure 1: MHROBERT architecture for MoC prediction.
Posts are encoded with BERT and processed through
an LSTM to capture sequential context. An LLM an-
notates posts with emotion, life event, and symptom
labels. The final representation concatenates three com-
ponents: (1) a residual connection from the current
post’s LSTM state, (2) a unistream representation aggre-
gating all LSTM states via HEAT, and (3) a multistream
representation where HEAT pools LSTM states masked
by their stream labels. This combined representation
predicts whether a given post indicates a MoC.
Unistream HEAT Representation In addition
to the multistream representation, we compute a
unistream HEAT aggregation over all posts, regard-
less of stream assignment. This uses a Markovian
emphasis (Hills et al., 2024) that weights recent
context more heavily:

ngl?l — h(l—l) + Z h(]) - €uni - e~ BuniAT; 3)

j<i

where €,,; and [y are separate learnable parame-
ters which aggregate historical representations re-
gardless of stream labels, in the unistream fashion.

Combined Representation The final representa-
tion concatenates three components:

multi’ ~ multi’ " multi’ ~ " uni’

4

where the semicolon denotes concatenation. This
design captures: (a) Stream-specific temporal pat-
terns (multistream HEAT); (b) General temporal
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dynamics (unistream HEAT); (c) Direct sequen-
tial information (residual LSTM connection) (See
Fig. 1). The concatenated representation is scaled
with tanh activation and passed through a linear
classifier:

g(l) E softmax(Wout . tanh(r(i)) + bout) (5)

4 Experiments

Dataset and Preprocessing We make use of
the Reddit dataset introduced in Tsakalidis et al.
(2022a), containing longitudinal social media time-
lines labelled for Moments of Change (MoC). The
dataset comprises 186 users across 255 timelines
and 6,195 posts, with a median of 18 posts per
timeline and a median inter-post gap of 22.72 hours
(Hills et al., 2024). Given a historical sequence of
posts, the task is to identify whether a post denotes
a Switch (S), an Escalation (E), or Neither (O).
Posts were annotated by four annotators following
the scheme of Tsakalidis et al. (2022b), with final
labels determined by majority vote; inter-annotator
agreement, measured via Intersection over Union,
was 0.264 (S), 0.309 (E), and 0.832 (O) (Tsakalidis
et al., 2022a). The dataset is highly imbalanced,
with Switch (S: 6.6%) and Escalation (E: 15.8%)
events representing a small minority compared to
No Change posts (O: 77.6%), motivating our use
of macro-averaged F1 as the primary evaluation
metric and focal loss during training. Training and
implementation details are described in Section C.

Model Configuration We implement and evalu-
ate three variants of hierarchical architectures:
RoBERT: “Recurrence over BERT”. Baseline with
BERT encoding and LSTM sequential modeling,
without temporal aggregation layers. The classifier
operates directly on LSTM hidden states.
HoRoBERT: “HEAT over Recurrence over
BERT”. Hierarchical model with a single Marko-
vian HEAT layer (Hills et al., 2024). This applies
temporal aggregation over all LSTM hidden states
using learnable € and 8 parameters, with emphasis
on recent context through Markovian weighting.
MHROBERT: “Multistream HEAT over Recur-
rence over BERT”. Our proposed multistream ar-
chitecture that extends HORoBERT with three key
components (See Fig. 1):

o Multistream HEAT: Stream-specific temporal
aggregations with cross-stream excitation ma-
trices €(; ,,,) and 3 ,,,) and per-stream baseline
intensities



o Unistream HEAT: A Markovian HEAT layer ag-
gregating all posts regardless of stream labels,
using independent parameters €yp; and SByn;

o Residual connection: Direct access to the cur-
rent post’s LSTM hidden state

The final representation concatenates all three
components before classification, enabling the
model to leverage both stream-specific interactions
and general temporal patterns.

Central to our architecture is HEAT (Historical
Emotional AggregaTion) (Sawhney et al., 2021a;
Hills et al., 2024), which produces a temporally-
weighted aggregation of historical LSTM hid-
den states using two learnable parameters: self-
excitation € € R™, controlling how strongly past
posts amplify the current representation, and de-
cay 3 € R, governing how quickly that influence
diminishes with elapsed time A7; = t; — ¢;:

HO = p-0 £ 3" p0) ¢ e80T
7<i

(6)

MHROBERT extends this to the multistream setting
with stream-specific and cross-stream € ), B(1,m)
parameters (Section 3.2). In the fine-tuned setting,
all BERT parameters are updated end-to-end; in
the frozen setting only the LSTM and subsequent
layers are trained. Multi-task variants add an aux-
iliary head predicting stream labels from the same
shared representation.

4.1 LLMs for Moments of Change (MoC) De-
tection

We compared the performance of our specialized
models developed for temporal modelling with
LLMs applied in a zero-shot setting. To assess
the capabilities of LLM models for automatic Mo-
ments of Change (MoC) detection in longitudinal
data, we utilised a 32-billion parameter instruction-
tuned model Qwen2.5-32B-Instruct (Reategui-
Rivera et al., 2025; Nie et al., 2024). Evaluation
was performed on Reddit data, through prompting-
based inference under two settings:

(a) QwenLLM: In this setting, the model was
prompted to classify each post within a user’s time-
line as one of S (Switch), E (Escalation), or O
(None), depending on the past posts as context.
Each post was evaluated independently, given only
the past textual history of the user’s posts.

(b) QwenLLMMultistream: The QwenLLM-
Multistream prompting gives the model richer con-
textual signals that mimic a structured psychologi-
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cal assessment framework. The model used parallel
cues pertaining to fine-grained emotions, mental
health symptoms and personal life events to iden-
tify transitions (S), intensification (E), or stability
(O) in the user’s emotional trajectory. See Ap-
pendix B for the complete prompt templates and
configuration details for both LLM models.

5 Results

Table 1 shows the performance of different architec-
tures for predicting Moments of Change in mood.
When fine-tuning BERT, HoORoBERT achieves the
best overall macro-averaged F1 score (0.694), with
MHROBERT achieving competitive performance
(0.689). All three hierarchical architectures demon-
strate strong performance when BERT is fine-tuned
end-to-end.

5.1 Model Performance Across Settings

The fine-tuned BERT setting yields the strongest
results overall. HoROBERT shows particular
strength in recall (0.718) and achieves the best
F1 for Switches (0.531) and Escalations (0.638).
MHROBERT achieves the highest precision (0.689)
and performs well on Switches (F1 = 0.515),
though slightly behind HoORoBERT. The baseline
RoBERT (LSTM without temporal modeling) also
demonstrates competitive performance (macro F1
= 0.685), suggesting that sequential modeling with
fine-tuned representations captures substantial sig-
nal for Moments of Change detection.

With frozen BERT, all models show reduced
performance (macro F1 = 0.600-0.609), as ex-
pected when linguistic representations cannot adapt
to the task. However, the multi-task learning
setting, which also uses frozen BERT but incor-
porates auxiliary tasks predicting stream-specific
labels (emotions, life events, symptoms), achieves
remarkably competitive performance (macro F1 =
0.673-0.674). This represents only a 2% drop com-
pared to fine-tuned BERT, despite using fixed rep-
resentations. This demonstrates that multistream
auxiliary supervision provides substantial ben-
efits, effectively compensating for the lack of lin-
guistic fine-tuning by encouraging the model to
learn representations sensitive to multiple aspects
of mental health.

Under multi-task learning, MHRO0OBERT
achieves the best Switch detection (F1 = 0.514),
while all three models show strong and balanced
performance. The consistently high performance
across all three architectures in this setting



| Macro-Avg |

Switch (S) |

Escalation (E) | No Change (O)

Model \ P R F1 \ P R F1 \ P R F1 \ P R F1
Fine-tuned BERT

MHROBERT 689 696 .689 | 551 485 515 | 579 697 .632 | 936 .906 .921
HoRoBERT 680 718 .6094 | 532 531 531 | 564 738 .638 | 944 886 913
RoBERT 675 700 685 | 516 512 514 | 572 685 .623 | 937 901 918
Single-task (Frozen BERT)

MHRoOBERT 567 703 .600 | 293 .639 402 | 449 712 551 | 958 759 847
HoRoBERT 574 713 607 | 310 629 414 | 446 760 562 | 967 752 .846
RoBERT 575 703 .609 | 307 616 408 | 462 717 561 | 958 .776 .857
Multi-task (Frozen BERT)

MHROBERT 689 .662 .674 | 559 476 514 | 599 586 592 | 909 923 916
HoRoBERT 688 .663 .674 | 533 467 497 | .620 .595 .606 | 911 927 919
RoBERT 096 .660 .673 | 585 432 496 | 590 .628 .608 | 913 919 917
LLM Baselines

QwenLLM 447 496 427 | 119 496 192 | 343 357 350 | .879 .636 .738
QwenLLMMultistream | .517 .570 .481 | .141 .650 .232 | 468 .367 411 | 941 .694 .799

Table 1: Per-class and macro-averaged results, for predicting MoCs. For each metric, bold denotes the best score
within that experimental condition, while bold+underline denotes the best score across all conditions. P = Precision,

R = Recall, F1 = F1-score.

underlines that the benefit is driven by the auxiliary
supervision signal itself rather than by any
particular model design. However, it is worth
noting, that macro-averaged F1 masks important
precision-recall tradeoffs: in clinical monitoring
contexts, high recall for Switch events may be
preferable, as a missed sudden mood change could
signal an undetected emerging crisis whereas
false alarms can be filtered by a human reviewer,
favouring settings such as single-task frozen BERT
(Switch recall: 0.639) over the multi-task variant
(0.476) despite the latter’s higher F1.

5.2 Benefits of Multistream Information

A key finding of this work is that automatically-
generated multistream labels — derived via LLM
annotation inspired by the taxonomy of Mao et al.
(2025) — improve performance across different
model architectures, including those not explicitly
designed to handle this information. The LLM re-
sults provide compelling evidence: while the base-
line QwenLLLM achieves only 0.427 macro F1, in-
corporating multistream information in prompts
(QwenLLMMultistream) improves performance to
0.481 (12.6% relative improvement). This improve-
ment is particularly notable for rare classes, with
Switch recall improving from 0.496 to 0.650.

These results highlight the value of multistream
supervision beyond any specific architecture. The
stream labels provide a consistent benefit whether
the model explicitly models stream interactions

(MHROBERT), uses them as auxiliary supervi-
sion (multi-task setting), or incorporates them in
prompts (LLMs). These findings have direct rel-
evance for the CLPsych shared task on Moments
of Change detection: across all architectures evalu-
ated on the Reddit dataset used in that shared task,
models trained with multistream auxiliary super-
vision consistently and substantially outperform
their single-task counterparts. We therefore recom-
mend that future CLPsych submissions for MoC
detection explore multistream auxiliary supervision
as a practical and scalable strategy for improving
performance.

Furthermore, the multistream framework en-
hances model interpretability at multiple levels.
At the data level, individual posts can be inspected
for their stream-specific labels, allowing clinicians
or researchers to understand which aspects of men-
tal health (emotions, life events, symptoms) are
present in the discourse.

At the model level, architectures like
MHROBERT produce interpretable learned
parameters (Section 5.5) that reveal how different
streams interact temporally. Even for models with-
out explicit multistream architectures, the presence
of stream labels enables more transparent analysis —
practitioners can examine not just whether a mood
change was predicted, but which combination of
emotional expressions, life circumstances, and
symptom mentions contributed to that prediction.
This interpretability is particularly valuable in
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mental health applications where understanding
the reasoning behind predictions is as important as
prediction accuracy itself.

5.3 Comparison of Temporal Modeling Ap-
proaches

The improvements from adding temporal HEAT
layers (HoRoBERT) or multistream HEAT
(MHROBERT) over the LSTM baseline (RoBERT)
in the fine-tuned setting suggest several consid-
erations. The strong performance of RoBERT
indicates that sequential modeling with fine-tuned
BERT embeddings captures much of the rele-
vant temporal structure. While MHRoOBERT’s
multistream architecture provides interpretable
cross-stream interaction parameters (Section 5.5),
the performance gains over simpler approaches
are modest in the fine-tuned setting. However,
the architecture’s ability to leverage multistream
information proves particularly valuable in the
multi-task setting, where it achieves the best
Switch detection. This suggests that explicit
multistream modeling becomes more beneficial
when combined with auxiliary supervision that
encourages learning stream-specific patterns.

5.4 Analysis of Model Components

The results demonstrate that both the unistream
temporal component (HoORoBERT) and residual
LSTM representations (present in all models) con-
tribute meaningfully to performance. HOROBERT
consistently achieves high recall on rare events,
suggesting that the unistream HEAT component
effectively captures temporal patterns associated
with mood changes. MHRoBERT’s additional mul-
tistream HEAT component provides interpretable
interaction parameters while maintaining competi-
tive performance across all settings.

The importance of end-to-end BERT fine-tuning
is evident, with fine-tuned models substantially out-
performing frozen BERT variants in single-task
learning. However, the multi-task results reveal that
multistream auxiliary supervision can largely
bridge this gap, achieving near-equivalent per-
formance with frozen representations. This find-
ing has practical implications, as it enables ef-
fective mood change detection without expensive
fine-tuning, making the approach more accessible
for resource-constrained applications or domains
where labeled data for fine-tuning is limited.
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5.5 Stream Interaction Analysis

The resulting model produces interpretable param-
eters, including excitation (¢) and decay () ma-
trices, along with baseline intensities (x), which
provide insights into the temporal relationships be-
tween streams. These relationships are visualized
in Figure 2.

Our multistream approach demonstrates several
advantages over the baseline approaches. The inte-
gration of emotional states, life events, and symp-
toms provides a more comprehensive view of men-
tal health changes, with the learned interaction pa-
rameters (Figure 2) offering insights into temporal
dynamics between streams.

The excitation patterns reveal differential influ-
ences between streams. Emotions exhibit the high-
est self-excitation (¢ = 0.01), suggesting emotional
states tend to reinforce themselves. Cross-stream
excitation from emotions to symptoms (¢ = 0.009)
is notably strong, indicating that emotional states
may influence symptom manifestation. Life events
show more balanced excitation across streams
(e = 0.004-0.006), while symptoms demonstrate
weaker cross-stream influence overall (e = 0.002—
0.004).

The decay rates (3) show interesting tempo-
ral patterns. Emotions display very slow self-
decay (6 = 0.0002), suggesting persistence of
emotional states, while their cross-stream decay is
faster (8 = 0.004-0.007). Life events exhibit con-
sistently fast decay across all streams (5 = 0.01—
0.009), potentially reflecting their more transient
nature. The decay from emotions to symptoms is
relatively slow (5 = 0.001), which may indicate
lasting emotional influence on symptoms.

The baseline intensities show positive val-
ues for emotions (¢ = 0.0062) and symptoms
(. = 0.0056), with life events near zero (p =
—0.00093). This pattern suggests that while emo-
tional and symptom streams maintain some base-
line activity, life events are primarily driven by
external occurrences rather than intrinsic baseline
patterns. These learned parameters provide a foun-
dation for understanding how different aspects of
mental health interact temporally, though further
investigation would be valuable to validate these
patterns against clinical observations.

5.6 Stream Interpretability Analysis

The decomposition of the multistream HEAT com-
ponent of MHRoBERT provides key interpretabil-
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Figure 2: Learned interaction parameters showing excitation (¢) and decay () values between different streams,
where higher values indicate stronger relationships. Learned baseline intensities (1) for each individual stream are
presented, where higher values indicate stronger contribution to the associated stream representations - regardless of

event occurrence.

ity insights. As shown in Figure 3, the Emo-
tion stream contributes the largest share of multi-
stream attribution (~ 41%), followed by Symptom
(~ 39%) and Life Event (~ 19%). This ordering,
consistent across classes, indicates a coherent inter-
nal structure within multistream HEAT.

Class

Other
Switch
B Escalation

Emotion Symptom Life Event

o e o
o o
& ®

Attribution (mean =+ std)

g
o
o
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Figure 3: Class wise multistream attribution with multi-
stream HEAT component (fine-tuned MHRoBERT).

Table 2 summarizes the representational geom-
etry results using Nearest-Centroid (global) and
k-Nearest Neighbors (local) evaluations. The
unistream space exhibits stronger class separabil-
ity and contributes more to gradient attributions,
whereas the multistream space, though less dis-
criminative, remains semantically informative. Its
lower F1 reflects an expected entanglement of
cross-stream embeddings that jointly encode emo-
tional, symptomatic, and life-event cues.

While this representation is less separable, it
captures richer inter-stream relationships, enhanc-
ing interpretability and potential transferability. In
contrast, the unistream representation emphasizes
temporal discrimination, producing distinct clus-
ters aligned with mental state transitions. Together,
these complementary inductive biases suggest that
multistream HEAT prioritizes semantic alignment
and interpretability, while unistream HEAT main-
tains geometric clarity and predictive precision as
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Method UHEAT MHEAT Fused
Nearest-Centroid (cosine)
Macro-F1 0.4413 0.3368 0.4493
Precision 0.4388 0.3812 0.4388
Recall 0.5091 0.4229 0.5091
k-NN (k=5, cosine)
Macro-F1 0.4032 0.3882 0.4057
Precision 0.3961 0.3994 0.4014
Recall 0.4106 0.3907 0.4106

Table 2: Representation geometry analysis.
reflected in the fused stream results.
5.7 Future Research Directions

This work opens several promising avenues for
future research in automated mental health mon-
itoring and detecting changes more generally, by
considering multiple interrelated temporal streams
of data. In terms of stream extraction, more so-
phisticated prompt engineering techniques could
improve the quality and reliability of automated an-
notations. Integration with external clinical knowl-
edge bases could provide more psychologically
validated stream categories, while systematic com-
parison with expert human annotation would help
validate the LLM-based approach.

The modeling framework itself could be ex-
tended in several ways. Incorporating more ad-
vanced, fine-tuned linguistic representations could
better capture the nuances of mental health-related
language. Additional streams, such as social in-
teraction patterns or environmental factors, could
provide even more comprehensive monitoring capa-
bilities. The temporal modeling could be enhanced
to capture more complex dynamics, including sea-
sonal patterns and long-term trends.

From a clinical application perspective, this lays
the groundwork for developing and improving ex-
isting mental health monitoring frameworks. The



interpretable nature of the stream interactions could
help clinicians understand the progression of men-
tal health states over time, particularly by highlight-
ing which combinations of emotional, behavioral,
and life event patterns most strongly indicate im-
pending changes in mental health.

6 Conclusion

This paper has demonstrated the value of multi-
stream supervision for mental health monitoring,
leveraging LL.M-annotated emotional states, per-
sonal life events, and mental health symptoms as
auxiliary signals, inspired by the taxonomy of Mao
et al. (2025). Building on this, we introduced
MHRO0BERT, a novel hierarchical architecture that
integrates stream-specific temporal interactions,
general temporal dynamics, and direct sequential
information through a unified representation. Its
interpretable learned parameters (e, (3, i) reveal
interaction patterns between mental health indica-
tors with potential clinical value. Crucially, our
empirical results show that multistream auxiliary
supervision benefits diverse architectures, establish-
ing it as a practical, architecture-agnostic strategy
for improving MoC detection.

A particularly important finding is that multi-
stream auxiliary supervision provides consistent
and substantial benefits across all evaluated archi-
tectures on the Reddit dataset from the CLPsych
2022 shared task on Moments of Change detec-
tion, while also being architecture-agnostic, scal-
able, and demonstrably effective.

Future work could focus on validating and refin-
ing stream annotations through clinical evaluation,
exploring additional streams such as social interac-
tion patterns or environmental factors, and inves-
tigating temporal modelling approaches that more
explicitly account for time intervals in training.
These directions could lead to more reliable sys-
tems for monitoring mental health through social
media, supporting better understanding and out-
comes for individuals experiencing mental health
difficulties.

Limitations

While this work demonstrates the potential of mul-
tistream temporal modelling for mental health mon-
itoring, several important limitations should be ac-
knowledged.

Performance Gains The performance improve-
ments of MHROoBERT over simpler baselines are
relatively modest in the fine-tuned setting, with
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macro F1 scores differing by only a few percentage
points. While the multistream information provides
interpretable cross-stream interaction parameters
and shows stronger benefits in multi-task learn-
ing scenarios, the gains over the LSTM baseline
(RoBERT) in single-task fine-tuned settings are
limited. Additionally, fine-tuned BERT with multi-
task learning exhibited gradient instability during
training (NaN gradients in a substantial proportion
of Reddit batches), which we attribute to the in-
teraction between the multi-task loss and BERT’s
deeper layers; stabilising this setting is left to future
work.

Stream Annotation Quality The multistream an-
notations are generated automatically using LLMs
without human validation, which introduces po-
tential noise and inconsistencies. While LLMs
have shown promise for annotation tasks (Gilardi
et al., 2023; Tornberg, 2023), they can struggle
with implicit or ambiguous content (Li and Conrad,
2024) and show significant variability across tasks
(Kristensen-McLachlan et al., 2023). In mental
health contexts, where subtle distinctions have sig-
nificant clinical implications, the lack of expert vali-
dation of our automatically generated stream labels
represents a notable limitation. The three-stream
taxonomy (emotions, life events, symptoms), while
grounded in psychological frameworks, has not
been validated by mental health professionals for
this specific application. Despite the noisy imper-
fect annotations, we still demonstrate several ben-
efits for making use of such annotations in this
paper.

Furthermore, while greedy decoding (tempera-
ture = 0.0, do_sample=False) ensures determinis-
tic and reproducible annotations, prompt sensitivity
was not systematically evaluated, the conceptual
boundaries between streams are not always clear-
cut (e.g., Depressed and Detachment may reflect
overlapping psychological states), and whether re-
sults generalise to annotations from other LLMs
beyond Qwen 2.5-32B-Instruct (Mao et al., 2025)
remains an open question for future work.

Temporal Modeling Assumptions The HEAT
mechanism assumes that temporal influence decays
exponentially over time, which may not accurately
reflect all psychological processes. Mental health
trajectories can involve complex patterns including
seasonality, and long-term trends that may not be
well-captured by exponential decay functions. The
current implementation uses learned static baseline



intensities, whereas more sophisticated approaches
might benefit from dynamic, context-dependent
baselines that adapt to individual users’ temporal
patterns.

Clinical Validity and Deployment This work
has not been validated in clinical settings or with
mental health professionals. The interpretable pa-
rameters produced by MHRoBERT (excitation and
decay matrices) require clinical evaluation to de-
termine whether they align with established un-
derstanding of mental health dynamics. Further-
more, deploying such systems for real-world men-
tal health monitoring raises critical concerns about
false positives/ negatives, privacy, informed con-
sent, and the potential for harm if predictions are
acted upon without appropriate clinical oversight.
The models are intended as research tools to under-
stand mental health patterns in social media data,
not as diagnostic or intervention tools.

Computational Requirements The hierarchical
architecture with end-to-end BERT fine-tuning re-
quires substantial computational resources, which
may limit accessibility for researchers or organiza-
tions with limited infrastructure. While the multi-
task frozen BERT setting offers a more resource-
efficient alternative, it still requires significant com-
pute for training on longitudinal data.

Ethical Considerations Automated monitoring
of mental health through social media raises impor-
tant ethical questions about privacy, consent, and
appropriate use of such systems. While this work
uses publicly available Reddit data with institu-
tional review board approval, the ability to identify
mood changes from user posts could potentially be
misused for surveillance or discrimination. Users
posting on public forums may not anticipate or
consent to their content being analyzed for mental
health indicators.
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A LLM Prompting Templates

We use chain-of-thought (CoT) prompting with
Qwen 2.5-32B-Instruct to extract three streams of
mental health-relevant information from social me-
dia posts. Below are the complete prompt templates
used for each stream.

A.1 Model Configuration

We implement our automated stream annotation
using Qwen 2.5-32B-Instruct with the following
configuration:

* Model: Qwen 2.5-32B-Instruct
* Quantization: 4-bit quantization
* Precision: bfloatl6

* Decoding Strategy: Greedy decoding (deter-
ministic) with do_sample=False

e Max New Tokens: 1024 tokens

* Temperature: 0.0 (greedy decoding)
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A.2 Emotional States Prompt

You are tasked with classifying the
emotional content of a social media
post.

Emotion Categories:

- Happy: Content, joyful, hopeful,
excited, glad, cheerful

- Proud: Feeling accomplished,
satisfied with achievements,
confident in success

- Sad: Emotional pain, grieving, hurt,
heartbroken over loss

- Anxious: Fearful, tense, worried,
nervous, scared, panicked

- Depressed: Despair, hopeless,
worthless, empty, suicidal thoughts

- Apathetic: Numb, indifferent, don't
care, emotionally blunted

- Angry: Aggression, hate, rage,
disgust, contempt

- Ashamed: Guilty, embarrassed,
humiliated, self-critical

- Loneliness: Feeling alone, isolated,
lacking meaningful connection

- None: The post does not clearly
reflect any of the above emotion
categories.

Instructions:

1. Based on the provided examples,
analyze the post by evaluating each
emotion category.

2. For each category, explain your
reasoning and clearly state "yes”
or "no" regarding its presence.

3. Finally, list all applicable emotion
categories that are present in the
post. If more than one applies,
separate them with commas.

Below are some examples:
{few_shot_examples}

Post to Analyze:
Post:

"{post}"

Please strictly follow the output
format exactly as shown below. Do
not use bold, markdown, or extra
formatting.

Output Format:
Explanation:
- Happy: [reason]. So the answer is yes
(or is no).
- Proud: [reason]. So the answer is yes
(or is no).
- Sad: [reason]. So the answer is yes
(or is no).
- Anxious: [reason]. So the answer is
yes (or is no).
- Depressed: [reason]. So the answer is
yes (or is no).
Apathetic: [reason]. So the answer is
yes (or is no).
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- Angry: [reason]. So the answer is yes
(or is no).
Ashamed: [reason]. So the answer is
yes (or is no).
- Loneliness: [reason]. So the answer
is yes (or is no).
- None: [reason]. So the answer is yes
(or is no).

Answer:

Only output exact category names:
Happy, Proud, Sad, Anxious,
Depressed, Apathetic, Angry,
Ashamed, Loneliness, or None. Use
commas to separate multiple labels,
if any.

A.3 Personal Life Events Prompt

You are provided with a social media
post and must identify any personal
life events based on the life event
categories defined below.

Life events are experiences that have a
major personal impact on an
individual. They must involve a
clearly identifiable occurrence or
change. These events may have
occurred in the past (explicitly
stated, or inferred from context if
the impact is clear), be occurring
in the present (explicitly
described or clearly implied), or
be expected in the near future
(only if explicitly stated).

- Mental Health:

Mental health life events cover
discussions about receiving a
formal mental health diagnosis;
starting or adjusting psychiatric
medication; beginning therapy;
recovery or significant symptom
improvement; or experiencing acute
psychological episodes such as
manic episodes, psychotic breaks,
panic attacks, dissociative
episodes, self-harm, suicide
attempts, or acute suicidal
ideation requiring crisis
intervention. It does not include
general low mood, stress, anxiety,
or depression unless explicitly
tied to one of these major events.

- Physical Health:

Physical health life events cover
accidents; injuries; diagnoses or
survival of serious illnesses;
chronic conditions that have a
notable impact on daily life; or
cases where the individual or
someone important to them has been
hospitalized, undergone surgery,
received emergency medical
treatment, or experienced other
major medical interventions.
Pregnancy-related experiences,
including becoming pregnant,




pregnancy loss, abortion, or
complications, are also included.
Common aches, headaches, fatigue,
or other symptoms without being
part of a major physical health
event are not included.

- Abuse & Addiction:

Covers major life events involving
abuse or substance-related issues.
Abuse may occur in childhood or
adulthood and may take physical,
sexual, emotional, psychological,
or other forms. Addiction-related
events include the onset of heavy
drug or alcohol use; acknowledgment
of addiction; overdoses; withdrawal
symptoms; relapses; or recovery
(including participation in
treatment programs such as
rehabilitation or support groups).

- Relationship & Loss:

Covers specific relationship changes or
disruptions in meaningful personal
connectionsfamily or non-familythat
result in strong emotional impact.
Includes beginning or ending
friendships or romantic
relationships; marriage or divorce;
parental separation or divorce;
serious arguments or conflicts;
relationships becoming abusive or
toxic; the addition of new family
members (e.g., through birth or
adoption); parenting difficulties;
emotionally distressing health
issues involving family members,
partners, close friends, or other
meaningful connections; or the
death of a person or pet who was
important to the individual.

- Career & Education:

Career-related life events cover
starting or losing a job;
promotions; demotions; troubles at
work; being unable to find a job;
retirement; or becoming a business
owner. Education-related life
events include starting or
graduating from school;
transferring schools; leaving
school without graduating; being
denied entry into school; taking
major exams; experiencing
significant academic challenges; or
achieving major academic milestones
(e.g., earning a certification).

- Financial & Legal & Societal:

Financial life events include major
purchases (e.g., a house or car);
financial gains or milestones
(e.g., paying off debt); financial
losses (e.g., stolen or damaged
property); or ongoing financial
difficulties. Legal life events
include law violations; arrests;
court appearances; lawsuits or
legal actions; or major
interactions with the justice
system, whether the individual is
subject to legal proceedings or
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initiating them. Societal life
events with clear personal impact
include natural disasters;
pandemics; major political events;
societal issues; or notable public
encounters (e.g., meeting a
celebrity).

- Lifestyle & Identity & Environment:

Covers major life events involving
changes in lifestyle habits,
personal identity, or living
environment. Lifestyle changes
include adopting new health- and
well-being-related routines, such
as adjustments in diet; exercise;
sleep management; stress management
(e.g., through meditation);
reducing substance use; fostering
positive social connections; or
getting a pet. It does not include
clinical treatment for mental
health issues. Identity transitions
include identifying or changing
one's gender or sexual orientation
(e.g., coming out as LGBTQ+);
discussing a new sexual experience;
or exploring, adopting, or changing
political or religious beliefs
(including changes in religious
practices). Relocation life events
include moving to a new place;
moving in or out of the family
home; family members moving into or
out of the household; or
significant travel experiences.

- None:

Applies when the post does not clearly
reflect any of the above life event
categories.

Instructions:

1. Read the post carefully and evaluate
whether it matches each defined
life event category.

2. For each life event category,
explain your reasoning. If a
category applies, support your
answer with direct evidence from
the post. If it does not apply,
explain why there is insufficient
or no evidence. Clearly state "yes”
or "no" for each category.

3. Finally, list all broad life event
categories that apply. If more than
one applies, separate them with
commas.

Below are some examples:
{few_shot_examples}

Post to Analyze:
Post:

"post}”

Please strictly follow the output
format exactly as shown below. Do
not use bold, markdown, or extra
formatting.

OQutput Format:




Explanation:

- Mental Health: [reason]. So the
answer is yes (or is no).

- Physical Health: [reason]. So the
answer is yes (or is no).

- Abuse & Addiction: [reason]. So the
answer is yes (or is no).

- Relationship & Loss: [reason]. So the
answer is yes (or is no).

- Career & Education: [reason]. So the
answer is yes (or is no).

- Financial & Legal & Societal:
[reason]. So the answer is yes (or
is no).

- Lifestyle & Identity & Environment:
[reason]. So the answer is yes (or
is no).

- None: [reason]. So the answer is yes
(or is no).

Answer:

Output exact category names: Mental
Health, Physical Health, Abuse &
Addiction, Relationship & Loss,
Career & Education, Financial &
Legal & Societal, Lifestyle &
Identity & Environment, or None.
Use commas to separate multiple
labels, if any."""

A.4 Mental Health Symptoms Prompt

You are provided with a social media
post and must identify any symptoms
of mental health issues according
to the symptom categories defined
below.

Symptom Categories:

- Suicidal Thoughts:

Distinct from general distress, this
involves specific thoughts about
ending one's life, including
considering methods, making plans,
or expressing a desire to die. This
includes passive thoughts ("I wish
I wouldn't wake up”) and active
plans, as well as references to
past suicide attempts.

- Somatoform & Substance Abuse:

Somatoform refers to physical symptoms
that cause significant distress but
lack clear medical explanations.
This includes various types of pain
(e.g., headaches, muscle aches);
unexplained physical sensations;
physical fatigue; and physical
complaints affecting different body
systems. They are often accompanied
by cognitive symptoms such as
impaired memory, reduced processing
speed, and poor planning. Substance
abuse covers problematic use of
alcohol, drugs, or other
substances. This includes excessive
drinking or drug use; failed
attempts to cut down; spending a
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disproportionate amount of time
obtaining, using, or recovering
from substances; and continued use
despite negative consequences.

- Eating Pathology:

Includes problematic cognitions and
behaviors related to food, eating
patterns, body image, and weight.
This includes fear of weight gain
(e.g., frequent body-checking,
obsessive weighing); body image
disturbance (e.g., negative
fixation on weight or shape);
self-worth tied to appearance
(e.g., harsh self-criticism,
comparisons); denial of low weight;
and guilt/shame around eating
(e.g., anxiety about food,
avoidance of eating situations).
Other features include using food
as emotional coping and obsessive
focus on food, cooking, or
weight-related content. Behavioral
manifestations include restrictive
eating (e.g., smaller portions,
skipping meals, eliminating food
groups, extreme diets, calorie
counting); fasting to compensate;
and chewing and spitting (chewing
food without swallowing). Binge
eating involves consuming
abnormally large amounts of food
with feelings of loss of control,
eating rapidly or until
uncomfortably full, eating alone
due to embarrassment, and
experiencing negative emotions
afterward. Compensatory behaviors
include self-induced vomiting,
misuse of laxatives or diuretics,
use of diet pills or "slimming
teas,” fasting as a non-purging
compensatory behavior and excessive
exercise (e.g., working out despite
fatigue/injury, exercise
interfering with daily
functioning). Secretive eating
behaviors, including concealing
eating patterns or using coded
terminology online, may also occur.

- Sexual:

Involves difficulties with sexual
functioning and satisfaction. This
includes problems with sexual
desire, arousal, or performance;
pain during sexual activity;
distress related to sexual
experiences; and addictive sexual
behaviors that impair various other
functions.

- Thought Disorder:

Relates to disruptions in perception,
beliefs, and thought organization.
This includes unusual sensory
experiences (e.g., hearing voices);
extreme and fixed, false beliefs;
disorganized thinking or speech;




and difficulty distinguishing
between what is real and what is
not.

- Antisocial and Antagonistic Behavior:

Refers to actions that violate societal
norms and infringe upon the rights
of others. This includes
rule-breaking or illegal behavior,
physical aggression, bullying,
deceitfulness or theft, blame
externalization, disregard for
social norms or obligations, and
property destruction. It also
covers behaviors such as
deliberately provoking or annoying
others, attention-seeking,
rudeness, manipulating others for
personal gain, and other
deliberately over-extroverted
behaviors (physical or emotional).
These behaviors may be accompanied
by impulsivity, distractibility,
and risk-taking.

- Detachment:

Characterized by withdrawal from social
and emotional experiences. This
includes avoidance of social
interaction, limited emotional
expression, lack of close
relationships, reduced capacity to
experience pleasure in activities
(particularly in social contexts),
and social isolation.

- None:

Applies when the post does not clearly
reflect any of the above symptom
categories.

Instructions:

1. Read the post carefully and evaluate
whether it matches each defined
symptom category.

2. For each category, explain your
reasoning. If a category applies,
support your answer with direct
evidence from the post. If it does
not apply, explain why there is
insufficient or no evidence.
Clearly state "yes"” or "no" for
each category.

3. Finally, list all applicable symptom
categories that are present in the
post. If more than one applies,
separate them with commas.

Below are some examples:
{few_shot_examples}

Post to Analyze:
Post:

"{post}"

Please strictly follow the output
format exactly as shown below. Do
not use bold, markdown, or extra
formatting.
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Qutput Format:

Explanation:

- Suicidal Thoughts: [reason]. So the
answer is yes (or is no).

- Somatoform & Substance Abuse:
[reason]. So the answer is yes (or
is no).

- Eating Pathology: [reason]. So the
answer is yes (or is no).

- Sexual: [reason]. So the answer is
yes (or is no).

- Thought Disorder: [reason]. So the
answer is yes (or is no).

- Antisocial and Antagonistic Behavior:
[reason]. So the answer is yes (or
is no).

- Detachment: [reason]. So the answer
is yes (or is no).

- None: [reason]. So the answer is yes
(or is no).

Answer:

Output exact category names: Suicidal
Thoughts, Somatoform & Substance
Abuse, Eating Pathology, Sexual,
Thought Disorder, Antisocial and
Antagonistic Behavior, Detachment,
or None. Use commas to separate
multiple labels, if any.”"""

A.5 Chain-of-Thought Examples

To illustrate the reasoning process required by our
prompts, we provide synthetic in context learning
examples demonstrating the chain-of-thought ap-
proach. These examples are fictional and created
for demonstration purposes to protect the privacy of
the individuals in our dataset. The actual prompts
used during annotation contained 5-10 similar ex-
amples per stream, all following the same struc-
tured reasoning format shown below. Each ex-
ample demonstrates explicit evaluation of every
category before producing a final classification.

A.5.1 Emotion Classification Example

Post:

"Finally submitted my thesis after
months of work! Feeling accomplished

and ready for what's next.”

Explanation:

- Happy: The post explicitly states
"Feeling accomplished” which
directly

indicates pride and satisfaction. The
forward-looking tone suggests
hopefulness. So the answer is yes.

- Proud: While accomplishment is
present, this aligns more with
general

happiness than specific pride in
achievement. So the answer is no.

- Sad: The post expresses positive
emotions with no grief or emotional
pain.




So the answer is no.

- Anxious: No fear, worry, or tension
is expressed. So the answer is no.

- Depressed: The post conveys
accomplishment and optimism,
opposite to

despair. So the answer is no.

- Apathetic: Clear emotional engagement

is present, not numbness.
So the answer is no.

- Angry: No aggression or anger is
expressed. So the answer is no.

- Ashamed: The post expresses positive
feelings, not guilt or
embarrassment.

So the answer is no.

- Loneliness: No isolation or lack of

connection is mentioned.
So the answer is no.

- None: Clear positive emotion is

present. So the answer is no.

Answer:
Happy

A.5.2 Life Events Classification Example

Post:

"Started therapy last week and got
prescribed medication for my
anxiety.

Hoping this helps.”

Explanation:

- Mental Health: The post explicitly
mentions starting therapy and
receiving

psychiatric medication for anxiety,
which are major mental health
treatment

events. So the answer is yes.

- Physical Health: No accidents,
injuries, illnesses, or physical
medical

interventions are mentioned. So the
answer is no.

- Abuse & Addiction: No mention of
abuse or substance-related issues.

So the answer is no.

- Relationship & Loss: No specific

relationship changes are described.
So the answer is no.

- Career & Education: No work or

school-related events are mentioned.
So the answer is no.

- Financial & Legal & Societal: No
financial, legal, or societal events

are discussed. So the answer is no.

- Lifestyle & Identity & Environment:
The post focuses on clinical

intervention rather than lifestyle
modifications. So the answer is
no.

- None: A clear mental health life
event is present. So the answer is
no.

Answer:
Mental Health
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A.5.3 Symptoms Classification Example

B

This section details the complete prompt templates
and model configurations used for mood change

Post:

"Constant headaches all week and
exhausted no matter how much I
sleep.

Also been drinking more than usual to
cope.”

Explanation:

- Suicidal Thoughts: No death wishes or
suicidal ideation are expressed.

So the answer is no.

- Somatoform & Substance Abuse: The
post mentions "constant headaches”
and

chronic exhaustion (somatic symptoms)
plus "drinking more than usual to

cope” (substance use for emotional
regulation). So the answer is yes.

- Eating Pathology: No eating, weight,
or body image concerns are
mentioned.

So the answer is no.

- Sexual: No sexual symptoms are
discussed. So the answer is no.

- Thought Disorder: The thinking is
coherent with no perceptual
disturbances.

So the answer is no.

- Antisocial and Antagonistic Behavior:
No rule-breaking or aggression is

described. So the answer is no.

- Detachment: While fatigue is present,
there's no indication of social

withdrawal. So the answer is no.

- None: Clear symptoms are present. So
the answer is no.

Answer:
Somatoform & Substance Abuse

Baseline LLM Prompting Templates for

Mood Change Detection

detection (MoC) experiments with LLMs.
B.1 Model Configuration

For automatic mood change detection, we used the

following configuration:

* Model: Qwen2.5-32B-Instruct

Quantization: 4-bit (NF4)

Precision: bfloat16

Decoding Strategy: Greedy decoding

(do_sample=False)

Attention Implementation: Default (no cus-

tom optimization)




* Tokenizer Padding: Right-side padding with Each post belongs to a timeline of user

EOS token substitution posts. Your task is to classify the
current
. . . post based on prior posts as one of the
* Hardware: Single NVIDIA GPU with 4-bit following:

quantized loading via BitsAndBytes
- S (Switch): Sudden shift in mood

direction (positive negative)

- E (Escalation): Gradual or clear
intensification of mood in the same

* Temperature: 0.0 direction

- 0 (None): No significant mood change
or mood remains consistent

e Max New Tokens: 32

B.2 Mood Change Detection Prompt (Qwen-

LLM) AUTOMATED MULTISTREAM LABEL CONTEXT:
Each post includes automated labels
from three streams:

You are an expert assistant for
identifying self-disclosed mood
changes in user timelines on social
media.

1. FINE-GRAINED EMOTION LABELS (12
categories organized by
adaptiveness):

Your task is to classify the current
post into exactly one of these
three labels based on the context
of previous posts:

Positive Adaptive Emotions:

- Happy: Content, joyful, hopeful,
excited, glad, cheerful

Proud: Feeling accomplished,
satisfied with achievements,
confident in success

- Calm: Peaceful, relaxed, serene,

tranquil emotional states

- Vigor: High energy, vitality,
enthusiasm, active engagement

Feeling loved: Experiencing
affection, care, or emotional
support from others

- S (Switch): A sudden shift in mood
direction (positive negative)
compared to prior posts.

- E (Escalation): A gradual or clear
intensification of mood in the same
direction.

- 0 (None): No significant mood change
or mood remains neutral/consistent.

### Instructions:

- Read all previous posts in the
timeline as context to understand
the user's prior mood.

- Read the current post carefully.

- Determine if the current post
represents a sudden mood switch
(S), a gradual escalation (E), or
no significant mood change (0).

- **Qutput only the label (S, E, or 0)
on a single line no extra text,
explanation, or commentary**

- If there are *xno previous posts*x,
assume the baseline mood is neutral.

Negative Adaptive Emotions:

- Sad: Emotional pain, grieving,
hurt, heartbroken over loss
(adaptive response to loss)

- Justifiable anger: Appropriate
anger in response to unfair
treatment or injustice

Negative Maladaptive Emotions:
- Anxious: Fearful, tense, worried,
nervous, scared, panicked
- Depressed: Despair, hopeless,
worthless, empty, suicidal
thoughts
Apathetic: Numb, indifferent,
don't care, emotionally blunted
- Angry: Aggression, hate, rage,
disgust, contempt (non-justified)
- Ashamed: Guilty, embarrassed,
humiliated, self-critical
Loneliness: Feeling alone,
isolated, lacking meaningful

Previous posts:
{prev_posts if prev_posts else "No
previous posts”}

Current post:
{current_post}

Answer: i
connection
Listing 1: QwenLLM prompt template for timeline-
based MoC classification. 2. MENTAL HEALTH SYMPTOM LABELS (7
categories):

B.3 Mood Change Detection (QwenLLMMul- - Suicidal Thoughts: Specific

tistream) Prompt thoughts about ending one's
life, including considering
methods, making plans,
expressing desire to die,
passive thoughts ("I wish I

You are an assistant for identifying a
user's self-disclosed mood changes
over time.
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wouldn't wake up"), active
plans, references to past
suicide attempts

- Somatoform & Substance Abuse:
Physical symptoms causing
significant distress without
clear medical explanations
(headaches, muscle aches,
unexplained sensations, physical
fatigue, cognitive symptoms like
impaired memory/processing).
Substance abuse includes
problematic alcohol/drug use,
failed attempts to cut down,
excessive time
obtaining/using/recovering from
substances, continued use
despite negative consequences

- Eating Pathology: Problematic
food/eating behaviors and
cognitions including fear of
weight gain, body image
disturbance, self-worth tied to
appearance, guilt/shame around
eating, using food as emotional
coping, restrictive eating
patterns, binge eating with loss
of control, compensatory
behaviors (vomiting, laxatives,
excessive exercise), secretive
eating behaviors

- Sexual: Difficulties with sexual
functioning including problems
with desire/arousal/performance,
pain during sexual activity,
distress related to sexual
experiences, addictive sexual
behaviors

- Thought Disorder: Disruptions in
perception, beliefs, thought
organization including unusual
sensory experiences (hearing
voices), extreme fixed false
beliefs, disorganized
thinking/speech, difficulty
distinguishing reality

- Antisocial and Antagonistic
Behavior: Actions violating
societal norms and others'
rights including rule-breaking,
illegal behavior, physical
aggression, bullying,
deceitfulness, blame
externalization, property
destruction, deliberately
provoking others,
attention-seeking, rudeness,
manipulation for personal gain

- Detachment: Withdrawal from social
and emotional experiences
including avoidance of social
interaction, limited emotional
expression, lack of close
relationships, reduced capacity
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for pleasure (especially social
contexts), social isolation

3. PERSONAL LIFE EVENT LABELS (7
categories):

- Mental Health: Receiving formal
mental health diagnosis,
starting/adjusting psychiatric
medication, beginning therapy,
recovery/significant symptom
improvement, acute psychological
episodes (manic episodes,
psychotic breaks, panic attacks,
dissociative episodes,
self-harm, suicide attempts,
acute suicidal ideation
requiring crisis intervention)

- Physical Health: Accidents,
injuries, diagnoses/survival of
serious illnesses, chronic
conditions with notable daily
life impact, hospitalization,
surgery, emergency medical
treatment, major medical
interventions, pregnancy-related
experiences (becoming pregnant,
pregnancy loss, abortion,
complications)

- Abuse & Addiction: Major events
involving abuse (physical,
sexual, emotional,
psychological) in childhood or
adulthood; addiction-related
events including onset of heavy
drug/alcohol use, acknowledgment
of addiction, overdoses,
withdrawal symptoms, relapses,
recovery (treatment programs,
rehabilitation, support groups)

- Relationship & Loss: Specific
relationship changes/disruptions
in meaningful personal
connections with strong
emotional impact including
beginning/ending friendships or
romantic relationships,
marriage/divorce, parental
separation/divorce, serious
arguments/conflicts,
relationships becoming
abusive/toxic, addition of new
family members, parenting
difficulties, emotionally
distressing health issues
involving family/partners/close
friends, death of important
person or pet

- Career & Education: Career events
(starting/losing job,
promotions, demotions, work
troubles, unable to find job,
retirement, becoming business
owner); Education events
(starting/graduating school,




transferring schools, leaving
without graduating, denied
school entry, major exams,
significant academic challenges,
major academic milestones)

- Financial & Legal & Societal:
Financial events (major
purchases like house/car,
financial gains/milestones,
financial losses, ongoing
financial difficulties); Legal
events (law violations, arrests,
court appearances, lawsuits,
major justice system
interactions); Societal events
with personal impact (natural
disasters, pandemics, major
political events, societal
issues, notable public
encounters)

- Lifestyle & Identity &
Environment: Lifestyle changes
(adopting new health routines,
diet/exercise/sleep/stress
management adjustments, reducing
substance use, fostering
positive social connections,
getting pet - not clinical
mental health treatment);
Identity transitions
(gender/sexual orientation
identification/changes, coming
out as LGBTQ+, new sexual
experiences,
exploring/adopting/changing
political/religious beliefs);
Relocation events (moving to new
place, moving in/out of family
home, family members moving
in/out of household, significant
travel experiences)

INTERPRETATION GUIDELINES:

- Fine-grained emotions (especially
transitions between
Positive/Negative
Adaptive/Maladaptive categories)
are primary indicators of mood
switches and escalations

- Life events often trigger mood
changes - look for temporal
relationships between events and
emotional shifts

- Symptom patterns can indicate
escalating mental health states or
underlying mood deterioration

- Cross-stream interactions (e.g.,

relationship loss + depressed
emotion + detachment symptoms)
provide rich context for mood
trajectory assessment

Labels are automated and noisy but

provide valuable psychological
state indicators for detecting mood
changes over time

You will ONLY output one of the three
labels: S, E, or 0. No additional
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explanation.
Previous posts in timeline:
{prev_context if prev_context else "No

previous posts.”}

Current post to classify:
{current_formatted}

Classification:

Listing 2: QwenLLMMultistream Prompt template for
multistream mood change detection (S, E, O).

C Training and Implementation
C.1 Infrastructure

All models (excluding LLMs) were implemented
with PyTorch and trained on 2 NVIDIA A100-
PCIE-40GB GPUs using Focal Loss to address
class imbalance in labels of Moments of Change
- for single-task models. LLM models were all
implemented with 2 NVIDIA H100 GPUs.

Multi-task models used a combined loss of focal
loss and binary cross entropy (BCE) loss, giving
equal weighting to both losses and equal weighting
to the 3 streams in the BCE loss. The optimization
process used the Adam optimizer with gradient
accumulation of 4 steps. Training was carried out
with a maximum of 10 epochs, selecting the best
model in terms of macro-average F1 score on a
validation set using 5-fold cross validation. The
hyperparameter search space is described in Table
C.2.

C.2 Grid-search Used in Experimental Proce-
dure

We train and evaluate all our models on 3 seeds,
taking the average scores on the resulting test sets
- aside from the LLM baselines which were evalu-
ated with 1 seed. We evaluate on the same test
set proposed in the CLPsych 2022 shared task
for Reddit (Tsakalidis et al., 2022a). We per-
formed a grid-search on over the enlisted hyper-
parameters — selecting the best performing model
based on macro-average F1 score on the validation
set, and optimizing the model using focal loss with
a gamma of 2.0, training for 10 epochs, Learning
rate: 0.00005, LSTM/ Transformer hidden dimen-
sion: 512, €prior = Bprior= 0.001 for MHRoBERT
and eprior = SBprior= 0.01 for HORoBERT, chunk
size: 16, stride: 8.



